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ABSTRACT

Predictive modeling plays a vital role in stroke prediction, enabling timely intervention
in healthcare. It is inevitable that any form of prediction especially in the prediction of
stroke would require some form of predictive modeling that empowers timely
healthcare intervention. This work can be used for proposing evaluation criteria of the
stroke prediction model concerning the dataset size and feature influence. Two datasets
were used: the first one with 5000 data points, the program had a 90% accuracy while
the second with 1500 data points had 50% accuracy. Such transitions merged increased
the datasets to a combined percentage of 60% to the other’s benefit, proving the
importance of diverse datasets. Other measures pointing to the exploration of the feature
importance analysis include Average Glucose Level and Body Mass Index (BMI) that
are important in the accurate prediction of strokes. Therefore, these results present task,
data set attributes, and the importance of features as crucial factors to be taken into
account to build stable models. The nature of change in the difference in model
accuracy between two datasets shows that large samples produce higher model
accuracy. Future studies are likely to reveal improved models for different datasets and
different subpopulations in order to ultimately enhance process accuracy and
consequently stroke predictability as well as its effects on its patients. Understanding
these factors can help enrich such determinants among the health-care providers which
in turn would lead to improved ways of intervention and management of the risks
associated with stroke. As such, this study emphasis the possibilities of predictive
modeling to enhance the efficiency and effectiveness of the stroke prevention and care
by providing accurate and reliable predictions.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

The global burden of stroke, a devastating neurological event, remains a considerable
concern for public health around the world, with various implications for patients and
healthcare systems. In particular, the outcomes of a stroke are not limited to the risk of death
but manifest in sustained disability and deterioration of the quality of life for those who live.
As such, the need for stroke prediction has become more pressing than ever, and predictive
modeling has evolved into an integral part of modern healthcare. Thus, it is hoped that it can
assist in identifying the condition before it exacerbates. Nevertheless, the outcome of
predictive models is determined by a plethora of factors, the main of which is the
characteristics of the datasets that are used to build them. Dataset size, diversity, and quality
are the major issues that can affect model accuracy and generalizability, therefore, the careful

selection and creation of a dataset is the key point in modeling.

This research aims at a broad survey of the complex dynamics that regulate stroke prediction
through the perspective of predictive modeling.[1] We use two different datasets, each being
characterized by its own demographic and clinical profiles, to find the finer details in the
performance of the models among different data landscapes. Through the application of the
most reliable modeling techniques to these datasets, we intend to find the cause of the
variations in the predictive accuracy and to discover the factors that determine the efficiency

of the stroke prediction models.

Furthermore, our inquiry extends beyond mere model performance metrics to interrogate the
very essence of predictive power:[2] The personal characteristics of each driver are significant
in predicting the outcomes. By carefully conducting feature importance analysis, we are
trying to find the main predictors of stroke occurrence, thereby revealing the significant
routes that predictive models explore when they are trying to classify the complexity of

stroke risk assessment.

Through the integration of these findings, our study aims to produce a complete picture of the

elements that contribute to efficient stroke prediction modeling. Thus, we are
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trying to find the connection between dataset characteristics, modeling techniques, and feature
importance, which will give healthcare stakeholders actionable intelligence that can be used to
build a reliable and robust predictive model for stroke prediction. Through the proposed
research we hope to enable the development of new ways of treating and preventing stroke,

thus paving the way for the personalized and proactive healthcare delivery of the future.
1.2 Motivation

The importance of stroke, which is a major cause of death and disability worldwide, shows
that the necessity of good predictive models is urgent. Through the use of data- driven
insights, the stroke risk can be predicted and the interventions can be implemented in a timely
manner, thus, the adverse outcomes can be lessened. Nevertheless, the complexity of the

stroke etiology and the healthcare data is the main obstacle in the development of the models.

Our research aims to close these gaps by examining dataset characteristics, modeling
techniques, and feature importance in stroke prediction. By doing careful study, we hope to
discover the secrets of the most effective predictive modeling, and thus we will be able to
create strong stroke prediction models. Our motivation is based on our dedication to the
development of new healthcare technologies and the enhancement of the quality of life of

patients.

Through the use of predictive analytics, we can imagine a future where strokes are not only
foreseen but also prevented, thus changing stroke management and prevention strategies. The
main objective of our work is to create a common understanding of proactive risk assessment

and personalized interventions, which will enable people to live healthier lives.
1.3 Rational of Study

Stroke is a major public health problem all over the world, and it affects a lot of people,
families, and healthcare systems. Even though medical science is developing, the number of
strokes and their impact are still increasing, which means that new ways of prevention and

management of stroke must be found.[3] Predictive modeling is a very
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promising way of dealing with this problem by allowing the early detection of the ones who

are at risk of stroke and thus the targeted interventions

On the other hand, the success of predictive models in stroke prediction depends on the
characteristics of the datasets used for model training and the relevance of the features
included in the modeling process.[4] The main reason for this study is to find out how these

factors affect the accuracy and generalizability of the models for stroke prediction.

Through the systematic analysis of the impact of dataset size, diversity, and feature
importance on model performance, this study aims to reveal the main factors that determine
the efficacy of stroke prediction models.[5] We, by a detailed analysis of these factors, aim to
provide information for the creation of stronger and more dependable predictive models that

can identify people who are at risk of stroke.

Moreover, this study will illuminate the relationship between the dataset characteristics, the
modeling techniques, and the feature importance to add to the general discussion on predictive
modeling in healthcare. Through the study of the influencing factors of the model
performance in stroke prediction, we will be able to contribute to the development of better
stroke management and prevention methods, thus, better patient outcomes will be achieved

and the healthcare systems will be relieved from the burden.
1.4 Research Question

e What are the dataset characteristics, such as size, diversity, and feature importance,
that affect the accuracy of the predictive models for stroke prediction?

e How does the dataset size affect the performance and the generalizability of stroke
prediction models, and what is the impact of this on the scalability of model
outcomes?

e How much does the diversity of the dataset contribute to the robustness and reliability
of the predictive models in accurately identifying the individuals at risk of stroke in
different demographic and clinical profiles?

o What is the role of feature importance in the stroke prediction models, and how does
the different degree of feature relevance affect the model performance?

e What are the ways in which different modeling techniques, such as random forest,

support vector machine, and decision tree classifier, combine with the
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characteristics of the dataset to determine the accuracy and generalizability of stroke
prediction models?

e Are there any recognizable patterns or trends in the key predictors of stroke
occurrence discovered through the analysis of feature importance, and how do these

predictors vary across different datasets and modeling approaches?

1.5 Expected Output
Insights into Dataset Characteristics:

« The next step in the research is to examine the features of the data set, such as the size
and the diversity, and to find out the subtle patterns that affect the model performance.

e Analysis of the effect of the dataset variability on the predictive accuracy, which is
aimed at the identification of the optimal dataset configurations for the robust model
performance.

Model Performance Enhancement:

« The investigation of ways to improve model performance and the reduction of dataset
variability, such as the techniques for data preprocessing, feature engineering, and
model ensemble strategies.

o The assessment of the effectiveness of the model combination methods, for example,
the ensemble learning techniques, in enhancing the predictive accuracy on different
datasets.

Interpretation of Feature Importance:

e The interpretation and analysis of the feature importance results, which aim to
identify the main predictors of stroke occurrence and their relative contributions to the
accuracy of prediction.

e Analysis of the consequences of the feature importance results for model
improvement and feature selection in stroke prediction models.

Comparative Analysis of Modeling Techniques:

e The study of the comparative evaluation of different modeling techniques, such as
random forest, support vector machine, and decision tree classifier, to find out their

effectiveness in stroke prediction.
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A study into the strengths and weaknesses of each modeling technique, with a special
emphasis on the identification of the most appropriate ones for the accurate and

generalizable stroke prediction.

Recommendations for Future Research:

Consolidation of findings to come up with practical advice for future research projects
in stroke prediction modeling.

Identification of the key areas for further research, such as the optimization of the
model performance across different datasets and population demographics and the

investigation of new modeling techniques and feature engineering strategies.

Implications for Healthcare Practice:

The translation of research findings into actionable insights for healthcare
practitioners, on the one hand, emphasizes the importance of robust predictive models
in stroke risk assessment and intervention planning, on the other hand.

The possible effects of the development of better stroke prediction models on clinical
decision-making and patient outcomes are to be discussed, emphasizing the need of

early intervention in stroke prevention and management.

Contribution to the Field:

The study's results were discussed in terms of the wider implications of the study for
the field of predictive modeling in healthcare, with the analysis of the dataset
characteristics and the feature importance in the model development.

Explanation of the study's role in the development of the knowledge and the
understanding in the field of stroke prediction, and its possible use in the future

research and clinical practice in the important area of healthcare.

1.6 Project Management and Finance

Project management and finance are crucial parts of any research work, including the study

on stroke prediction models. In this project, careful planning and execution are the main

factors that guarantee the successful completion of tasks within the given time and budget. A

full project plan describes the main milestones, deliveries, and resources, thus, the team

members can work together and coordinate easily. Financial planning is
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the process of preparing the budget, allocating the resources, and monitoring the expenses to
make sure that the project is financially sustainable throughout its lifecycle. Risk management
strategies are used to discover, evaluate, and reduce the potential risks and uncertainties that
may affect the project outcomes. Stakeholder engagement is the key to the alignment of
project goals and expectations, while adherence to ethical guidelines ensures the responsible
conduct of research. Evaluation and reporting mechanisms allow for the ongoing monitoring
of project progress and the sharing of findings with the relevant stakeholders, thus, the
advancement of knowledge and informed decision-making in the field of stroke prediction is
ensured. With the help of good project management and finance, this study aims to achieve
results that will have a positive effect on the knowledge and the outcomes in stroke

prevention and management.
1.7 Report Layout

The report layout is designed to give a clear and coherent presentation of the research results.
It starts with a title page, which contains the report's title, author(s), affiliation, and date. The
abstract summarizes the study's objectives, methods, findings, and conclusions in a short but
comprehensive manner. A table of contents is then followed by the list of the main sections
and subsections of the report, which makes it easy to navigate. The introduction part gives the
context by presenting the background information, stating the research objectives and
justifying the reasons behind the study. This arrangement helps the readers to quickly find and
understand the main parts of the research report, thus, the clarity and coherence of the report

IS maintained.
Chapter 1: Introduction

The introductory chapter sets the stage for the research, providing a background on the
significance of pneumonia detection, the application of transfer learning and deep CNNs, and
the need for a comparative analysis of detection and segmentation approaches. It outlines the
research questions, objectives, and the overall framework of the study.
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Chapter 2: Background

In the background chapter, a detailed exploration of relevant literature and prior research is
presented. This section offers an in-depth understanding of the theoretical foundations,
methodologies, and technological advancements related to pneumonia detection, transfer
learning, and deep CNNs. It establishes the context for the current study and highlights gaps

in existing knowledge.
Chapter 3: Research Methodology

The research methodology chapter outlines the approach taken to conduct the study. It
provides insight into the research design, data collection methods, model architecture, and the
rationale behind choosing specific methodologies. The chapter also discusses ethical

considerations and any limitations that might impact the study.
Chapter 4: Experimental Result

This chapter presents the experimental results obtained from the application of transfer
learning and deep CNNSs in pneumonia detection. Detailed analyses of the performance of
different detection and segmentation approaches are provided, along with visual

representations and statistical measures to validate the outcomes.
Chapter 5: Impact on Society

The societal impact chapter explores the broader implications of the research findings on
healthcare and medical diagnostics. It discusses how improved pneumonia detection methods
can positively influence patient care, treatment outcomes, and the overall state of public
health. Consideration is given to potential advancements in technology and their societal

implications.

Chapter 6: Summary, Conclusion, Recommendation, and Implications for Future

Research

This final chapter serves as a synthesis of the entire report. It summarizes the key findings,
reiterates the conclusions drawn from the research, and offers recommendations for practical
applications and further studies. The implications for future research are discussed, providing

a roadmap for researchers interested in expanding upon the current study.
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This structured layout ensures a logical flow of information, guiding the reader through the
research journey from the introduction to the broader implications and recommendations. It
allows for a comprehensive understanding of the research process and its potential impact on
both the academic and practical aspects of pneumonia detection with transfer learning and
deep CNNE.
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CHAPTER 2

BACKGROUND STUDY

2.1 Preliminaries

This study which is titled “Enhancing stroke prediction dataset performance. Through dataset
merging and analyzing important feature” assesses the vital domain of stroke prediction aiming
to evaluate the effectiveness of different modeling techniques and dataset characteristics in
the improvement of the predictive accuracy. The research first explains the role of reliable
stroke prediction in the financial markets and its influence on investment choices.[6] The
method of the study is a thorough one in which the predictive modeling techniques are used
on two different datasets that differ in size and composition to evaluate their accuracy and
their ability to generalize the stroke movements. The first dataset size of 5000 data points
shows strong predictive performance with a model accuracy of 90%. On the contrary, the
second dataset, with a smaller sample size of 1500 data points, has a lower predictive
capability and a model accuracy of 50%. The significance of a merged dataset to reduce
dataset variability and the optimization of model performance is shown by the amalgamation
of both datasets. After the merging of this dataset, the modeling reveals a medium predictive
ability, with a model accuracy of 60%. Interestingly, the first model that was trained on a larger
dataset has a higher accuracy, but when it is used for a smaller dataset, its performance is not
as good, hence, the importance of the dataset size and diversity in the development of robust
stroke prediction models is proven.[7] Additional research includes the formation of three
separate code sets that combine several models like the random forest, support vector
machine, and the decision tree classifier using the voting classifier. [8] These achievements
result in high accuracies, which are higher than 90% for the first dataset, over 50% for the
second dataset, and higher than 61% for the merged dataset. Besides, a feature importance
analysis performed on the merged dataset shows the main predictors of stroke movement, for
instance, the factors of market sentiment, historical price data, trading volume and economic
indicators. These findings present the way to the knowledge of different modeling techniques
and dataset characteristics in stroke prediction, which makes it possible to do more
research to improve model performance and study the investment strategies in dynamic

financial markets.
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2.2 Related Works

The comparative study carried out in this research provides a thorough analysis of how
different modeling techniques and dataset characteristics behave in the field of stroke
prediction. The study focuses on predicting the occurrence of a brain stroke using machine
learning algorithms. It discusses the implementation of six different classification algorithms
and compares their performance. The best-performing algorithm is found to be Naive Bayes
Classification, with an accuracy of approximately 82%. The paper also describes the
development of a web application and a flask application to make the model user-friendly for
input and result display. [9]. The research paper is to apply machine learning techniques to
identify, classify, and predict strokes based on medical information. [10]. Nevertheless,
another research different distributed machine learning algorithms for stroke prediction on the

Healthcare Dataset Stroke using Apache Spark as the big data platform. [11]

Besides, the research digs deep into the area of model ensemble methods, thus, it discovers
interesting facts through the creation of three individual code sets. These codesets cleverly
mix up several models, among which are the strong random forest, the versatile support
vector machine and the intuitive decision tree classifier, as well as the advanced voting
classifier technique. The goal of the paper is to compare the performance of deep neural
network (DNN) with other machine learning (ML) algorithms for predicting stroke
occurrence using a large-scale population-based electronic medical claims (EMCs) database.
[12]

2.3 Comparative Analysis and Summary

The comparison of the prediction models in the field of stroke comes up with a boast for both
skilled assessment and acknowledging the distinct hallmarks. The analysis of the study
entailed a comparison between the two datasets of Kaggle,[13] [14] which were obtained
from well-studied research. The first dataset consisting of a data set of 5000 data points
achieved inhuman accuracy level of 90%, depicting the predictive might of the model. From a
different angle, the other study, which involved the analysis of 1,500 observations, was

characterized with an accuracy of 50% indicating a potential
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variance in the models' predictive abilities. Eventually, combining these datasets together for
a cohesive corpus of 20000 data points, we were able to attain a confirmatory model accuracy
of 60%. In conclusion, this comparison study suggests that the choice of dataset factors, such
as data size and composition can be a critical determinant of prediction model performance.
Though a multitude of the datasets helped present the data in a broader view, at the same
point it carried along with it the trade-offs about the prediction accuracy. Through extraction
and analysis of these differences, we eloquently illustrate how datasets requirements and
model tuning interact synergistically and what implications it has on the process of optimizing

stroke prediction methods.

TABLE 2.3.1: Comparative Analysis Table

Paper title Algorithms Accuracy
Prediction of Brain Random forest(RF) 91.11%

Stroke Severity Using | C4.5 decision tree
Machine Learning

Stroke Prediction Decision Tree, Support Vector Machine, 90%
using Distributed Random Forest Classifier, and Logistic

Machine Learning Regression,

Based on Apache

Spark

Comparing Deep Deep neural network (DNN) with other 90.8%

Neural Networksand | machine learning (ML)
Other Machine
Learning

Algorithms for Stroke
Prediction in a Large-
Scale Population-
Based

Electronic Medical

Claims Database..

An Explainable machine learning (ML) classifiers, including 73.5%

Machine Learning Logistic Regression (LR), Random Forest
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Pipeline for Stroke (RF), XGBoost, K-Nearest Neighbors (KNN),

Prediction on Support Vector Machine (SVM), and Multi-
Imbalanced Data Layer Perceptron (MLP)
Performance Analysis | Logistics Regression, Stochastic Gradient 97%

of Machine Learning | Descent, Decision Tree Classifier, AdaBoost
Approaches in Stroke | Classifier, Gaussian Classifier, Quadratic
Prediction Discriminant Analysis, Multi-layer Perceptron
Classifier, KNeighbors Classifier, Gradient

Boosting Classifier, and XGBoost Classifier,

2.4 Scope of The Problems

The research concerns the broad field of the problem which includes the most complicated
issues of stroke prediction in the financial markets. The prediction of stroke is a big problem
because of the nature of volatility, complexity, and unpredictability of the market. Accurate
prediction models are the necessary instruments for investors and financial analysts, they are
the guiding lights that point to the possible market trends, risks, and opportunities.[15]
Nonetheless, the creation of reliable prediction models is a very difficult task, which, in
addition, involves problems like dataset variability, model selection, and feature importance.
This study covers the issue of these problems in a large way, by examining the impact of
dataset characteristics like size, diversity, and quality on prediction accuracy. Besides, the
research also seeks to assess the effectiveness of the different models, from the old ones like
regression analysis to the new and more advanced ones like the neural networks. Apart from
that, the study aims to explore the meaning of feature selection and its importance in the
context of improving prediction performance, thus providing actionable insights to enhance
stroke prediction models. Through the investigation of such difficulties and problems, the
research aims to develop the development of stroke prediction techniques and thereby, to help
the investment decisions to be made in the changing and competitive world of the financial

markets.
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2.5 Challenges

Many difficulties stand in the way of the creation and deployment of efficient stroke
prediction models in the financial markets.[16] First of all, dataset variability is a big problem
that is caused by the fact that financial data can be dirty, incomplete, or even manipulated.
Quality, integrity, and representativeness of datasets are the key factors for the construction
of reliable prediction models. Besides, the selection of modeling techniques is another of the
difficulties that one has to face, there are so many of them ranging from the statistical
methods to the machine learning algorithms. The choice of the most appropriate modeling
technique should be made keeping in mind the data characteristics, the model interpretability,
and the computational resources. Besides, the curse of dimensionality makes the feature
selection and the importance analysis difficult because financial data usually has a lot of
variables, some of which may be irrelevant or redundant. The identification and prioritizing
of the relevant features that make the predictive accuracy is a main factor of the model
efficiency. Besides, the financial markets are always changing which makes it hard for the
classical modeling methods to depict the time-related and non-linear relationships. The
inclusion of these intricate factors into the prediction models demands the use of complicated
modeling methods and strong validation techniques. Last but not least, the market
inefficiencies, irrational behavior, and unforeseeable events are the factors that create
uncertainty and risk in stroke prediction and hence, the models find it difficult to predict the
market trends. The problems that come with the development of these models need a
multidisciplinary approach that includes domain expertise, advanced statistical methods, and
computational techniques in order to create reliable and accurate stroke prediction models

that are able to deal with the complexities of the financial markets.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Research  Subject and Instrumentation

Research Subject:

The subject of the research of this study is centered on the prediction of stroke in the
healthcare sector. The study primarily explores the reliability and the extent of the stroke
prediction models by means of predictive modeling techniques. These models are constructed
and tested on two different datasets that contain information on stroke risk factors and patient

demographics.

The research uses the techniques of various predictive modeling, e.g. random forest, support
vector machine, decision tree classifier, and other ensemble methods as the instrumentation.
These methods are employed by programming languages like Python and R, and they use

libraries such as scikit-learn and TensorFlow for the model development and evaluation.

Moreover, feature importance analysis is performed to discover the main predictors of stroke
occurrence in the data sets. This is a process of comparing the importance of different
features, like average glucose level, BMI, smoking status, age, work type, heart disease,

gender, residence type, hypertension, and marital status, in different models.

The research subject is mainly about stroke prediction, and the instrumentation is made of the
predictive modeling techniques and feature importance analysis to evaluate the accuracy and
generalizability of stroke prediction models.

Instrumentation:

Comparable to the stroke prediction study, instrumentation designates the approaches and
techniques utilized in order to collect, process, and analyze the data for modeling purposes.
The methods applied in our instrumentation are aimed at detecting the level of complexity of
the predicting task, as well as the characteristics of the datasets used, that can help to reach
the highest target of the accuracy.

©Daffodil International University 14



In our data collection process, we utilized structured Kaggles datasets maintained in Kaggle,
providing us with relevant and reliable datasets for our analysis. Collection of these datasets
was precise which was comprised of the vital features e.g., age, gender, medical history,
lifestyle factors, and clinical indicators that are associated with the risk of stroke disease.

Data processing in our case relies on multiple statistical and computer programming
techniques ranging from data cleaning and normalization to formation of an input model for
the predictor. The main signal of this was in case of taking care of the lost data, standardizing
numerical features, encoding categorical variables, and doing feature engineering in order to

extract the meaningful information.

We employed predictive modeling by using different types of algorithms, for example,
decision tree and support vector machine. Also, random forest was among the classifiers that
we used. Employing ensembling methods such as voting classifiers enabled to consolidate the

advantages of different models and the consequent enhancement of the predictive power.

Lastly, feature importance analysis was conducted in order to pinpoint the ones which made
the biggest impact on the risk of having a stroke, bringing more light on the aspects of the

model which contribute the most to its accuracy.

All in all, our instrumentation covers an array of approaches that determine factors to be
specific to the vulnerability of stroke. In doing so, the analysis is informed by facts and the

conclusions are innate.
3.2 Data Collection Procedure:
A. Datasets

In our research about stroke forecasting of ours, we worked with two datasets which were
derived from Kaggle,[13],[14] the popular source for open-set datasets. The curation of each
dataset was tailored to capture a range of population diversity, and clinical, and lifestyle

variables that are significant in stroke risk assessment.

The 5000-data points dataset comes with information that ranges from age, gender,

hypertension record, heart disease history, average glucose level, body mass index
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(BMI), smoking status, job type, living type, and marital status. The dataset was leveraged for

the training and the development of predictive models (Dataset 1).

Besides, the other dataset comprises 1500 data points that are also connected with similar
characteristics but with some variations in the distribution of variables. This dataset was
much smaller in comparison but it provided an additional look at stroke risk factors and it

validation set was utilized for model evaluation (Dataset 2).

The synergistic data points in the two datasets were used to merge them into one dataset with a
combined data size of 20,000 data points. Merging this dataset has given us the power to have
an even more in-depth investigation as a result of the increased number of participants
included in the sample as well as using a broader range of individuals involved, which is

making our predictions more precise and reliable (Merge Dataset).

The datasets in our study, in general, furnished a prominent source of data for discovering the
intricacies of stroke occurrence, allowing us to establish and assess those models of
prediction to be applied in the clinical outfits, which are accurate and reliable for timely

intervention and the management of risk...
B. Process of Experiments

The experiment process in our study was scientifically constructed with the aim to verify
predictive models for stroke prediction. First, we performed a fussy data gathering, whereby
we obtained from Kaggle, two different datasets related to various demographic and health
parameters. The next step was the implementation of the data preprocessing routines to
reduce the noises, standardize features, and handling the inconsistent data. The algorithms
that were employed include the random forest, support vector machine, the decision tree
classifier to train forecasting models on the datasets at an individual level. These models were
subjected to rigorous performance- based testing using various metrics, e.g. accuracy,
precision, recall, and F1-score, to evaluate how well they can predict unknown samples. An
attempt to increase model robustness is the merging the datasets together to make one
comprehensive dataset, which allowed for a comprehensive stroke prediction analysis. The
fine-tuning of models has been followed by the choice and optimization of features, and
research on the integration ensemble models into the aim to enhance predictive accuracy. The
validity of the models was improved through the cross-validation process which in turn
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enabled the use of these models across different datasets with diversified population
demographics. The analytical process was carried out by the comparison of the model
performance with the dataset size, feature importance and the predictive accuracy that could
lead to the extraction of meaningful information “and conclusion. All in all, we employed a
thoroughly designed methodology with packet sniffer and ML models to develop the reliable

and precise prediction models that help identify the stroke patients.
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Figure 3.2.1: Data visualization for the first dataset
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Figure 3.2.2: Data visualization for the first dataset
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Figure 3.2.3: Visualizing the data balance of the target variable for the second dataset
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Figure 3.2.4: Creating subplots for each numerical feature for the second dataset
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Figure 3.2.5: Creating subplots for each numerical feature for the merged dataset

©Daffodil International University

18



Q-Q Plot for Age

8

Sample Quantiles
8

N
S
| "—

0 20 40 60 80
Theoretical Quantiles

Figure 3.2.6: Checking the distribution of independent variables for the merged dataset
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Figure 3.2.9: Data Analysis based on Stress LDL for the merged dataset

Results:
The outcome of our research let witnessed to the substantial fact of the accuracy and
performance of predictive models in stroke forecast. As a first step, when trained and tested
on isolated datasets, models exhibited different levels of correctness. The model training on
the first dataset leads to a high accuracy of 90%, which suggests a very good predictive
capacity of our model. Interestingly, the model trained on the second dataset was proven to be
only accurate to 50%; hence, the implication of the dataset characters was also noticed. In
contrast, the accuracy level of the model after fusing datasets reached 60% which is showing
the model's enhancement of predictive ability. Consequently, this employs a generalized
representation of data, which lowers the impact of dataset variability and enhances model
performance as a result. Besides this, feature importance analysis showed that the important
variables used in the model are average glucose level, body mass index (BMI), and smoking
status among other. These conclusions emphasize very crucially the importance of feature
selection and data diversity for a robust predictive model. Additionally, comparison of various
models and different combination techniques offered additional information about different
modeling approaches, which helped to determine the optimal model for the purpose of this
study. To be more precise, these outcomes highlighted not only the possibility of machine
learning in stroke prediction but as well as the useful practice of data-driven approaches in

health care for better healthcare outcomes.
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For Dataset 1, here are the result table:

TABLE 3.2.1: Dataset 1 result table

Model Accuracy Precision Recall F1 Score
Random Forest | 50.83 48.50 38.11 42.68
Logistic 50.96 50.24 46.08 48.07
Regression

K Neighbors 50.65 48.98 48.17 48.57
For Dataset 2, here are the result table:

TABLE 3.2.2: Dataset 2 result table

Model Accuracy Precision Recall F1 Score

Random Forest | 95.18 90.58 95.18 92.82

Logistic 95.27 90.60 95.27 92.95

Regression

K Neighbors 95.10 90.52 95.10 92.78
For Merge Dataset, here are the result table:

TABLE 3.2.3: Merge Dataset result table

Model Accuracy Precision Recall F1 Score

Random Forest | 61.75 61.33 61.75 61.51

Logistic 62.17 60.05 62.17 60.10

Regression

K Neighbors 62.05 61.98 62.05 62.01
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[ ] model = RandomForestClassifier(n_estimators=18@, random_state=42)
test_model(model, "Random Forest Classifier")
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Figure 3.2.10: Result for Random Forest Model
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Figure 3.2.11: Result for Support vector machine (SVC)

@ model = DecisionTreeClassifier(random_state
test_model(model, "Decision Tree Classif

2, max_depth=5)

—> ©.9491525423728814

True label

Predicted label

Figure 3.2.12: Result for Decision Tree Classifier
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[ 1 model = KNeighborsClassifier(n_neighbors=15)
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Figure 3.2.13: Result for KNeighbors Classifier

3.3 Statistical Analysis

The statistical analysis carried out in this study was crucial in the assessment of the models
accuracy, performance and the main factors that influenced the stroke prediction. Descriptive
statistics were calculated to present the mean and variability of numeric variables that were
contained in the datasets. These precautions helped the researchers to obtain the information
about the data on the way it was scattered and the characteristics of the data. The model
evaluation metrics, for instance, accuracy, precision, recall, and F1-score, were used to test
the performance of the predictive models. Feature importance analysis was carried out to find
the most influential predictors of stroke occurrence, which showed that the factors like the
average glucose level, the body mass index, the smoking status, the age, the work type, the
heart disease, the gender, the residence type, the hypertension, and the marital status were the
most significant. The study also comprised a comparative analysis, which was the process of
the performance evaluation of the different predictive models developed through the use of
different algorithms and feature sets. On the other hand, voting classifiers that are based on
random forest, support vector machine, decision tree classifier, and other models turned out
to be quite successful in terms of accuracies. They gave results that were above 90% for the
first dataset, more than 50% for the second dataset, and over 61% for the merged dataset.
Validation methods, for instance, k-fold cross-validation, were used to make sure that the
models are reliable and applicable. Generally, by applying the rigorous statistical analysis,
this study gave the valuable, the performance, and the factors that affect the stroke prediction
models, and thus, made the progress in the stroke prevention and the intervention in the

healthcare.
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3.4 Proposed Methodology

The methodology of the study in this project is based on a systematic procedure that is made

for the development and evaluation of stroke prediction models. [16]

To start with, the two datasets from Kaggle were selected, which had vital information on
stroke risk factors and patient demographics. These datasets were treated with careful
preprocessing procedures, which were the treatment of missing values, outlier detection and
treatment, and the normalization of numeric variables, therefore, ensuring the data quality and

consistency.

Initially, each dataset, which had 5000 and 15000 data points respectively, was analyzed
using the individual predictive models. The first dataset had a very high model accuracy of
90%, which means it was a very good predictor, and the second dataset had a very low
accuracy of 50%, which means it was not a good predictor. The main thing that had to be
done was to merge the two datasets into a joint dataset which consisted of 20,000 data points.
This was done to improve the model performance and to take into account the variability of
the dataset. The integration of these methods led to the creation of a more complete and
diverse data set for future modeling projects. [17] Still, the last model accuracy for the merged
dataset was 60%, which means that it had an intermediate predictive ability compared to the
initial high accuracy of the larger dataset's model. Although the prediction accuracy was
weakened, the merger made it possible to include a broader range of data which was

necessary for the recognition of the many stroke risk factors and patient demographics.

Then, predictive modeling methods such as random forest, support vector machine, and
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decision tree classifier were employed to develop the stroke prediction models. Three
different code sets were made, each of which was an amalgamation of different models using
the voting classifier approach. These models were trained and evaluated using the appropriate

metrics such as accuracy, precision, recall, F1-score, and AUC-ROC.

Furthermore, the feature importance analysis was carried out to find out the main predictors
of stroke occurrence in all the datasets. Major traits were the average glucose level, body mass
index (BMI), smoking status, age, work type, heart disease, gender, residence type,

hypertension, and marital status.

Thus, the proposed methodology reveals the importance of the dataset size and diversity in
creating robust stroke prediction models. It underlines the iterative nature of model
development, which requires continuous research to improve the performance on different
datasets and population groups.[18] Through the use of cutting-edge modeling techniques and
in-depth feature analysis, this approach aims to make a big contribution to the development of

stroke prediction methodologies in healthcare.
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Figure 3.4.14: Proposed Methodology
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Accuracy:

The accuracy of the predictive models certainly changed with the datasets and modeling
techniques they had. At the start, the models and evaluations were accomplished on data sets
separately, and each showed their own level of accuracy. The model that was trained on the
first dataset yielded an accuracy of 90%, which revealed the good cause of predicting. On the
contrary, the model introduced by the second dataset produced lesser accuracy which was
reported to be 50%, thus, indicating the possibility of poor predictive capability caused by
dataset features. But instead the accuracy got as high as 60% after the datasets had been
merged to get a combined dataset, that was better in prediction ability than the single dataset.
such combination actually offers a more thorough representation and the variability overall is
compensated for and model performance is improved. Generally, the precision of the
predictive models would illustrate the efficacy of these models in identifying people at the risk
of having a stroke which portends the possible likely of use the predictive models in clinical

practice targeted for immediate intervention and preventative care.
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3.5 Implementation Requirements

Through the analysis of two Kaggle datasets with 5000 and 1500 data points and a predictive
model accuracy of 90% and 50% respectively it is simple to show the impact of the same size
or different diverse dataset. From this fact, it can be understood that by combining these
datasets into one that has 20,000 data points, one gets an accuracy of 60%. There is a strong
focus on data preprocessing, model creation, and features since the project focuses on

improving the efficiency of stroke prediction.
The required tools for this model are detailed below:

e Windows 10

Ram 8 GB

SSD 500 GB

Google Colab, Jupyter Notebook
Python 3.9
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CHAPTER 04

EXPERIMENTAL RESULTS

4.1 Experimental Setup

The experimental setup for this study consist of a careful procedure of the use of the
predictive modeling techniques for stroke prediction, the datasets that are collected from
Kaggle are used for this. There is a dataset with 5000 data points and it has a model accuracy
of 90%, and another dataset of 1500 data points, its model accuracy is only 50%, so it is clear
that the dataset variability is a big factor affecting the model performance. To tackle this
issue, the data sets were merged, and thus, a merged dataset with 20,000 data points was
created. An intermediate model accuracy of 60% was achieved with this combination. The
merging of these processes had the objective of increasing the representation of the data

though the accuracy was somewhat diminished.

After the merging of the datasets, three different codesets were developed, which included
several models like the random forest, support vector machine, and decision tree classifier,
and the model classifier was based on the voting classifier approach. These codesets were
designed to improve the predictive performance and accuracy of the system, more than the
results of the individual datasets.[19] The same experiment also covered the feature
importance analysis on the merged dataset to find out which factors are the crucial players in
the stroke occurrence. Determinants that are the main predictors are the average glucose
level, BMI, smoking status, age, work type, heart disease, gender, residence type,
hypertension and marital status.

Thus, the experiment deals with the systematic approach to the data processing, the model
building, and the feature analysis. The main point of the given sentence is that it proves the
importance of the dataset size and diversity in developing the stroke prediction models and it
also shows the need for more research to make the model better at different datasets and
population. The setup of the project also needs to be carefully thought about, as the model
selection, parameter tuning and the validation techniques are very important to make the

predictions reliable and effective.
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4.2 Experimental Results & Analysis

The experimental outcomes of this research give us important findings on the usefulness of
the stroke prediction models that were created with different datasets and modeling
techniques. The first dataset with 5000 data points yielded a 90% accuracy, while the second
dataset with 1500 data points had a 50% accuracy, thus proving the impact of dataset size on
predictive performance. After merging these datasets to make a total of 20,000 data points, the

resulting model accuracy became 60%, which shows the intermediate predictive skill.

More on this subject, it is found that the first model, which was trained on the bigger dataset,
was more accurate, but its performance decreased when it was applied to the smaller dataset.
This shows that the size and diversity of the dataset are of great importance in the creation of
models that can accurately predict the strokes. Although the predictive accuracy was
downgraded with the merged dataset, the union of the two sets enabled a wider description of
the data, which is essential for the identification of the many stroke risk factors and the

demographics of the patients.

Besides, the incorporation of three individual codesets consisting of different models
including random forest, support vector machine, and decision tree classifier and using a
voting classifier approach has led to the significant enhancement of the prediction
performance. To give an example, the first codeset obtained an accuracy of more than 90%,
which proves the efficiency of the model integration and ensemble learning method. Thus,
the second codeset has the same level of accuracy as the first one, which is more than 50%,

proving the usefulness of the different modeling methods.

Moreover, the feature importance analysis conducted on the merged dataset proved to be the
major contributor to the finding of the key predictors that influence stroke occurrence, like
the average glucose level, body mass index (BMI), smoking status, age, work type, heart
disease, gender, residence type, hypertension, and marital status. The analysis gives us a great
view of what features are the most important and how to modify the model to make it better.

In conclusion, the experiments show the complex interaction between the dataset traits, the
modeling approaches, and the predictive performance in stroke prediction. They underline the
fact that further research is required to improve the performance of models on different datasets
and population groups, and thus, to make the stroke risk assessment and intervention methods
more effective in clinical practice.
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4.3 Discussion

The experimental outcomes demonstrate the importance of the dataset characteristics and the
modeling techniques in the prediction of the stroke. Although the size and the quality of the
dataset are the main factors of the model accuracy, the dataset merging is a tradeoff between
the predictive performance and the dataset representation. The ensemble learning methods are
showing the way to the improvement of the predictive accuracy at different types of datasets.
Feature importance analysis finds out the important predictors of the stroke which helps in
the improvement of the model. Nevertheless, the study's use of retrospective data and the
possible biases, make the study's results be cautious. More research in future should be
concentrated on improving model performance for clinical use through the use of advanced

techniques and validated methodologies.
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CHAPTER 5

IMPACT ONSOCIETY

5.1 Impact on Society

The stroke prediction models influence not only healthcare but also other parts of society and
public health. These models are the key to the identification of people who are at high risk of
stroke, and hence they open the way for early intervention and the preventive strategies.
Through the use of data-driven approaches and advanced algorithms, such as those used in
this study that applied Kaggle datasets, these models provide a great tool for the healthcare

practitioners to proactively manage stroke risk in their patient populations.

The results of this research highlight the complex connection between the dataset features
and the predictive performance. The first dataset shows the high accuracy of 90% and the
second dataset has a lower accuracy of 50%, which shows that the size and quality of the
dataset is the main issue. The combination of these datasets to form a huge dataset of 20,000
data points, with a resultant accuracy of 60%, shows the fine line between the dataset
representation and the predictive power. The combination helps to increase the stroke risk
factors and demographic distinctions, but it also requires the attention of the possible

compromises in the predictive accuracy.

Besides, the effect of stroke prediction models on society is beyond the scope of the
individual patient care. These models can be used to guide public health initiatives and policy
decisions by providing information on the population-level stroke risk factors and trends. By
using the feature importance analysis to discover the key predictors like average glucose level,
BMI, and smoking status, these models provide the actionable insights for the targeted

interventions and resource allocation.

In the end, the societal impact of stroke prediction models is the fact that they can reduce the
burden of stroke-related morbidity and mortality on the population level. Through the use of
tools and knowledge that are able to identify and tackle stroke risk factors early, these models

help in the improvement of the health status and quality of life of people and communities.
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5.2 Impact on Environment

Although the short-term effect of stroke prediction models on the environment may not be
apparent, their indirect consequences can be regarded as the foundation of environmental
protection and conservation. These models, on the other hand, make early interventions and
preventive measures possible, which in turn, decreases the number of strokes and thus, the
demand for healthcare resources and structures. Hence, medical supplies and energy could be
put to use more efficiently, and the environmental footprint linked with healthcare could be

lessened as a result.

Moreover, the use of data-driven approaches in healthcare, in which the creation and
application of the stroke prediction models are some of the instances, directs the healthcare
towards the sustainable healthcare. The use of digital technologies and data analysis for the
transformation of patient care pathways and the allocation of the resources will be the road to
the reduction of the waste and the inefficiencies of the healthcare systems. Thus, the

conclusion will be the decrease of the environmental impact of the healthcare systems.

Additionally, the stroke prediction models give the necessary information that can be used to
set up the public health programs which are the actions to change people's lifestyles and get
rid of environmental risk factors. For example, the connection between some lifestyle factors

such as SM communication technology offers potential:
1. the greater spread of environmentalists’ and conservationists' ideas
2. the greater facilitation of conservation efforts due to online communities.

The stroke prediction models, on the whole, have a direct effect on the environment in a few
ways but indirectly they boost the sustainability of the healthcare practices and the public

health interventions which are good for the environment and the ecosystem in the long run.
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5.3 Ethical Aspects

The construction and use of stroke predicting models are associated with ethical issues that
require serious analysis. First of all, there is a major worry for the patient's privacy and the

confidentiality of his/her data. The data on which these models work are very

sensitive; therefore, the protection of patient information from the unauthorized access and
misuse is a must. Ethical data handling methods, which are mainly regarded as
anonymization and encryption, are the crucial factors to be considered in order to protect the

confidentiality and trust of the patient.

Besides, the issue of bias in these models is the cause of the ethical questions. Unfair data and
algorithms may continue the healthcare disparities in the delivery and outcomes of biased to
the marginalized or the underrepresented groups. Featuring bias elimination through careful
data gathering, the equitable representation of different groups and the transparency of the

algorithm is the key to the fair prediction of the model.

In addition, the two basic ethical principles of transparency and informed consent are the
necessary conditions for the prediction models to be used. Patients should be well aware of
the motives, boundaries, and possible outcomes of the use of these models in their care.
Healers should converse with patients freely, thus enabling them to make the best decisions,

and knowing the role of predictive analytics in their treatment.

Besides, the ethical duty of healthcare professionals to retain the clinical autonomy and
practice well-reasoned judgment is of great importance. Although the predictive models give
people a lot of helpful information, they should be used to support but not replace the
decision-making of the physicians. The health care providers must be still the ones to
interpret the predictions of the model and also have to take into the bigger picture of the

patient, his values, and preferences.

Besides, there are also ethical issues with the marketing and ownership of predictive models.
The tryil of these technologies, especially to the underserved populations, is the key to the
preventing of the worsening of the healthcare disparities. Besides, the openness to the process
of model making, testing and performance measures is the basic for the trust and the credibility

in the health care system.

To sum up, the ethical concerns are vital in every phase of the development, deployment and
use of stroke prediction models.
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5.4 Sustainability Plan

Issues of the sustainability of the stroke prediction models need to be considered with a
number of strategic approaches in place to have them effective and relevant in the clinical
setting as time goes on. Another important factor is data collection and integration that allows
to update models continually with the freshest data from patients’ monitors and healthcare
departments. This entails setting up of partnerships with health care institutions for access to
relevant real-time data streams and implementing competent data management system for

handling large volumes of the data coming from multiple data sources.

Secondly, continuous model evaluation and refinement are essential to enhance the ability to
take into account groups with new stroke cases and identifying the new risk factors. Frequent
performance evaluations, feedback sessions, and model retraining consistent with the
algorithm’s ability to represent different populations in the prediction of stroke risk will be

undertaken for maintaining accuracy and reliability.

Furthermore, forming and nurturing interprofessional collaboration among healthcare
professionals, data scientists, and policymakers will be highly beneficial towards innovation
and finding solutions to almost all healthcare problems. Through the supporting process of
the knowledge sharing and cross-disciplinary research, we can raise the models' clinical

relevance, suit them to the healthcare practices and policies that are rapidly evolving.

Furthermore, the match of stroke prediction models into existing health care work streams
and decision support systems is critical to their adoption and impact. Usability goes well
beyond the development of user-friendly interfaces but also incorporates training the
healthcare providers and integrating the models into the electronic health record system.

Another essential requirement is the compliance with data privacy laws and ethical principles
in order to keep the privacy of patients and to earn the trust of them. Ensuring that strong data
governance, security protocols, and data privacy techniques are implemented will reduce
risks of data abuse or theft, thus safeguarding the use of machine learning models in an

ethical and responsible manner.
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Finally, the centerpiece of adequate long-term financial support and institutional backing is
necessary for stable steady progressing and application of the stroke prediction models in use.
By lobbying for community resources dedicated to preventive healthcare interventions and
getting them widely appreciated by policy makers as ways of improving health outcomes and
decreasing healthcare costs, we can ensure long-time funding and institutional commitment to

program continuity.

In a nutshell, by tackling these issues, we would be able to ensure that our stroke prediction
models will continue to be meaningful in treating patients and promoting health of the

population in the years to come
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CHAPTER®G

SUMMARY, CONCLUSION, RECOMMENDATION AND
IMPLICATION FOR FUTURE RESEARCH

6.1 Summary of the Study

The research was aimed at the coursework and testing of the stroke prediction models using
the two different datasets which were available from Kaggle. The first dataset, including
5000 data points, developed a reliable model accuracy of 90%, while the second dataset, with
1500 data points, had a lower accuracy of 50%. Through the integration of these datasets, a
new dataset of 20000 data points was once again formed, which in its turn, determined a new

intermediate model accuracy of 60%.

The findings emphasized the significance of the data size and variety in the construction of
reliable stroke prediction models. The accuracy of the system went up when the size of the
datasets was bigger, but it went down when the size of the datasets was small. The merging
of the datasets made it possible to cover a broader range of data, even though the accuracy of

the predictions was compromised.

More on this are the three individual code sets, each of which consists of different machine
learning algorithms, the effect of which is to improve the prediction performance. The feature
importance analysis revealed the main variables that are the predictors, for instance, the

average glucose level, the body mass index (BMI), the smoking status, and the age.

The ethical issue of patient privacy, a bias elimination, a transparency, and a clinical
autonomy were handled properly by the researchers in the study. Apart from the fact that the
study results are more accurate, the study's implications are also on the ethical and societal

aspects of the acceptance of predictive analytics in healthcare.

In conclusion, the study adds to the ongoing discussion on stroke prediction, thus
highlighting the importance of strict methodology, ethical practice and later research to
increase the model accuracy and make sure that the model is used safely in clinical

environments.
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6.2 Conclusion

In summary, this study underscores the critical role of stroke prediction in healthcare and the
need for robust predictive modeling. Analyzing two datasets and their merger revealed
varying model accuracies, highlighting the significant impact of dataset size and diversity on
predictive performance. While big data improved accuracy, merging datasets widened

coverage with a trade-off in accuracy

Creating three separate coesets improved prediction accuracy, highlighting key factors like
average glucose level, BMI, smoking status, and age.[20] These findings underscore the
multifaceted nature of stroke prediction and the importance of diverse predictors in models.
Ethical considerations including patient privacy, bias reduction, transparency, and clinical
autonomy were carefully addressed, emphasizing the responsible use of predictive analytics
in healthcare. Thus, this research contributes valuable insights into stroke prediction,
emphasizing ongoing research for optimal model performance and responsible integration of
predictive analytics in clinical practice. Addressing methodological and ethical issues will
advance the development of reliable stroke prediction models, ultimately enhancing patient

outcomes and healthcare delivery.
6.3 Implication for Further Study

The result of the research has many consequences for the further study of stroke prediction.
Firstly, one can proceed to the study of more datasets which are characterized by different
demographical and clinical factors and this can lead to a better understanding of the
predictive model performance for different populations.

Longitudinal data that is being used to monitor the changes over the time would in this way,
improve the predictions and make them more accurate and generalizable.

Also, the investigating of the effect of the predictors other than those which were found in this
study, for instance, genetic markers, environmental factors or socioeconomic variables, may
increase the accuracy of the models. Moreover, looking into the cutting- edge machine
learning techniques or the combination of different methods could be the way to go to increase
the predictive accuracy and the robustness.

Besides, carrying out prospective studies to prove the performance of developed models in the
actual clinical settings is necessary to determine their effectiveness and applicability in the
decision-making process. The changes in the Scholars of Medicine in that they give the

patient the opportunity to prevent a stroke might be investigated by longitudinal studies
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which could evaluate the effect of predictive models on the outcome of the patient.

The moral issues, most notably the patient consent, data privacy, and algorithmic fairness,
should be the main focus in the future of research work. The investigation of the means to
reduce bias and enable the transparency in predictive modeling processes is the key to the
development of trust and accountability in healthcare practice.

In general, the research on stroke prediction should be continued and improved in order to
refine and validate predictive models, to discover new predictors and to solve ethical issues,
which will make it possible to integrate the predictions in the clinical practice and to improve

the patient care.
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