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Abstract 

Brain stroke refers to a serious condition, happens when the blood flow to the brain is either blocked or affected owing to bleeding due 

to raptured vessel, in the brain. This lack of blood, thus lack of oxygen supply to brain cells harms brain tissue and leads to quick cell 

death. Each year, about fifteen million people around the world experienced the stroke. Of these, five million die, and another five 

million survive but face lasting disabilities. The mortality rate within 28 days after a stroke is about 28%. This study aims to develop a 

predictive model using artificial intelligence (AI) algorithms for assessing individual stroke risk. It uses a publicly available dataset of 

about 5,000 records from a website called Kaggle. The predictors include demographic and clinical variables including gender, 

hypertension, heart disease, smoking status etc. Seven machine learning classifiers, namely Decision Tree, Random Forest Classifier, 

Support Vector Machine SVM, Naïve Bayes, Logistic Regression, K-Nearest Neighbor KNN, and Gradient Boosting is implemented 

in Python. These classifiers are compared using different evaluation parameters. The result reveals that the Random Forest classifier 

consistently outperformed all other models in the evaluation parameters, achieving the highest predictive performance for stroke risk 

assessment. 
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1. INTRODUCTION 

 

Worldwide, stroke takes the second place as the major cause of death after only heart disease [1,2]. The stroke risk factor 

increases considerably with age and approximately 75% of cases above the age of 65 [3,4]. Most of the deaths due to stroke 

in the world occur in low-income countries [5]. It is estimated that by the administration of the correct blood pressure, the 

number of deaths due to strokes could be reduced by nearly 40% [6]. In any case, stroke is still the fifth largest cause of 

death in the world [7]. 

Stroke happens when blood flow to the brain is either blocked or interrupted because either a clot has formed in a vessel 

or a vessel has burst [8,9]. The moment the brain is deprived of blood it loses the supply of oxygen and vital nutrients 

resulting in brain cell damage or death [10]. The presence of some risk factors makes stroke more likely like; hypertension, 

smoking, diabetes, hypercholesterolemia, overweight, and inactive lifestyle [11]. The symptoms that require immediate 

medical attention are sudden numbness, inability to talk or understand, visual disturbances, loss of balance, and very bad 

headache [12,13]. The technologies of artificial intelligence (AI) have shown great utility and usage in predicting stroke 

risk, this way allowing early intervention and personalized healthcare strategies which are lifesaving and lessening the 

global burden of this disabling condition [14,15]. Brain stroke has two types which are [9]: 

Ischemic stroke is the most prominent type of stroke, which accounts for around 85% of all diagnosed cases [16]. The 

process of the ischemic stroke begins with a blood vessel that carries oxygen-rich blood to the brain becoming obstructed. 

Consequently, the blood supply to that region of the brain suddenly drops or may even completely stop. Usually, such a 

blockage is due to either a thrombus or an embolus [17,18]. Emergency care is aimed at getting the blood flow back to 

normal, mainly by administering intravenous thrombolysis using tissue plasminogen activator (tPA) if the patient is treated 

within four and half hours of the onset of symptoms [19]. Hemorrhagic stroke results from the burst of a damaged blood 

vessel in the brain, which causes either immediate bleeding within or in the region around the brain. The leaking blood 

damages brain cells and interferes with regular brain activity. Additionally raises intracranial pressure, lowers nearby 

cerebral blood flow, and could cause edema and irritation that aggravate the damage [9,20,21].  

As shown in Figure 1, one results from a blocked blood vessel while the other comes from a vessel bursting; both have 

visual distinctions. 
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Fig 1. Visualization of Ischaemic and Haemorrhagic Stroke 

Research findings indicate that advanced Medical Learning Models, like those found within Artificial Intelligence, can 

sustain their success rates when diagnosing patients with accuracy greater than vs 80% for experienced clinicians. 

Advanced ML Models can achieve up to 91 percent on multiple choice charts compared to other forms of clinicians 

demonstrating the high level of support and improved decision-making capabilities within the medical learning World for 

Medical Decisions [14,15]. 

 

2. LITERATURE REVIEW & RESEARCH GAP 

Conventional clinical instruments, such as the Framingham Stroke Risk Profile, have been critically used to guide medical 

practice; however, they rely heavily on linear regression-based methodologies. Unfortunately, these methodologies are not 

well suited for handling the complex nonlinear relationships that exist between numerous risk factors. Many of these 

models are also built for a particular population and do not apply very widely to other ethnic or regional groups, which is 

yet another constraint [22].  

Although their interpretability and simplicity of adoption in clinical practice have made regression-based models still quite 

popular, several studies have noted their difficulties when working with high-dimensional or nonlinear data [23]. Applied 

to big datasets with varied clinical characteristics, machine learning models often outperform conventional statistical 

techniques, as shown by a systematic review [24]. Using a hybrid random forest together with a linear model, one study 

predicted cardiovascular illnesses and attained 88.7% accuracy utilizing supervised learning algorithms [25]. Ten different 

ML techniques for early stroke prediction were examined in another study; a weighted voting classifier had the best 

accuracy and highest AUC [26]. Likewise, other scientists have said that random forests are often the best model for 

estimating stroke risk [27].  

Additional contributions comprise of the application of ML models on stroke data to assess performance disparities among 
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classifiers, therefore revealing the most efficient model for their dataset [28]. Furthermore, investigations contrasting deep 

learning approaches with conventional ML methods discovered deep learning does not always provide a major benefit 

[29]. For example, one analysis employing the International Stroke Trial data found that deep learning techniques did not 

significantly surpass machine learning classifiers in forecasting ischemic stroke recovery results [30]. Using a stacking 

technique to stroke dataset, one other study demonstrated great performance in terms of accuracy, AUC, F-measure, 

accuracy, precision, and recall among other indicators [31]. 

Researchers are now directed in transparent reporting and prejudice assessment by emerging criteria including TRIPOD-

AI and PROBAST-AI [32]. Many ML models produce great discrimination scores like high AUROC values, but when 

used to outside groups, their calibration usually fails [33]. One writer described calibration as the Achilles heel of predictive 

analytics since incorrect calibration might deceive doctors and endanger patient safety even if a model has great accuracy 

[34]. More recently, a research team assessed the calibration and bias of a machine learning model put in use in a major 

healthcare network [35]. Their results strengthened the idea that wrongly calibrated models can consistently overestimate 

or underestimate patient risk, hence resulting in incorrect clinical decisions in actual situations [36]. 

Despite the expansion of machine learning in stroke prediction, there are still several limitations to models being capable 

of reliably and accurately predicting future occurrence of strokes [14]. Researchers and clinicians continue to push for 

improved calibration, accuracy, and understanding of AI-based health systems. Many machine learning stroke models 

suffer from data quality issues due to poor data collection processes (e.g., missing values, inconsistent coding, and changes 

in clinical practice) that impede long-term performance through model drift, although advancements are occurring at a 

rapid pace in technology. Additionally, the lack of external validation has decreased the ability of many of these models 

to perform accurately in different healthcare environments [15]. Addressing these issues requires consistent monitoring, 

effective governance structures, and the ongoing feedback of clinicians during model development. 

In this project we intend to build a stronger, clearer, more reliable stroke risk prediction model than has previously been 

made available by using machine learning algorithms on an extensive dataset and evaluating our model from multiple 

dimensions including accuracy, fairness, transparency, and application to real-world data. 

 

 

3. METHODOLOGY 

3.1. Dataset 

The study on brain stroke was conducted using a dataset from the Kaggle website containing 4,981 records having 11 

features representing demographic, lifestyle and medical data for predicting strokes. Of these features, ten are independent 

variables while stroke is the dependent variable (or target). The target variable is binary where one indicates the patient 

has experienced a stroke or has a high chance of having one. A zero indicates there was no history of either event. Table 1 

below offers a detailed analysis of each factor such as: 
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Table 1: Details of dependent and independent variable 

Column Name Type Values Definition / Clinical Meaning 

(1)  gender Nominal  Female, Male The patient’s biological sex, which 

can influence their likelihood of 

experiencing a stroke. 

(2) age Numeric 

(int/float) 

0–100 Age in years (risk increases 

significantly with age). 

(3) hypertension Binary (0/1) 0 = No, 1 = Yes Presence of high blood pressure 

(major stroke risk factor). 

(4) heart_disease Binary (0/1) 0 = No, 1 = Yes Indicates cardiovascular conditions 

such as atrial fibrillation. 

(5) ever_married Categorical Yes, No Marital status (proxy for social 

determinants of health). 

(6) work_type Categorical Private, Self-employed, 

Govt_job,  

Type of employment; linked to 

lifestyle and healthcare access. 

(7) Residence_ type Categorical Urban, Rural Patient’s residence location, affecting 

healthcare accessibility. 

(8) avg_glucose_ 

level 

Numeric 

(float) 

50–300 mg/dL Average blood glucose; high levels 

indicate diabetes risk. 

(9) bmi Numeric 

(float) 

10–60 kg/m² Body Mass Index; 

obesity/underweight linked to stroke 

risk. 

(10) Status of 

Smoking        

Categorical Never Smoked, Formerly 

Smoked, Currently 

Smokes, Unknown 

Use of Tobacco  history (major 

modifiable stroke risk factor). 

(11) Stroke Binary (0/1) 0 = No, 1 = Yes Target variable, Shows if the patient 

suffered a stroke. 

But the dataset has a class imbalance because non-stroke cases are far more than stroke cases. Also, the various data 

types in the dataset need different preprocessing methods. The pie chart in figure 2 portrays both the classes. Ninety-five 

percent of the output indicates zero or ‘No-Stroke.’ Only five percent shows a different result.  
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Fig 2. Pie chart shows the imbalance in dataset 

 

3.2. Artificial Intelligence  

AI (Artificial Intelligence) is a rapidly evolving area within Computer Science as it relates to developing computer 

programs that can perform tasks typically performed by humans through intelligence such as: Learning Logic & Reasoning, 

Understanding the Environment; Making Decisions; Understanding Language; and Solving Complex Problems[37,38,39]. 

Deeper learning is more sophisticated specialization in machine learning. Special layered neural networks that let the 

system automatically derive significant characteristics from big and complicated data are employed. Particularly it is good 

with unstructured data, such as images, audio, video, and text is deep learning. Many times, it outperforms conventional 

machine learning techniques [40,41].  ANNs and Deep Learning approaches are increasingly being utilized for stroke 

prediction [42,43]. While deep learning works very well on medical images, time-series data, and electronic health records, 

ANNs emulate biological neurons and can model highly non-linear relationships [44,45].  

A. Logistic Regression 

Mostly utilized for classification issues, category prediction this supervised machine learning algorithm is because of its 

simplicity and interpretability, it is sometimes employed in stroke prediction models as a baseline model [46].  Usually 

used to model a binary dependent variable with the aid of logistic function, logistic regression is a statistical model [47,48]. 

Another name for the logistic function is a sigmoid function and is given by: 

 

This feature turns values ranging from very negative to extremely positive into a scale from 0 to 1, therefore assisting the 

logistic regression model in changing them.  

Figure 3 shows the graph between data points on x-axis vs predicted value or probability along y-axis as given below. 

5%

95%

Output Classes

Stroke

No Stroke
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Fig 3. Graph shows the probability ‘y’ against data. 

Simple to execute, works well with smaller datasets, produces probability outputs, that can be used for medical risk 

prediction and interpret-able coefficients that reveal feature relevance [54,55].  

B. Decision Tree 

Easy to grasp and often used, decision tree is a ML classifier capable of addressing regression as well as classification 

problems. Based on various characteristics, it repeatedly divides the data into smaller pieces. The algorithm picks the divide 

that most clearly divides the data at every stage to create pure and defined groups as feasible [49].  

A decision tree resembles a tree. Every internal node depicts a question or condition depending on a feature; each branch 

depicts the possible outcome of that circumstance; each final node (leaf) provides the result. For classification tasks, the leaf 

node reveals the predicted class; for regression jobs, it provides a numerical value [50]. The figure 4 below shows the tree 

structure as; 

 

Fig 4. Depiction of decision tree as tree with branches 

C. Random Forest 

An ensemble machine learning classifier develops multiple decision trees and combines their results to improve prediction 

accuracy and stability. Instead of relying on a single tree, Random Forest uses bagging, or bootstrap aggregating, where 
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each tree is trained on a random subset of the data and features. The outcome is determined by majority voting for 

classification problems or averaging for regression tasks. [51]. 

 

Fig 5. Shows the multiple decision trees of Random Forest 

 

This method enhances generalization on unobserved data and lowers the danger of over-fitting, a often seen problem with 

single decision trees. Worth in medical prediction models [51]. When we solve regression problems with the Random 

Forest Algorithm, we use the mean squared error (MSE) to understand how data splits from each node. [52].  

D. Gradient Boosting 

Gradient boosting is a step-by-step method. In this approach, each new model focuses on correcting the errors made by 

the previous one. This is different from Random Forest, which builds trees at the same time and in parallel. Gradient 

boosting improves performance of the model by lowering the loss function through the addition of weak learners, typically 

shallow decision trees. This method effectively captures complex, non-linear patterns in the data [53].  

Gradient boosting gives high predictive accuracy and handles imbalanced datasets well. But it often requires more 

computing power and careful tuning of parameters. The model can become susceptible to overfitting if parameters like 

learning rate, tree depth, and estimator count are not carefully tuned [54]. 

 

E. Support Vector Machine 

Support Primarily intended for classification; the vector machine is a popular supervised learning technique. It can also 

address regression problems. Its main goal is to find the best boundary that separates different categories of data or 

hyperplane [55]. The decision line relies heavily on these nearest points, known as support vectors. SVM improves its 

ability to accurately categorize new and unseen data by increasing this gap, making it reliable for applications that need 

precision and clear separation. 

The SVM model depends on a few key ideas to classify data effectively. At its center is the hyperplane, which serves as 

the decision boundary and is mathematically given by wx + b = 0 in linear cases. The data points closest to this boundary 

are called support vectors. Even small changes in these points can move the hyperplane. The distance from the hyperplane 

to these closest points is the margin. SVM aims to maximize this distance to make classification more effective.  
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F. K-Nearest Neighbours 

For both classification and regression applications, KNN is a basic but strong supervised machine learning method. The 

basic concept centers on resemblance: a fresh data point is given the class most prevalent among its "k" nearest neighbors 

in the feature space. Usually measures the nearness of points using distance metrics. Non-parametric KNN makes no 

assumptions about the underlying data distribution, hence it is adaptable and appropriate for a range of intricate datasets 

[57,58].  

The fundamental assumption behind KNN is that neighboring data points are likely to be similar. The following steps the 

algorithm operates:  

Features (attributes) and associated labels (for supervised learning tasks) define the structure of the dataset.  

Using a selected distance metric, the algorithm determines the distance from every other point in the dataset when a new 

point needs to be classified or predicted. The algorithm finds the k nearest neighbors depending on the distances and 

assigns the most frequent class (for classification) or calculates an average value (for regression) to predict. 

G. Naive Bayes 

Based on Bayes' theorem of probability, naive Bayes is a straightforward but strong supervised machine learning model. 

It is termed "nave" since it posits that all characteristics are unrelated of each other, which hardly holds true in actual data 

but still works surprisingly well in reality. Combining prior probabilities (the overall likelihood) with the conditional 

probabilities of seeing the given characteristics [59], naive Bayes determines the probability a data point belongs to a 

certain class.  

This classifier presupposes that the characteristics we employ to forecast the target are unrelated and have no bearing on 

one another. Though in real-world data the independence hypothesis is never true, but often it functions well and hence is 

termed "Naive".  

Bayes Theorem states mathematically that given features vector X=(x1,x2,…,xn) and a class variable y, [60]: 

 

 

 

 

3.3. Data Preprocessing 

The first phase in turning raw data into a tidy, consistent, structured, and practical format for analysis and application of 

machine learning methods is data preprocessing. Poor preprocessing causes incorrect and biased forecasts [61]; therefore, 

this phase is rather crucial. The following steps are essential in this process: 

 

A. Data Cleaning 

Data cleaning involves detecting, removing and correcting corrupt, inaccurate, inconsistent or irrelevant data from a data-

set to raise its quality and dependability and ready it for using algorithms. It comprises a set of activities, addressed below 

as [62]. 
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B. Handling missing values 

First, we check the missing entries, if found, then we either delete row/column with too many missing values, or we we 

fill missing values using mean, median, mode or other suitable advanced method [63]. In this case of brain stroke data-set, 

missing values were checked using command ‘ df.isnull().sum() ’ in Python and no missing values were found in any 

column, as shown in table 2 as: 

Table2: Details of null values 

 

C. Data Type Correction 

First, it is checked type of entries, broadly numeric and categorical. For this, ‘ df_cat.describe() ’ and ‘ df_num.describe() 

’ algorithms applied to find out details of numeric and categorical entries, as shown below in table 3. 

Table3: Details of numeric and categorical entries 
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As the data contains both numeric and object type entries, so correction was required to transform all into numeric as 

algorithms work on numeric values. For this, a technique called ‘LabelEncoder ’ used in Python which converts all the 

categorical entries such as ‘ yes ’ , ‘ no ’, ‘ male ’ , ‘ female ’ etc into numeric values. ‘ LabelEncoder ’ assigns a specific 

integer to each different category in the mentioned column [64] as shown here figure 6. 

 

Fig 6. Merging of numeric and categorical entries 

D. Data Normalization 

As the numeric values are very wide ranged, this causes disproportionate influence of features with larger values [65]. So 

data is transformed to a common scale, typically within a defined range, between zero and one in this case, called data 

normalization.  Normalization is a very crucial pre-processing step for optimal model performance and stability. In python, 

“ MinMaxScaler( ) ” algorithm is used to perform the process of data normalization.   

 

E. Imbalanced Data and SMOTE 

Since dataset is imbalanced, that is one class significantly outnumbers others, here ‘non-stroke’ is predominant over 

‘stroke’, as shown and discussed above. This creates severe skews in the class distribution and leads to poor machine 

learning model performance on minority class. To address this problem, one of the effective techniques is ‘Synthetic 

Minority Oversampling Technique’ or SMOTE, has been applied on this dataset [66]. In Python, SMOTE can be easily 

implemented using the imbalanced-learn (imblearn) library, which provides convenient tools for handling class imbalance 

in machine learning datasets [66]. 
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3.4. Application of algorithms 

Understanding the major Python libraries that help with development is important when using machine learning 

algorithms. Python libraries are collections of pre-written code, including modules, functions, classes, and tools that offer 

specific features [67,70]. 

NumPy provides an extensive set of capabilities to enable mathematical calculations to be performed on arrays, and it also 

supplies efficient means of structuring arrays and matrices to facilitate the efficient retrieval of values stored within them 

[69].  Developed to enable users to process and analyze large amounts of data, Pandas is an open-source library built on 

top of NumPy that allows users to easily manipulate structured data such as tables/timeseries. The Scikit-Learn (sklearn) 

library is an open-source project that provides a simple and effective way to perform data analysis, machine learning, and 

predictive modelling. The library is built on three main components- NumPy, Scipy, and Matplotlib [68]. Matplotlib offers 

strong tools to produce legible, enlightening, and aesthetically pleasing charts, matplotlib and seaborn are among the most 

often used Python data visualization libraries.  

Data splitting is an important part before employing predictive classifiers in Python. Typically, the data is separated into 

training, validation, and testing sets [67]. The training set trains the model by adjusting its parameters. The Scikit-Learn 

(sklearn) library has the `train_test_split()` function, which simplifies and speeds up this process [69]. In this instance, the 

data is split into 80% for training and 20 for testing [68,70].  

 

3.5. Type I and Type II Errors 

Type I Error (False Positive) occurs when a test incorrectly shows an effect or condition is present when it is not[69,70]. 

Type II Error (False Negative) occurs when a test fails to identify an effect or condition that is actually present, meaning 

the null hypothesis is not rejected even though it is false.  

Assessing how well a machine learning model performs is an important step. In Python, the Scikit-Learn metrics module 

offers various tools for this purpose. Accuracy measures the proportion of correct predictions, but it can be misleading 

with imbalanced datasets. In those cases, metrics like precision, recall, and F1-score give a better evaluation [67].  

• Precision is the ratio of correctly predicted positive instances to all predicted positives.   

• Recall measures how many actual positives the model correctly identifies.   

• F1-score combines precision and recall into a single metric, balancing the two for a more complete assessment.   

The confusion matrix breaks predictions into true positives (TP), true negatives (TN), false positives (FP), and false 

negatives (FN). This offers another valuable tool for assessment. Understanding the types of mistakes the model makes is 

especially important in healthcare and other critical areas. This knowledge helps evaluate its accuracy, summarized in table 

4 and formulas in table 5 as; 
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Table4: Confusion Matrix 

 

 

Table5: List of formula of all the relevant evaluation parameters 

  

 

 

 

 

 

 

 

4. RESULTS 

By applying and assessing seven commonly used supervised machine learning algorithms such as Logistic Regression, 

Decision Tree, Random Forest, Gradient Boosting, SVM, KNN, and Naïve Bayes, it was observed that Random Forest 

consistently offered the most reliable and strong performance on this imbalanced dataset. The models were evaluated using 

key measures such as accuracy, precision, recall, F1-score, and Area Under the ROC Curve (AUC). These measures are 

important for assessing performance in class-imbalance data.  

In relation to all the classifiers tested, Random Forest outperformed each one for accuracy prediction and achieved a better 

ratio of Precision to Recall. As a result, Random Forest had higher F1 and ROC AUC scores than all the classifiers 

evaluated in the analysis. Therefore, the performance results indicate that Random Forest is the optimal model for this 

dataset. The performance scores of all the classifiers across all evaluated metrics can be found in Table 6. 
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Table5: List of each classifier and their corresponding scores 

 

 

 

 

 

  

 

 

5. CONCLUSION  

The focus of this study was to determine how well the seven most widely used classifiers for supervised machine learning 

performed: Logistic Regression, Decision Tree, Random Forest, Gradient Boosting, SVM, KNN, and Naïve Bayes, 

according to several performance metrics (accuracy, precision, recall, F-1 Score, AUC). Based on all of these performance 

metrics Random Forest constantly outperformed the other methods. The fact that Random Forest is capable of handling 

non-linearity, reduces overfitting through ensemble methods as well as having the ability to provide balanced 

classifications was the reason why Random Forest was selected for use with this dataset. The findings of this study suggest 

that the use of ensemble approaches, such as Random Forest, is ideal for classifying problems associated with imbalanced 

data. 

 

6. FUTURE WORKS 

Traditional machine learning methodologies can struggle with ambiguous or borderline cases that occur with imbalanced 

datasets. The application of a fuzzy logic approach such as Fuzzy Rule-Based Classifiers, Adaptive Neuro-Fuzzy Inference 

Systems (ANFIS) or Fuzzy Ensemble Models may provide added support to improve decision-making techniques since 

they provide degrees of membership rather than strict classification labels.  

As researchers continue to develop larger and more complex data sets, Quantum Computing provides researchers a way 

to drastically improve their classification accuracy and therefore, model training speed. Future research could focus on 

the development of Quantum Support Vector Machines (QSVM), Quantum Neural Networks (QNN), and Quantum 

Enhanced Ensemble Methods. By combining both Classical and Quantum Learning methods this transition may also 

provide researchers with a means to reduce costs, enhance learning in high dimensional spaces and, produce results that 

are superior to both the Classical. 
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