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Chapter 1 

1 Introduction 

 

1.1 Introduction 

Stroke can be identified as a major health concern which results to significant 

morbidity and mortality [1]. A timely and accurate diagnosis of stroke can prevent the 

severe and perpetual disabilities caused by stroke. Traditionally, stroke diagnosis is 

done by advanced imaging modalities like CT scans. Unfortunately, due to resource-

limited settings in developing countries like Bangladesh, the heavy reliance on such 

technologies imposes a noticeable challenge, where the unavailability of medical 

diagnostic equipment is adamant and the cost of the respective technologies is also 

prohibitive. 

 

The dataset used in this research contains information from 290 individuals from 

Bangladesh, which was collected from an expert clinician in 2023. The recent aspect of 

the data increases the reliability of our findings. Traditional risk factors like -diabetes, 

high blood pressure [2], smoking, lack of exercise, obesity, alcohol, drug use, CT scan 

reports, etc. and visible symptoms like- sudden weakness, trouble speaking, vision 

problems, dizziness, movement issues, fainting, and severe headaches, etc. are included 

in the dataset. 

 

Advanced feature selection techniques like Chi-square, p-value analysis, and 

RFECV were used to identify the most significant predictors of stroke. In this research, 

two separate studies have been conducted, one for binary classification, where we tried 

to identify if a person is having a stroke or not, and another for indicating which kind 

of stroke the person is having, ischemic or hemorrhage. 

 

 



 

 

 

 

1.2 Current Research about Stroke Prediction Model   

By analyzing the existing works in this field, it was found that most of the recent 

works have focused on achieving accurate results employing machine learning models 

using risk factors such as age, BMI, hypertension, living area, etc. Contrastingly, our 

research is based on the combination of the risk factors and the common symptoms of 

stroke patients. The study presents a logical approach to understanding the occurrence 

of stroke from a clinician’s perspective in resource-limited settings. 

 

 

 

1.3 Significance of this research 

A novel approach to improve the accuracy of stroke risk prediction by 

implementing symptom-based feature selection has been introduced in this research. A 

focus has been placed on the visible symptoms of the patient, along with information 

about their lifestyle. Our approach has the goal of reducing the dependency on CT scan, 

which can be both costly and time-consuming. In rural and underdeveloped areas of 

developing countries like Bangladesh, this can streamline the diagnosis process by 

aiding the involved physicians and making healthcare more accessible. Prioritizing 

clinical symptoms, this method aims to facilitate earlier detection of stroke. 

 

 

 

1.4 Objective 

 

This research aims to optimize the stroke identification procedure. Doctors and 

people in general can get help in identifying strokes without the need for medical test 

outcomes. Access to regular medical testing in Bangladesh is limited due to 

affordability constraints and a lack of advanced testing equipment in rural areas. The 



 

 

primary objective is to develop a method that uses symptoms and risk factors to achieve 

accurate stroke prediction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Chapter 2 

2 Literature Review  
 

 

 

2.1 Introduction 

A literature review is a summary of existing research on a topic. It is important 

because it identifies gaps in current knowledge, provides context for new research, and 

shows how a study fits into the broader field. It also helps to avoid duplication of 

previous work and builds a foundation for the research 

 

 

2.2 Current Research related to Stroke Prediction 

Multivariate aspects of stroke prediction have been investigated in existing 

literature, which emphasizes the significance of identifying key risk factors and 

employing various machine-learning techniques. 

In a recent study by Soumyabrata Dev et al., age, heart disease, hypertension, 

and average glucose level were identified as significant features for stroke prediction. 

Feature correlation and stepwise analysis were primarily used to identify these crucial 

features. The perceptron model achieved the highest accuracy and lowest miss rate by 

leveraging these features, highlighting the impact of an optimized feature set [3]. 

Emon et al. utilized a hospital dataset to develop a weighted voting classifier. 

This classifier incorporated features such as hypertension, BMI, heart disease, average 

glucose level, smoking status, previous stroke, and age, achieving 97% accuracy. The 

high accuracy stemmed from employing ensemble methods, which enhance prediction 

accuracy by combining multiple features and classifiers [4]. 



 

 

The recent work by Vamsi et al. addressed the limitations of existing studies, 

which primarily focus on identifying key factors for stroke prediction rather than 

predicting stroke risk. They employed an improved stroke predictor model using an 

enhanced random forest ensemble technique, achieving an accuracy of 96.97% with a 

comparably low error rate of 0.03% [5]. 

Gangavarapu Sailasya et al. applied Logistic Regression, Decision Tree 

Classification, Random Forest Classification, K-Nearest Neighbors Classification, 

Support Vector Machine, and Naïve Bayes Classification to predict stroke, with Naïve 

Bayes Classification achieving the highest accuracy score of 82% [6]. 

Nitish et al. utilized eleven classifiers to predict stroke accurately on an 

imbalanced dataset, employing the ROS technique to balance the data. Interestingly, 

before balancing, ten classifiers achieved 90% accuracy, increasing to 96% accuracy 

after oversampling with four classifiers [7]. 

Redwanul et al. employed eight classifiers, including AdaBoost, artificial neural 

networks, decision tree, K-nearest neighbor (KNN), random forest, stochastic gradient 

descent (SGD), support vector machine (SVM), and XGBoost. A voting classifier 

combining these,achieved prediction accuracy of 98%, outperforming other models [8]. 

Aditya Khosla et al. integrated feature selection and prediction in their work, 

evaluating three machine learning-based algorithms for automatic feature selection: 

forward feature selection, L1 regularized logistic regression, and "conservative mean" 

feature selection. They combined CM feature selection and MCR for prediction, 

achieving superior performance with a concordance index of 0.770 [9]. 

 

 

 

 



 

 

 

2.3 Addressing the Research Gap 

 

Based on the discussions, it is apparent that most of the previous studies have 

concentrated on the identification of risk variables to predict a stroke. There is very 

little research on using symptoms as features for stroke prediction. 

A study conducted by Ian Mosley et al. found that limb weakness, difficulty 

speaking, and facial weakness were the main symptoms seen by stroke patients [10]. 

Naveed Akhter et al. found that the most common symptoms stated were 

dizziness, regional weakness, headache, difficulty speaking, and numbness [11]. 

Our research objective is to predict whether an individual is undergoing a 

stroke by analyzing visual symptoms and risk factors. Our primary hypothesis 

suggests that when there is a disruption in blood circulation, the body exhibits 

symptoms that differ depending on risk variables such as age and blood pressure 

levels. Our goal is to shorten the time it takes to determine if someone is experiencing 

a stroke by combining these risk factors with noticeable symptoms. 

 

 

 

 

 

 

 

 



 

 

 

 

 

       Chapter 3 
 

3 Methodology 

 

 

3.1   Introduction 

 

Stroke is a major cause of death and disability on a global scale, and it 

frequently results in damage that is both significant and long-lasting. For the purpose 

of taking preventative measures and improving patient outcomes, it is an absolute 

necessity to generate accurate and timely predictions regarding the risk of stroke. 

Imaging techniques such as computed tomography (CT) scans have traditionally been 

the primary means by which strokes have been diagnosed throughout the course of 

medical history. However, the availability of procedures and the cost of those 

techniques could be a barrier, particularly in regions with limited resources and in a 

third-world country such as Bangladesh. 

 

Through the use of symptom-based feature selection, this study presents a 

novel approach to enhancing the accuracy of stroke risk prediction. By prioritizing 

clinical symptoms and reducing the need for rapid CT scans, our strategy intends to 

improve the early detection of stroke risk and reduce the requirement for CT scans. 

Our objective is to construct a model that is capable of accurately predicting the risk 

of stroke based on indicators. This would allow for quicker decision-making in 

clinical settings, which could ultimately lead to earlier prevention and better outcomes 

for patients. 

 

 

 

 



 

 

 

 

The outline of our research appears as follows: 

 

 

 

Figure 3-1: Outline of our research 

 

 

 

 

 

 

 

3.2     CT -Scan and how it detects Stroke 

A Computed Tomography (CT) scan is a medical imaging technique that uses 

X-rays and computations to generate highly detailed cross-sectional images of the 

human body. It offers an enhanced view of internal organs, bones, soft tissues, and 

blood vessels by providing more detailed information compared to normal X-rays. 

 

The process by which a CT scan detects and diagnoses a stroke. CT scan play a 

crucial role in the diagnosis of strokes, providing fast and precise identification of both 

ischemic and hemorrhagic strokes. CT scans are used to detect strokes. 

 

 

 



 

 

 

 

 

In this research we are studying in two kind of stoke: 

 

Ischemic Stroke:  

Occurs when an artery is obstructed, resulting in decreased blood circulation. Brain 

tissue that is impacted on a CT scan appears darker (hypodense) because it is swollen 

and lacks oxygen. Initial indications encompass: 

• Diminished distinction between gray and white matter. 

• Sulcal effacement refers to the constriction or narrowing of the 

grooves in the brain as a result of swelling. 

 

 

Hemorrhagic Stroke: 

It is a resulting from cranial hemorrhage. Blood is shown as hyperdense regions 

on a CT scan. This aids in the identification of the precise place of the bleeding and the 

magnitude and consequences of the bleeding. 

 

In this research we take 290 patients CT scan report and verified by the respected 

doctor that which one has suffered from stroke and which one is not. 

 

 

 

3.3    Handling Missing Data 

During the construction of our dataset, we have discovered missing records in 

multiple features. Missing data is a prevalent problem in the medical field and must be 

appropriately addressed to avoid biased outcomes and reduced predictive accuracy. To 

address the problem and maintain the impartiality of our model, we employed the mouse 

technique to manage the missing data. 



 

 

 

MICE, or Multiple Imputation by Chained Equations, is a powerful method for 

filling in missing data in a dataset that contains a combination of categorical and 

continuous variables. MICE algorithm generates numerous datasets with multiple 

imputed values. Then it performs multiple iterations until it reaches a stable state. 

 

Mice algorithm workflow: 

 

 

 

 

   Figure 3-2:Mice Algorithm Working Procedure 

 

 

 

 

 

 

 

 

 

 

 



 

 

3.4 Binary and Multiclass Analysis of Stroke Data 

For this research, we carried out two distinct studies. The initial study 

concentrated on binary classification, specifically discerning if an individual is 

undergoing a stroke or not. This analysis utilized the accessible data, which is vital for 

promptly identifying and providing medical care. 

 

We expanded our analysis to include a multiclass classification in the second 

case. Our target was to differentiate between ischemic and hemorrhagic strokes 

to determine the exact type of stroke a person is experiencing. 

 

Both studies are important in the healthcare sector. Binary classification 

facilitates the rapid detection of stroke cases, leading to substantial enhancements in 

reaction times and patient outcomes. Multiclass classification offers a more 

comprehensive understanding of the stroke's characteristics, enabling the development 

of more focused and efficient treatment strategies. Through the utilization of data, our 

research endeavors to boost the accuracy of diagnoses and improve the overall treatment 

of stroke patients. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

        Chapter 4 
 

4  Feature Selection 

 

 

4.1   Feature Names 

 

SWN - Sudden weakness of the arm, face or leg, generally on one side of the 

body   Indicates sudden neurological deficit in the respective motor areas which lies on 

the opposite side of the cerebral hemisphere of the brain probably due to 

cerebrovascular disease [12]. 

 

STS - Sudden having trouble speaking or understanding indicates a neurological 

deficit in Broca's area or Wernicke's area or both or any deficit in the Frontal lobe of 

the Brain [13]. 

 

SPV- Sudden problems with vision in one or both eyes indicate neurological 

dysfunction in the visual area of the occipital cortex of the Brain. 

 

SD - Sudden dizziness or problems with balance or coordination means 

neurological problems either in the cerebellum or vestibular area of the Brain or both 

of their pathway [14]. 

 

SPM -Sudden problems with movement or walking indicate a sudden 

neurological deficit in the extrapyramidal system or the cerebellum [15]. 

 

SFOS- Sudden fainting (loss of consciousness or seizure) sudden neurological 

deficit in the reticular activating system or brain stem or any neurological complication 

that produces raised ICP (Intra Cranial Pressure) or any metabolic cause. 

 



 

 

SSH - Severe headache especially if they appear suddenly; indicates 

hemorrhagic type of stroke for example – subarachnoid hemorrhage, intracerebral 

hemorrhage, or cerebral veins sinus thrombosis. 

 

HHD - History of heart disease asking about a patient having chest pain, 

shortness of breath, or sweating. 

 

High BP – If the blood pressure more than 140(Systolic) and more than 

90(diastolic) is considered as High Bp. This feature indicates if a patient is suffering 

from High Bp or not. 

 

Smoker – Smoking is a significant risk factor for stroke. The chemicals in 

tobacco smoke damage blood vessels, increase blood pressure, and lower the oxygen 

levels in the blood, and these also help to the development of atherosclerosis (narrowing 

and hardening of the arteries). This can lead to both ischemic and hemorrhagic strokes 

 

Lack of Exercise- A lack of physical activity can contribute to other health 

problems that increase the chances of having a stroke. Lack of physical exercise 

contributes to compromised cardiovascular well-being, which is a significant 

determinant for stroke susceptibility. 

 

Obesity – Obesity can be defined by having a Body Mass Index (BMI) of 30 or 

over. Obesity can cause an increase of cholesterol in the blood vessels, which enhances 

the risk of ischemic strokes. 

 

Habit Alcohol – Chronic alcohol consumption can lead to hypertension, atrial 

fibrillation, and other cardiovascular diseases. Furthermore, the risk of stroke is further 

exacerbated by harm to the liver and blood clotting abnormalities that can result from 

excessive alcohol consumption. 

 



 

 

Habit Drugs- The risk of stroke is significantly increased by the use of illegal 

substances. These substances have the potential to induce severe hypertension, stroke 

(the constriction of blood vessels), and injury to the vascular system that can be resulting 

in to both hemorrhagic and ischemic strokes. 

 

BCP- Oral contraceptives, particularly those that contain estrogen, can increase 

the chance of blood clotting, which may result in ischemic strokes [16]. 

 

HTIA - History of Transient Ischemic Attacks (TIAs) are commonly known as 

“Mini strokes”. They exhibit stroke-like symptoms that spontaneously resolve within a 

24-hour period. If a person has a history of this type transient attack, he is very likely 

to have a full stroke in future. 

 

HHG – History of heredity or genetics indicates that an individual's risk of stroke 

or other cardiovascular disorders can be increased by a family history of such 

circumstances. Genetics can impact multiple risk factors for stroke, like diabetes, 

excessive cholesterol, and high blood pressure. 

 

HBCL - High amounts of cholesterol and lipids in circulation contribute to the 

development of atherosclerotic deposits in the arteries, which can result in ischemic 

strokes. High cholesterol levels can also lead to microvascular illness, which affects 

cerebral blood flow. 

 

High Blood Pressure-High blood pressure also known as hypertension is an 

important contributor to the occurrence of stroke. Over time, it causes harm to blood 

arteries, making them more vulnerable to either bursting (hemorrhagic stroke) or 

narrowing (ischemic stroke). Reducing blood pressure by making changes to one's 

lifestyle and taking medication is important for decreasing the chance of experiencing 

a stroke. 

 



 

 

Diabetics - Diabetes increases the possibility of stroke as it is connected to other 

factors that enhance the risk of stroke, such as hypertension, high cholesterol, and 

obesity. High levels of blood glucose have a tendency to cause damage to blood vessels 

which leads to the formation of hypertension. 

 

Abnormal Heart Rhythm - Abnormal heartbeats, particularly atrial fibrillation, 

significantly increase the chance of having a stroke. Atrial fibrillation can result in the 

accumulation of blood in the heart, which can subsequently lead to the development of 

blood clots. These have the ability to migrate to the brain, resulting in an ischemic 

stroke. 

 

CT rep – CT rep shows the report of CT scan of that patient. It shows 3 possible 

outcomes. Normal, ischemic stroke, hemorrhagic stroke. In our algorithm we take it as 

our target variable. 

 

 

 

 

4.2  Generating New Feature 

 

Our research also focused on developing new predictors that would improve the 

accuracy of stroke detection, in addition to the existing features. After going through a 

lot of experiments, A significant connection was observed between stroke frequency 

and the difference between high and low blood pressure values. The statistical studies, 

which involved chi-square and p-value assessments, demonstrated the relevance of this 

characteristic. The chi-square value was 49.223 and the p-value is 2.28 ×10-12 both of 

which exceeded the values obtained for other investigated features. 

 

 

 



 

 

4.3 Feature Selection 

 

Feature selection is an essential component. It assists in getting the most relevant 

variable from a dataset that makes a substantial contribution while making a choice. Not 

all features hold equal significance. Certain features have a significantly greater impact 

on the outcome, whereas others show no correlation. Additionally, the utilization of 

additional features occasionally resulted in overfitting the model, leading to inadequate 

accuracy in predictions. Also, it increases the complexity and time required for the 

model. Therefore, we perform feature selection to identify and retain the most 

significant properties while eliminating the least significant ones. 

 

 

 

 

 

4.3.1 Feature selection methods 

 

There are different methods for selecting a feature.  

 

• Filtering-based Method 

• Wrapping-based method 

• Embedded Method 

 

 

Filtering Based Method:  

This strategy does not rely on any specific method or algorithm based on its 

implementation. In its place, it considers the characteristics in terms of the statistical 

values they possess.  The algorithm keeps the characteristics that have the biggest 

statistical contribution to decision-making and gets rid of the characteristics that are less 

relevant and do not contribute greatly to the decision-making process. 

 



 

 

Wrapping Based Method: 

 

The effectiveness of features is evaluated using this wrapper technique, which 

involves training and testing the features on models. In certain instances, a particular 

trait might not have a significant impact on its own, but it might be able to amplify the 

contribution of another characteristic, which would then result in a significant combined 

effect. A solution to this problem is provided by the wrapper approach. 

 

 

Embedded Method: 

There is a distinction between these two strategies and the embedded approach. 

The model is able to automatically uncover characteristics that are relevant to the 

problem at hand thanks to this strategy, which involves feature selection as an inherent 

component of the process of developing the model. 

 

 

 

4.4     Statistical Analysis 

 

Co-relation Analysis:  

 

Correlation analysis is a statistical technique employed to ascertain the 

presence or absence of a connection between two variables or datasets. Through the 

application of this method, one gets a better understanding of how one variable might 

predict or impact another. There are 3 types of co-relation: 

 

• Positive co-relation 

• Negative co-relation 

• No co-relation 

 



 

 

Positive co-relation: A score ranging from +0.5 to +1 shows a highly robust 

positive correlation, implying that both variables increase simultaneously.  

 

Negative co-relation:  A score between -0.5 and -1 indicates a robust negative 

correlation, suggesting that when one variable grows, the other variable declines. 

 

No co-relation: A score near 0 indicates that there is nearly no relation 

between the two variables. 

 

 

 

 

 

 

 

Co-relation matrix: 

A correlation matrix is a tabular representation of the correlation coefficients 

between multiple variables. Each individual cell in the table represents the correlation 

between two variables. In this research, we focus on the correlation values between 

various predictor variables and the target variable, a CT scan report or stroke.  

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

Co-relation matrix of Binary Classification: 

    

                                     Figure 4-1:Co-relation matrix for Binary classification 

 

                       

 

 

 

 

 

 

 

 



 

 

 

 

Taking the value respected to the target variable we get, 

 

 

                                     Figure 4-2::Co-relation with target variable for binary class 

 

   

                      

                             

 

 

 

 

 



 

 

 

 

 

Co-relation matrix for Multiclass classification: 

 

 

                              Figure 4-3:Co-relation matrix for multiclass classification 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Taking the value respected to the target variable we get, 

 

 

Figure 4-4:Co-relation with target variable for multiclass 

 

 

 

 

 

 

 

 



 

 

 

 

 

Chi Square and P-value analysis: 

Chi-square (χ²) and p-value analyses are essential statistical approaches for 

investigating the connections, especially between categorical data, alongside correlation 

analysis. These analyses help to identify the presence of a substantial correlation 

between the variables in our dataset and the target variable. 

 

Equation: 

 

 

Understanding Chi square and P-value:  

 

A high χ² value and a low p-value (< 0.05): It indicates strong evidence to reject the 

null hypothesis, indicating a substantial relationship between the variables. The null 

hypothesis is a proposition declaring that there is no of a relationship or correlation 

among the category variables under evaluation. This indicates that any visible disparity 

in the data is due to random variation rather than a genuine effect or correlation. 

 

A low χ² value and a high p-value (≥ 0.05): It indicates there is not enough evidence to 

reject the null hypothesis.  

 

 

 



 

 

 

 

 

 

After sorting the Chi square and P-value analysis data, 

 

Figure 4-5:Chi square and P-value data for binary classification 

                

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

  For multiclass we get this, 

 

 

Figure 4-6:Chi square and P value analysis for multiclass classification 

 

 

 

Chi square and P-value analysis is very effective while dealing with categorical data[17] 

By referring to these table, we can identify the most significant features and discard the 

others to execute the algorithms. This pertains to the feature selection technique known 

as the filter approach.  

 

 



 

 

 

 

 

 

RFECV: 

 

Recursive Feature Elimination with Cross-Validation (RFECV) is a method that 

helps find the most significant features by repeatedly removing the least important ones 

[18]. It evaluates the model's performance at each stage using cross-validation. RFECV 

technique does not necessitate any input regarding the quantity of feature selection. It 

operates autonomously and explores all potential combinations of features. RFECV is 

a precise method for feature selection as it ensures that no subset is left untested. 

However, it comes with the drawback of requiring more calculation time and being 

significantly slower than other approaches. 

 

RFECV is classified as a wrapper method for feature selection. Compared to 

filter methods that choose features exclusively based on statistical properties and 

without using learning algorithms, wrapper methods such as RFECV consider the 

interaction between the model and the feature subset. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Chapter 5 

 

5 Classification Algorithms  

 

 

 

5.1 Random Forest 

 

Random forest is an ensemble learning method primarily used for classification 

and regression tasks. It builds multiple decision trees during training and merges their 

outputs to improve accuracy and control overfitting [19]. 

 

 

Training Phase: 

 

Bootstrap Sampling: The algorithm creates several subsets of the training data 

through bootstrapping (random sampling with replacement). 

 

Decision Trees: For each subset, a decision tree is trained. These trees are grown 

deep (with low bias), but each is trained on different subsets of the data, thus ensuring 

diversity. 

 

Feature Selection: At each split in the decision tree, a random subset of features 

is chosen, which helps in making the trees less correlated. 

 

 

 



 

 

 

 

 

                                             Figure 5-1: Random Forest work flow 

 

 

Prediction Phase: 

 

Classification: For classification tasks, each tree in the forest gives a class 

prediction, and the class with the most votes become the model's prediction. 

 

Regression: For regression tasks, the average prediction of all the trees is taken 

as the final prediction. 

 

Advantages: 

• Reduces overfitting. 

• Handles large datasets with higher dimensionality. 

• Maintains accuracy for missing data. 

 

 



 

 

 

5.2 Support Vector Classifier (SVC) 

 

Support Vector Classifier (SVC) is a specific implementation of the Support 

Vector Machine (SVM) algorithm, which is utilized for classification purposes. The 

algorithm generates a hyperplane or a series of hyperplanes in a space with a large 

number of dimensions to effectively distinguish various classes. The RBF kernel was 

utilized in this study, with instances being sorted according to the radial plane. 

 

Training Phase: 

Hyperplane Selection: It determines the hyperplane that optimally divides the 

different classes. The optimal hyperplane is defined as the one that maximizes the 

margin, which is the distance between the hyperplane and the closest data points from 

each class (known as support vectors). 

 

Optimization: SVC utilizes convex optimization techniques to identify the 

optimal hyperplane. The objective is to optimize the separation between the classes by 

maximizing the margin, while simultaneously decreasing the occurrence of 

classification errors. 

 

 

Kernel Trick: SVC can apply the "kernel trick" to handle non-linearly separable 

data. Kernels transform the input data into higher-dimensional space, where a 

hyperplane can effectively separate the classes. 

 

 

 

 

 

 

 



 

 

 

 

 

 

Figure 5-2:Support Vector Machine 

 

 

Advantages: 

• Effective in high-dimensional spaces. 

• Still effective when the number of dimensions is greater than the number 

of samples. 

• Memory efficiency by using support vectors. 

 

 

 

 



 

 

 

 

 

5.3 Logistic Regression 

 

Logistic regression is a statistical method used for binary classification 

problems. It models the probability that a given input belongs to a particular class. 

 

Modeling Probability: 

Logit Function: Logistic Regression uses the logit function to model the 

probability of the binary outcome. The logit function is the natural logarithm of the odds 

of the event. 

Sigmoid Function: The logit function is then passed through a sigmoid function 

to constrain the output between 0 and 1.  

 

 

Training Phase: 

Cost Function: The algorithm optimizes the cost function (usually the binary 

cross-entropy loss) using methods like Gradient Descent to find the best-fit parameters 

(weights). 

Maximum Likelihood Estimation: Maximum likelihood estimation is used in 

logistic regression to find the parameters that make the reported data most likely. 

 

Prediction Phase: 

Thresholding: The model outputs probabilities. A threshold (commonly 0.5) is 

applied to these probabilities to make a binary decision. 

 

 

Advantages: 

• Simple and easy to implement. 

• Efficient for binary classification tasks. 



 

 

• Provides probabilities for class membership. 

 

5.4 Extreme Gradient Boosting 

 

Extreme Gradient Boosting is an implementation of gradient-boosted decision 

trees designed for speed and performance. It is widely used for regression, 

classification, and ranking problems. 

 

Training Phase: 

 

Boosting: It builds trees sequentially, with each new tree correcting the errors 

made by the previous ones. 

 

Objective Function: It uses a regularized objective function that combines a loss 

function (to measure how well the model fits the training data) and a regularization term 

(to control model complexity and prevent overfitting). 

 

Gradient Descent: The algorithm uses gradient descent to minimize the objective 

function. It fits a new tree to the gradient of the loss function concerning the prediction 

errors of the previous trees. 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

   Figure 5-3:Extreme Gradient Boosting 

 

 

Features: 

Regularization: It includes L1 and L2 regularizations to improve model 

generalization. 

Sparsity Awareness: It can handle sparse data and missing values effectively. 

Parallelization: The algorithm is designed to take advantage of parallel and 

distributed computing. 

 

Advantages: 

• Highly accurate and performant. 

• Handles missing values and unbalanced datasets well. 

• Incorporates advanced regularization techniques. 



 

 

 

 

Chapter 6 

6 Results 
 

 

 

6.1 Performance Metrics 

In classification problems, models are evaluated using various metrics. Due to 

the health-related nature of our research, relying on a single metric for results is 

insufficient. Our study prioritizes accurate prediction of strokes over predicting normal 

patients 

 

 

6.1.1 Confusion Matrix 

 

A confusion matrix is an important instrument for assessing a classification 

model's effectiveness. The model's predictive accuracy for each class is shown in a table 

format, providing a comprehensive overview. This table provides us with insights into 

both the overall accuracy and the specific types of errors made by the model [20]. 

 

The confusion matrix comprises four essential elements: 

 

True Positives (TP): These are instances where the model accurately predicts the 

positive class. For instance, in the context of forecasting stroke occurrence, true 

positives refer to patients who are accurately recognized as suffering a stroke. 

 

True Negatives (TN): In the context of our stroke prediction example, true 

negatives refer to patients who are accurately recognized as not suffering a stroke. 

 



 

 

 

 

 

                    

                                               Figure 6-1:Confusion Matrix 

 

False Positives (FP) It refers to circumstances in which the model produces 

incorrect forecasts by classifying a case as part of the positive category when it is not. 

False positives occur when individuals are erroneously identified as having a stroke, 

despite not actually experiencing one. 

 

False Negatives (FN): False negatives refer to patients who are erroneously 

classified as not having a stroke, although they really do. 

 

 

 

 

 

 

 

 

 

 



 

 

 

6.1.2 Accuracy 

 

The accuracy metric measures the ratio of correctly predicted instances to the 

total instances. Mathematically, it can be represented as: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

 

 

 

6.1.3 Precision 

 

Precision is a numerical metric utilized to assess the correctness of a classification 

model, specifically the proportion of projected positive cases that are positive. 

Precision is the quotient of true positive predictions divided by the total number of 

positive forecasts, which includes both true positives and false positives. 

Mathematically, precision is given by: 

 

                                                   Precision=   
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

 

Precision is particularly important in situations where the consequences of 

incorrect positive results are expensive. For instance, in the context of email spam 

detection, a false positive refers to the misclassification of a genuine email as spam, 

potentially resulting in the oversight of crucial communication. 

 

 

 

 



 

 

6.1.4 F-1 score 

 

An alternative assessment criterion in machine learning is the F1 score, which 

evaluates the predictive efficacy of a model by scrutinizing its performance on 

individual classes rather than aggregating overall performance akin to accuracy. It is a 

single statistic that takes false negatives and false positives into account. It's especially 

helpful in cases where there is an uneven distribution of classes. Mathematically, it is 

defined as: 

 

𝐹 − 1 𝑠𝑐𝑜𝑟𝑒 =  
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Where Recall is equal to (TP/TP+FN). 

 

 

6.1.5 ROC-AUC Curve 

 

ROC curves, or receiver operating characteristics, are visual representations of 

the efficacy of a classifier across a variety of thresholds. It displays the genuine positive 

rate (sensitivity) in comparison to the false positive rate (1-specificity) for various 

threshold settings. The area under the ROC-AUC curve is the metric used to assess the 

classifier's overall efficacy. A perfect classifier is represented by a value of 1, while 

random guesswork is represented by a value of 0.5. A higher AUC value indicates better 

performance [21]. 

  

 



 

 

                             

     Figure 6-2:ROC-AUC Curve 

 

6.2 Results 

 

Results were obtained from two categories of classification, one for binary 

classes and another for multiclass. The binary class is comprised of two categories, one 

for patients with stroke and another for patients without stroke. For multiclass, three 

main categories were taken into account. Here, in multiclass, one category was for 

patients without stroke, one was for patients with ischemic stroke, and the last one was 

for patients with hemorrhagic stroke. Each of these result analyses is further comprised 

of two main sections, where, in each case, we use RFE for feature selection in the first 

part. The second part is classification, which is done by using relevant classifiers that 

were found to be suitable. The chi2 and p-values of the used classifiers were taken. The 

total data was divided into two categories, stroke and non–stroke. For classification, 

Random Forest, SVC, Logistic Regression, and XG-Boost were used. In another 

portion, RFE was applied to select the best features. The performance of the respective 

classifiers was determined through several scoring metrics, such as F1-score, accuracy, 

g-mean, recall, and ROC-AUC curve. The scores obtained from the filtering method 

were compared with those obtained from RFECV. 

 



 

 

When it comes to Binary Classification, we employ two different methods. One 

approach is cross validation, while the other involves employing a train-test split, where 

80% of the data is utilized for training and the remaining 20% is used for testing. 

 

 

 

 

 

 

 

 

6.2.1 Binary Classification using cross validation 

 

 

 

Report of RF algorithm: 

 

In this method, top 12 features from Chi square analysis are taken. 

 

  

     Figure 6-3:Classification of RF using filter method 

 



 

 

                  

                                 Figure 6-4:Using RFECV as feature selector 

 

 

 

 

 

 

 

 

Feature vs Result:  
 

 

Figure 6-5:RFECV feature vs result curve 



 

 

 

ROC curve of RFECV: 

                     

          Figure 6-6;ROC curve for Class 1 or Stroke Positive 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Confusion Matrix: 

      
                                 

                                   Figure 6-7:Confusion Matrix Using RFECV 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Report of SVC algorithm: 

 

 

 

   In SVC we have taken only top 8 features from chi square analysis. 

 

 

                  

 

                  Figure 6-8:SVC with filter method 

 

      

SVC (Support Vector Classifier) doesn't have a built-in way to compute feature 

importance. RFECV relies on the feature importance or coefficient attribute of the 

estimator to perform recursive feature elimination 



 

 

ROC Curve:  

                 

  Figure 6-9:: RFECV feature vs Result curve 

 

Confusion Matrix: 

 

                     

            Figure 6-10 : Confusion Matrix 



 

 

 

 

Report of Logistic Regression: 
 

 

 

 

 

Taking top 9 features we get this, 
 

        

                       Figure 6-11:Classification report using chi2 

 

 

 

Using RFECV, 

 

     

          Figure 6-12:Classification report using RFECV 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

RFECV feature vs Result: 

 

                      

                         Figure 6-13:RFECV feature vs result curve 

 

ROC-AUC curve: 

                        

                                            Figure 6-14:ROC-AUC Curve 

 



 

 

 

Confusion Matrix: 

 

                         

                                           Figure 6-15:Confusion Matrix 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Extreme Gradient Boosting:  

 

 

Taking top 17 features we get this, 

 

      

Figure 6-16:Classification Report 

 

 

 

 

Using RFECV, 

 

       

        Figure 6-17:Classification report using RFECV 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

ROC – AUC curve: 

 

 

   Figure 6-18:ROC-AUC curve 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

6.2.2 Multiclass classification using Filter method (Chi2 analysis) 

 

 

Report of Random Forest: 

 

 

   

Figure 6-19:Classification Report 

 

 
 

 

 

Confusion Matrix: 

 

                   

                                      Figure 6-20: Confusion Matrix 



 

 

 

ROC-AUC curve: 

 

          

          Figure 6-21: ROC-AUC curve 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Reports of SVC classifier: 

 

Classification report of using SVC (one vs rest) 

 

                    

                  Figure 6-22:Classification report 

 

 

Confusion Matrix: 

  

 

Figure 6-23: Confusion matrix 



 

 

ROC-AUC curve:  

 

                   

    Figure 6-24: ROC-AUC Curve 

 

Report of Logistic Regression: 

 

Classification report: 

 

                     

                 Figure 6-25: Classification report of LR 

 

 

 

 

 



 

 

Confusion Matrix:  

 

                       

     Figure 6-20:Confusion matrix 

ROC-AUC curve: 

             

            Figure 6-21:ROC-AUC curve 



 

 

Reports of Extreme Gradient Boosting: 

 

 

Classification report: 

 

                    

                      Figure 6-22:Classification report 

 

Confusion matrix:  

 

                 

               Figure 6-23:Confusion matrix 

 

 

 

 

 



 

 

ROC-AUC curve: 

 

 

           Figure 6-24:ROC-AUC curve 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

6.3 Conclusion 

 

This study aimed to enhance the accuracy of stroke prediction by employing 

several feature selection techniques and machine learning algorithms. Our investigation 

demonstrates that logistic regression, when combined with Chi-squared (Chi2) and p-

value feature selection, yields the most beneficial outcomes. More precisely, this 

particular combination not only exhibits exceptional performance measurements but 

also successfully decreases the dataset's dimensionality to only 9 characteristics, thus 

streamlining the model without sacrificing accuracy. 

 

Due to the crucial importance of healthcare applications, it is essential to 

minimize categorization errors. Our objective was to get the utmost accuracy in 

detecting stroke victims, which is vital for prompt and efficient medical intervention. 

The study of the confusion matrix further highlights the efficacy of our selected model: 

logistic regression with Chi-squared and p-value feature selection yields the lowest 

misclassification rate for stroke patients as normal. This is especially advantageous in 

the healthcare sector, as it guarantees that fewer instances of stroke are missed, therefore 

improving patient outcomes and potentially preventing loss of life. 

 

Overall, the logistic regression model utilizing Chi-squared and p-value feature 

selection emerges as the most effective method for predicting strokes in this 

investigation. The capacity to reduce errors and accurately detect stroke patients is in 

complete harmony with the main objective of enhancing healthcare diagnostics. 

Subsequent research could investigate supplementary techniques for selecting features 

and machine learning models in order to improve predictive accuracy. However, the 

present findings establish a strong basis for practical implementation in clinical settings. 

 

 

 

 

 



 

 

7 Demonstration of Outcome Based Education (OBE)  

 

7.1 Introduction 

Within the domain of healthcare, the capacity to precisely forecast medical 

problems can greatly improve patient outcomes and optimize clinical decision-making 

processes. Stroke, a prominent contributor to disability and mortality on a global scale, 

necessitates swift and accurate diagnosis in order to facilitate appropriate intervention. 

 

The main goal of this research is to create a predictive model that not only achieves 

high accuracy but also lowers the classification error, specifically in identifying 

individuals who have had a stroke. Precise forecasting is essential in healthcare 

environments to guarantee prompt administration of vital treatment to patients.  

 

Ultimately, this study emphasizes the importance of integrating logistic regression with 

focused feature selection in order to create a dependable and effective stroke prediction 

model. The findings not only enhance the field of medical diagnostics but also facilitate 

future research focused on incorporating machine learning models into healthcare 

systems to enhance patient care. 

 

 

 

 

 

 

 

 

 

 

 



 

 

7.2 Course Outcomes (COs) Addressed 

 

The following table shows the COs addressed in EEE 4700 for Project and Thesis.  

 

COs CO Statement POs 
Put Tick ( √ ) 

EEE 4700 

CO1 Identify a contemporary real-life problem related to electrical and 

electronic engineering by reviewing and analyzing existing 

research works. 

PO2 
√ 

 

CO2 Determine functional requirements of the problem considering 

feasibility and efficiency through analysis and synthesis of 

information. 

 

 

PO4 
√ 

 

CO3 Select a suitable solution and determine its method considering 

professional ethics, codes and standards. 
PO8 

√ 

 

CO4 

 

Adopt modern engineering resources and tools for the solution of 

the problem.  
PO5 

√ 

 

CO5 Prepare management plan and budgetary implications for the 

solution of the problem. 
PO11 

 

 

CO6 Analyze the impact of the proposed solution on health, safety, 

culture and society. 
PO6 

√ 

 

CO7 Analyze the impact of the proposed solution on environment and 

sustainability. 
PO7 

√ 

 

CO8 Develop a viable solution considering health, safety, cultural, 

societal and environmental aspects. 
PO3           √ 

CO9 Work effectively as an individual and as a team member for the 

accomplishment of the solution. 
PO9 

√ 

 

CO10 Prepare various technical reports, design documentation, and 

deliver effective presentations for demonstration of the solution. 
PO10 

 

 

CO11 Recognize the need for continuing education and participation in 

professional societies and meetings. 
PO12 √ 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

7.3 Aspects of Program Outcomes (POs) Addressed 

 

The following table shows the aspects addressed for certain Program Outcomes 

(POs) addressed in EEE 4700 for Project and Thesis.  

 

 

 Statement Different Aspects 

Put 

Tick 

( √ ) 

PO3 Design/development of solutions: Design 

solutions for complex electrical and electronic 

engineering problems and design systems, 

components or processes that meet specified 

needs with appropriate consideration for public 

health and safety, cultural, societal, and 

environmental considerations.  

Public health       √ 

Safety      √ 

Cultural  

Societal       √ 

Environmental      √ 

PO4 Investigation: Conduct investigations of 

complex electrical and electronic engineering 

problems using research-based knowledge and 

research methods including design of 

experiments, analysis and interpretation of data, 

and synthesis of information to provide valid 

conclusions. 

Design of experiments        √ 

Analysis and 

interpretation of data 

        √ 

Synthesis of 

information 

        √ 

PO6 The engineer and society: Apply reasoning 

informed by contextual knowledge to assess 

societal, health, safety, legal and cultural issues 

and the consequent responsibilities relevant to 

professional engineering practice and solutions 

to complex electrical and electronic engineering 

problems.  

Societal  

Health        √ 

Safety        √ 

Legal        √ 

Cultural  

PO7 Environment and sustainability: Understand 

and evaluate the sustainability and impact of 

professional engineering work in the solution of 

complex electrical and electronic engineering 

problems in societal and environmental 

contexts. 

Societal        √ 

Environmental        √ 

PO8 Ethics: Apply ethical principles embedded with 

religious values, professional ethics and 

responsibilities, and norms of electrical and 

electronic engineering practice.  

Religious values  

Professional ethics and 

responsibilities 

     √ 

Norms  

PO9 Individual work and teamwork: Function 

effectively as an individual, and as a member or 

leader in diverse teams and in multi-

disciplinary settings. 

Diverse teams      √ 

Multi-disciplinary 

settings 

     √ 



 

 

PO10 Communication: Communicate effectively on 

complex engineering activities with the 

engineering community and with society at 

large, such as being able to comprehend and 

write effective reports and design 

documentation, make effective presentations, 

and give and receive clear instructions. 

Comprehend and write 

effective reports 

      √ 

Design documentation       √ 

Make effective 

presentations 

     √ 

Give and receive clear 

instructions 

 

PO11 Project management and finance: 

Demonstrate knowledge and understanding of 

engineering management principles and 

economic decision-making and apply these to 

one’s own work, as a member and leader in a 

team, to manage projects and in 

multidisciplinary environments. 

Engineering 

management principles 

     

Economic decision-

making 

    √ 

Manage projects    √ 

Multidisciplinary 

environments 

 

 

PO3:  

The model developed ensures that it is accessible to people of almost all socio-           

economic conditions 

PO4: 

Functional requirements were defined by synthesizing information from research and 

data sources. 

PO6: 

We considered how early stroke prediction could improve patient outcomes and reduce 

costs. 

PO7: 

The potential impact is considered to be positive and sustainable as almost no pollution 

is formed 

PO8: 

We chose machine learning methods, ensuring ethical standards and patient consent. 

PO9: 

We collaborated effectively, utilizing team strengths for project success. 

PO10: 

Several documents were made in order to dictate the work process, ensuring efficiency 

and management. 

 

 



 

 

PO11: 

Emphasis was given in selecting the optimal number of features which results in 

economic efficiency. The knowledge of project management was developed during 

maintaining specific constraints of the relevant thesis. 

 

 

 

 

 

 

 

7.4 Knowledge Profiles (K3 – K8) Addressed 

 

The following table shows the Knowledge Profiles (K3 – K8) addressed in EEE 

4700 for Project and Thesis.  

 

 

K Knowledge Profile (Attribute) Put 

Tick 

( √ ) 

K3 A systematic, theory-based formulation of engineering fundamentals required 

in the engineering discipline 

 

K4 Engineering specialist knowledge that provides theoretical frameworks and 

bodies of knowledge for the accepted practice areas in the engineering 

discipline; much is at the forefront of the discipline 

    √ 

K5 Knowledge that supports engineering design in a practice area  

K6 Knowledge of engineering practice (technology) in the practice areas in the 

engineering discipline 

    √ 

K7 Comprehension of the role of engineering in society and identified issues in 

engineering practice in the discipline: ethics and the engineer’s professional 

responsibility to public safety; the impacts of engineering activity; economic, 

social, cultural, environmental and sustainability 

    √ 

K8 Engagement with selected knowledge in the research literature of the 

discipline 

    √ 

 

 

 

 

 



 

 

7.5 Use of Complex Engineering Problems 

The high dimensionality of medical data refers to the existence of a huge number 

of variables in medical datasets. We employ Chi-squared (Chi2) and p-value feature 

selection techniques to decrease dimensionality, streamlining the dataset while 

preserving the crucial information 

 

    Class imbalance refers to the situation where the number of strokes is infrequent 

compared to non-occurrences, resulting in datasets that are imbalanced. We utilize 

logistic regression to address this discrepancy, guaranteeing precise depiction of 

stroke cases. 

 

     Accuracy and Sensitivity Specifications: Incorrectly categorizing a patient with a 

stroke as a non-stroke case (false negative) can result in significant repercussions. Our 

methodology focuses on minimizing these crucial mistakes, attaining the lowest rate 

of incorrect rejections. 

 

The integration of medical knowledge with statistical methods is the combination of 

domain-specific expertise with statistical approaches. This approach allows us to 

identify medically important and statistically significant features, resulting in a 

clinically useful and robust model. 

 

Logistic regression offers transparent and feasible solutions, allowing for clear 

understanding of the correlations between features. This makes the model 

interpretable and suitable for practical use in clinical settings. 

 

Our AI system is designed to prioritize ethical considerations, such as maintaining 

data confidentiality and limiting harmful misclassifications. 

 

 

 

 



 

 

7.6 Socio-Cultural, Environmental, And Ethical Impact 

 

We maintained ethical standards by getting consent in writing from patients 

before utilizing their data and ensuring confidentiality at all times. 

 

 

 

 

 

7.7 Attributes of Ranges of Complex Engineering Problem Solving (P1 – P7) 

Addressed 

The following table shows the attributes of ranges of Complex Engineering Problem 

Solving (P1 – P7) addressed in EEE 4700 for Project and Thesis.  

 

 

 

P Range of Complex Engineering Problem Solving Put 

Tick 

( √ ) 
Attribute Complex Engineering Problems have characteristic P1 

and some or all of P2 to P7: 

Depth of 

knowledge 

required 

P1: Cannot be resolved without in-depth engineering 

knowledge at the level of one or more of K3, K4, K5, K6 

or K8 which allows a fundamentals-based, first principles 

analytical approach 

  √ 

Range of 

conflicting 

requirements 

P2: Involve wide-ranging or conflicting technical, 

engineering and other issues 

   √ 

Depth of analysis 

required 

P3: Have no obvious solution and require abstract 

thinking, originality in analysis to formulate suitable 

models 

   √ 

Familiarity of 

issues 

P4: Involve infrequently encountered issues    √ 

Extent of 

applicable codes 

P5: Are outside problems encompassed by standards and 

codes of practice for professional engineering 

   √ 

Extent of 

stakeholder 

involvement and 

conflicting 

requirements 

P6: Involve diverse groups of stakeholders with widely 

varying needs 

    

Interdependence P7: Are high level problems including many component 

parts or sub-problems 

   √ 

 

 



 

 

 

7.8 Attributes of Ranges of Complex Engineering Activities (A1 – A5) 

Addressed 

The following table shows the attributes of ranges of Complex Engineering 

Activities (A1 – A5) addressed in EEE 4700 for Project and Thesis.  

 

 

A Range of Complex Engineering Activities Put 

Tick 

( √ ) 
Attribute Complex activities mean (engineering) activities or 

projects that have some or all of the following 

characteristics: 

Range of 

resources 

A1: Involve the use of diverse resources (and for this 

purpose resources include people, money, equipment, 

materials, information and technologies) 

   √ 

Level of 

interaction 

A2: Require resolution of significant problems arising 

from interactions between wide-ranging or conflicting 

technical, engineering or other issues 

   √ 

Innovation A3: Involve creative use of engineering principles and 

research-based knowledge in novel ways 

   √ 

Consequences 

for society and 

the 

environment 

A4: Have significant consequences in a range of 

contexts, characterized by difficulty of prediction and 

mitigation 

   √ 

Familiarity A5: Can extend beyond previous experiences by 

applying principles-based approaches 

   √ 
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