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Abstract: The issue of health risks associated with diabetes mellitus, particularly the risk of developing a stroke in case of 

genetic predisposition, is critical and requires special attention. Nevertheless, current approaches for identifying health risks do 

not account for the intricate relationships among multiple factors that can lead to certain health conditions, and the predictive 

ability of modern technologies is limited. That is why the main aim of this research is to develop an advanced predictive 

machine learning model for identifying stroke risk among diabetes patients. To meet the stated objective, the following 

healthcare data attributes were used: age, hypertension, heart disease, BMI, smoking status, and mean glucose. Moreover, 

missing values, categorical variables, and numerical values were processed and normalized. As a result, four algorithms were 

analyzed: Extra Trees, a Multi-Layer Perceptron (MLP) neural network, XGBoost, and a stacking model consisting of a 

Random Forest and an Extra Trees ensemble, as well as an MLP classifier. According to the results, the stacking approach 

achieved the highest prediction accuracy, exceeding 0.90. Meanwhile, the highest prediction accuracy rates (0.91 and 0.86) 

were achieved with the XGBoost and MLP neural network algorithms, while Extra Trees achieved lower accuracy (0.82). The 

model has the best accuracy, precision, and recall, proving that the health risk prediction solution is effective.  
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1. Introduction 

 

Stroke is a major health condition characterized by a disruption in blood flow to the brain [13]. When the blood supply is 

reduced or completely blocked, brain cells begin to die within a very short time due to a lack of oxygen and essential nutrients, 
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which may even cause death if not addressed immediately. In most cases, victims of accidents are unable to supply adequate 

evidence that a stroke is a life-threatening disease beyond any reasonable doubt. It has been observed that a person who has 

undergone a stroke often faces several long-lasting problems, such as difficulties in speaking, lack of mobility, loss of memory, 

and problems with performing day-to-day activities, which can have a major impact on the quality of life of the patient, thereby 

posing a challenge to the healthcare system [14]. The severe impact of stroke on an individual or a society has made it a 

significant area of research for early prediction and prevention. With the advent of modern technologies, machine learning has 

also been considered for the early prediction of stroke by analyzing medical data to identify individuals who are more prone to 

stroke. The importance of machine learning has become a major factor in predicting health outcomes, especially with the 

digitization of health records and information [12].  

 

There has been a rise in the collection of health data, creating a valuable resource for data-driven analysis, where machine 

learning can efficiently process large amounts of data to reveal information that can be difficult to recognise through other 

forms of analysis. Based on historical data on human health, machine learning models can also identify potential risk factors 

for various diseases, such as stroke [15]. This is because machine learning models can predict the risk of various diseases, 

providing medical practitioners with a significant advantage, enabling them to make more informed decisions. In this paper, 

the authors propose a stroke prediction system based on machine learning using health data. In this risk prediction system, the 

risk of stroke can be estimated based on various factors such as age, glucose levels, body mass index, hypertension, and 

smoking. The proposed system can be implemented using a web-based platform with the Streamlit library [16]. To make the 

system more accessible and user-friendly, the prediction model is integrated into a web interface created using the Streamlit 

library. This interface enables users or healthcare practitioners to input patient data, generating real-time predictions of the 

patient’s stroke risk [17]. This would help medical practitioners detect the problem earlier, leading to better patient care and 

reduced stroke-related complications [11].  

 

2. Literature Review 

 

Stroke is one of the most common causes of death and disability all over the world. Thus, predicting stroke has become a vital 

topic in modern scientific research [4]. The emergence of digital technologies enabled the introduction of various machine 

learning algorithms that contribute to stroke prediction [5]. Initially, scientists had statistical models at their disposal to identify 

correlations among various factors affecting stroke and its outcomes [6]. However, despite the effectiveness of statistical models 

in stroke prediction, it was impossible to apply them to the analysis of high-dimensional data. Because of rapid advances in 

machine learning, it became possible to implement techniques such as Logistic Regression, Decision Trees, Naïve Bayes, and 

SVMs to identify relationships among multiple variables. Decision Tree appeared to be a convenient tool in medicine because 

it allowed identification of the set of factors that might cause stroke [7].  

 

At the same time, logistic regression enabled binary classification, whereas SVM performance was significantly higher for 

high-dimensional data. Using the ensemble algorithm, it was possible to improve prediction performance by combining 

multiple Decision Trees [9]. Recently, scientists have introduced novel algorithms such as XGBoost, Extra Trees, and MLP 

NNs that have surpassed others in health-related research. In terms of data preprocessing, its quality became crucial for 

prediction, as the presence of outliers, missing values, and class imbalance in medical datasets can harm results if not properly 

processed [2]. Another aspect to consider is the choice of appropriate metrics when predicting a binary, imbalanced problem, 

since the Matthews Correlation Coefficient performed much better than F1-score and accuracy [8].  

 

A recent study conducted by Chen et al. [1] revealed that the glycemic variability independently increased the probability of 

developing a stroke, myocardial infarction, and mortality among people with diabetes. Given the aforementioned information, 

it is worth conducting this research to investigate the feasibility of using machine learning methods to predict stroke based on 

glucose-related variables. The XGBoost algorithm has been proposed as a highly powerful gradient boosting tool for healthcare 

predictive modeling. In contrast to typical boosting approaches, which do not include regularizers in their design, XGBoost 

embeds regularizers in its objective function, thereby controlling model complexity and reducing overfitting in large, 

unbalanced health care datasets [7]. Also, it has a feature for handling missing values within the model. What’s more, it does 

so by a process of error correction that goes tree by tree, which is very much at home in clinical prediction, a field with variable 

data quality.  

 

In the field of stroke and heart disease, XGBoost has, in many reports, outperformed traditional classifiers. It can effectively 

capture complex and non-linear relationships among clinical variables, which are often difficult for other models to handle. 

This is what researchers see in the case of the Extra Trees classifier, also known as Extremely Randomized Trees, which 

introduces an additional element of chance at the stage of splitting nodes, beyond what is present in Random Forest. Instead of 

selecting the best split from a set of features, ET randomly selects a feature and a split threshold, thereby reducing variance at 

the expense of a slight increase in bias [9]. Also, this is a very useful feature in the domain of stroke prediction, which has a 

large and varied feature set, including continuous variables such as glucose and BMI, as well as categorical variables like 
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smoking history and hypertension diagnosis. Also, researchers find that the greater the diversity introduced among individual 

trees in an Extra Trees ensemble, the better the overall prediction performance, which is very helpful when the training data 

contains noise or is imbalanced [10].  

 

Multi-Layer Perceptron (MLP) neural networks are at the base of what researchers call deep learning frameworks, which can 

determine very complex, hierarchical relationships in raw clinical data. Made up of many layers of fully connected neurons 

with nonlinear activation functions, MLP models are also widely regarded as a better option for modeling the detailed 

interactions among metabolic, demographic, and lifestyle factors that contribute to stroke risk [7]. Also, compared to shallow 

classifiers, MLP structures achieve better performance on data sets with very fine, nonlinear patterns, which, in turn, traditional 

algorithms do not do as well with. In health care prediction settings, MLP neural networks have proven very reliable for binary 

classification, where misclassifying a high-risk patient as low risk is a very serious issue [10]. Multiple models can be used 

with a stacking approach to predict an outcome. The process is called generalization. Stacking models combine predictions 

from multiple models, each of which gives a different prediction. Some are based on trees; some are based on distance. Some 

are based on neural networks. Stacking differs from methods such as bagging and boosting. These methods use models that are 

similar to each other. Stacking uses models that are very different. This helps to make a complete decision. In predicting strokes, 

stacking is very useful.  

 

This is because different models can capture patterns in the data. The top-level model is trained to integrate predictions from 

each base model. It determines how much weight to assign to each model. This results in a more accurate model. It is also better 

at making reliable predictions. This is better than using any one model. The way researchers predict strokes is improving, as 

researchers are now using variability metrics. This is a deal because it is better than just using a single glucose measurement. 

A single fasting glucose reading cannot show us this. For example, Lee and his team did a study and found out that people with 

diabetes who have big swings in their blood glucose levels are more likely to have a stroke, heart attack, or die from any cause. 

This is true even if their average glucose levels are okay. They also found that this is true even when risk factors for heart 

disease are taken into account. So, using variability in computer models to predict stroke risk is a good idea. It is better than 

using the average glucose level. This could really help us Figure out who is at risk of a stroke and help people with diabetes 

stay healthier [3]. 

 

3. Methodology  

 

This paper proposed a comprehensive stroke prediction system used to assess the risk of stroke among diabetic patients in a 

structured, multi-stage manner. The proposed methodology is based on a systematic workflow that increases the efficiency and 

reliability of the prediction. The process begins with data collection from a publicly available healthcare dataset. Key patient 

information, including age, body mass index (BMI), glucose levels, hypertension status, heart disease status, and smoking 

status, is presented in this dataset. These features are highly relevant because they are often associated with stroke risk factors 

in medical studies. The data, when collected, is split into two parts, one for training and the other for testing. The predictive 

models are trained on approximately 80 percent of the dataset, with the remaining 20 percent used for testing. This division 

ensures the model is validated on unseen data, thus increasing generalization and decreasing overfitting risk. And they validate 

the model on new data, ensuring the system still works well in real-world situations where incoming patient data differs. 

 

The architecture of the stroke prediction system is designed to clearly show the interplay among the components involved in 

the prediction process. All patient attributes are fed into the system at the input layer. The input data is then passed to the pre-

processing module, which plays a crucial role in preparing the data for further analysis. Missing values are handled to avoid 

inconsistencies, categorical variables are converted to numerical formats, and normalization techniques are applied to ensure 

that all features are on comparable scales. The data passes through the pre-processing module, then moves to the feature 

engineering module. In this phase, the relevant features will be selected and refined to enhance the predictive model's overall 

performance. Feature selection is a technique for eliminating redundant or less important variables, thereby reducing 

computational complexity and improving model accuracy. New features can also be derived from existing features to capture 

hidden patterns in the data. 

 

That processed data then moves to the model training module, post feature engineering. In such a case, machine learning 

algorithms are used to learn patterns and relationships between the input features and the target outcome (the probability of 

stroke occurrence). The model is trained iteratively on the training data set until satisfactory performance metrics are achieved. 

After finishing the training phase, the testing dataset is used to evaluate the model. Its performance is evaluated using metrics 

such as accuracy, precision, recall, and F1-score. This evaluation stage guarantees the model is robust and can make reliable 

predictions. Finally, the trained and validated model is used in the prediction phase, where it analyzes new patient data and 

provides an estimate of stroke risk. This will assist healthcare professionals in early diagnosis and preventive care (Figure 1). 
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Figure 1: Flow diagram of stroke prediction 

 

In this module, researchers use machine learning algorithms such as Logistic Regression, Random Forests, Extra Trees, MLP 

Neural Networks, and XGBoost. Researchers combine the outputs of these models using a stacking method. This helps improve 

prediction accuracy. Finally, the system predicts the stroke risk. Shows it to the user through a web-based interface. The system 

gives the output in the form of a stroke risk prediction. The stroke prediction system uses stroke data to make predictions. The 

system handles data and provides stroke risk predictions (Figure 2). 
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Figure 2: Architecture diagram of stroke prediction 

 

3.1. Model Used 

 

3.1.1. Extra Trees Classifier 

 

• A classification technique using an ensemble of randomized decision trees. 

• Aids in reducing variability and increasing stability. 

• Effective in handling high-dimensional data. 

 

3.1.2. XG-Boost  

 

• A gradient boosting framework that emphasizes speed and efficiency. 

• Built-in handling of missing values. 

• Offers superior prediction abilities through incremental learning. 
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3.1.3. MLP Neural Network 

 

• Models complicated non-linear relations. 

• Generates a hierarchical representation of features. 

• Ideal for understanding sophisticated interdependencies among variables. 

 

3.1.4. Stacking Ensemble 

 

• Aggregates predictions from various base learners. 

• Incorporates a meta-learner (logistic regression) for making final predictions. 

 

3.2. Data Collection 

 

The dataset is sourced from a medical institution. The dataset comprises patient data, including age, glucose levels, body mass 

index (BMI), hypertension, heart disease, and smoking status. These variables are considered vital since they are linked to the 

risk of having a stroke.  

 

3.3. Data Pre-processing 

 

Next, the collected data is cleaned and prepared. In real- world datasets, there are usually missing values and unwanted noise. 

So, missing values are handled using suitable methods, and incorrect or unnecessary data is removed. After that, the data is 

normalized or standardized so that all values are in a similar range. This helps the model to learn better. A data quality check 

is then performed to ensure the dataset is ready for the next step. If the data is not of sufficient quality, the pre-processing steps 

are repeated until the quality improves. 

 

3.4. Feature Engineering 

 

After pre-processing, the dataset is used to select important features. Not all features are useful, so less important ones are 

removed to reduce complexity. This makes the model faster and more accurate. Correlation analysis is used to understand how 

each feature is related to stroke risk. Sometimes, researchers can derive new features from existing data to uncover better 

patterns. These features will help provide meaningful input to the model. 

 

3.5. Model Training 

 

After pre-processing and feature selection, splitting the dataset into training and test sets is the next step. For this paper, various 

sophisticated machine learning algorithms have been applied to achieve better results and a more comprehensive analysis. The 

following models are used to predict stroke likelihood: Extreme Gradient Boosting, Extra Trees Classifier, and Multi-Layer 

Perceptron Neural Network. Extreme Gradient Boosting is one of the most effective machine learning algorithms, building 

multiple decision trees to improve predictive accuracy significantly. The other algorithm, namely the Extra Trees Classifier, is 

an ensemble approach that constructs many randomized decision trees to obtain a more generalized result. Finally, the third 

model, Multi-Layer Perceptron, is a neural network architecture that can recognise any nonlinear pattern in the input data. 

Furthermore, an ensemble model called Stacking is created through combining multiple base learners: Random Forest, Extra 

Trees, and Multi-Layer Perceptron Neural Network. All their predictions will be aggregated by Logistic Regression, which will 

act as a meta-classifier. As a result, all models have been developed using the pre-processed and engineered dataset. Accuracy, 

precision, recall, and F1-score were used to evaluate their performance. 

 

3.6. Model Evaluation 

 

After training, the next step is to test our model using various techniques and determine whether it produces the desired output. 

If the results are not accurate enough, researchers fine-tune the parameters or select appropriate features until they achieve 

desirable results. This model improvement process ensures that the model performs satisfactorily even on real-world data. 

 

3.7. Prediction Module 

 

Once researchers have an efficient model, they implement the prediction module to predict the output from the inputs. The 

output generally consists of two classes: 

 

• High Risk (likely to suffer from stroke) 
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• Low Risk (No stroke)  

• This helps doctors to take early preventive actions. 

 

3.8. Feedback Mechanism  

 

Finally, the last step in the predictive model-building process is feedback generation and handling. As more data arrives, it is 

possible to update the current model and improve its performance. 

 

Table 1: Feature comparison 

 

Parameter Existing Intermediate Proposed 

Type Single ML/Deep Ensemble 

Learn Linear Non-linear Hybrid 

Feat Low Multi Combined 

Accuracy Med High Very high 

Overfit High Low Very low 

Decision Single Multi Meta 

Scale Low High High 

 

The feature comparison in Table 1 provides a detailed description of both the existing and proposed approaches used in this 

research. Classical machine learning approaches like logistic regression have some weaknesses, especially when it comes to 

identifying complex associations among medical data variables, since such models are designed for linear equations. In contrast, 

intermediary approaches such as XGBoost, Extra Trees, and MLP Neural Networks are more effective, as they can detect 

nonlinearity and handle many variables simultaneously. The stacking machine learning approach emerges as the most efficient, 

since it combines all the discussed models using a meta-classifier.   

 

Algorithm 1: Stroke Risk Prediction using Stacking Ensemble Method 

 

Input: Dataset DDD from the healthcare sector with features (age, body mass index (BMI), glucose level, hypertension, heart 

disease, smoker or non-smoker), and train data ratio. 

 

Output: Stroke risk prediction model MstackM_{stack}Mstack  

 

Step 1: Dataset splitting into train dataset DtrainD_{train}Dtrain and test dataset DtestD_{test}Dtest based on the ratio rrr. 

 

Step 2: Data pre-processing: 

 

• Missing value handling 

• Variable encoding 

• Feature normalisation 

 

Step 3: Feature selection and obtaining an optimized feature set FFF 

 

Step 4: Training of base classifiers: 

 

• Train Logistic Regression classifier M1M_1M1  

• Train Random Forest classifier M2M_2M2  

• Train Extra Trees classifier M3M_3M3  

• Train MLP Neural Network classifier M4M_4M4  

• Train XGBoost classifier M5M_5M5  

 

Step 5: Making predictions by base classifiers for the dataset DtrainD_{train}Dtrain  P=\{M_1(D), M_2(D), M_3(D), M_4(D), 

M_5(D)\} 

 

Step 6: Training the meta-classifier using PPP predictions. 

 

Step 7: Create stacking model: M_stack = Meta(P) 
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Step 8: Assess the stacking model on D_test using accuracy, precision, recall, and F1-score 

 

Step 9: Output trained stacking model M_stack 

 

4. Results and Discussions 

 

Researchers evaluated the proposed stroke prediction system using multiple machine learning models, ranging from traditional 

to very advanced approaches. In this study, researchers examined Logistic Regression, Random Forest, Extra Trees, Multi-

Layer Perceptron (MLP) Neural Network, Extreme Gradient Boosting (XGBoost), and the developed Stacking Ensemble 

Model. Researchers trained all models on the pre-processed data and evaluated them using standard performance metrics, 

including Accuracy, Precision, Recall, F1 score, and ROC-AUC (Figure 3). 

 

 
 

Figure 3: Confusion matrix 

 

The confusion matrix presented by the researchers is for the proposed stacking model's performance. Researchers note that 

True Positives (TP) and True Negatives (TN) are cases in which the model correctly identified stroke and non-stroke cases; at 

the same time, False Positives (FP) and False Negatives (FN) are cases that are misclassified. Researchers report that the model 

does very well in terms of correct predictions, which in turn proves the model’s performance in the differentiation between 

stroke and non-stroke cases (Table 2). 

 

Table 2: Performance metrics 

  

 

 

 

 

 

 

 

Performance analysis indicates that our stacking model achieves very accurate and balanced class performance. Researchers 

see precision as the ratio of correct stroke case predictions and recall as the model’s ability to identify stroke cases. Also, 

researchers use the F1 score, the harmonic mean of precision and recall, and ROC-AUC, which assesses the model’s 

performance at class separation. 

 

4.1. Evaluation Metrics and Mathematical Formulation  

 

To see how well the proposed model works, researchers used some tests. Researchers looked at the confusion matrix values. 

This includes things like True Positives, when the model gets it right, and True Negatives, when the model gets it right again. 

Metric Value 

Accuracy 0.90 

Precision 0.45 

Recall 0.76 

F1 Score 0.56 

ROC AUC 0.89 
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Researchers also looked at False Positives and False Negatives. The proposed model was evaluated using these values. The 

proposed model's performance was evaluated using True Positives, True Negatives, False Positives, and False Negatives: 

 

Accuracy: Accuracy = (TP + TN)/(TP + TN + FP + FN)                                                                      (1) 

 

Precision: Precision = TP/(TP+FP)                                                                                                        (2) 

 

Recall: Recall = TP/(TP + FN)                                                                                                               (3) 

 

F1 Score: F1 = 2 *(Precision *Recall) / (Precision + Recall)                                                                (4) 

 

The increase in recall is especially crucial in medical practice, as it demonstrates the accuracy with which the model recognise 

stroke events. An increased F1-score indicates higher precision and recall. Hence, the stacking ensemble model is the most 

efficient of the models evaluated in this study. All the above-mentioned metrics have been computed from the confusion matrix 

generated by the stacking ensemble model. After training the model on 80% of the data set and evaluating on the remaining 

20%, predictions were made on the test data set. In this case, however, since the value is 0.45, one can deduce that although 

there is a satisfactory number of true positives in the stroke predictions, the model still needs further refinement to reduce the 

false-positive rate. It is at this point that the importance of the confusion matrix becomes apparent (Figure 4). 

 

 
 

Figure 4: The ROC-AUC graph shows the power of the proposed approach to distinguish between the two patient classes, 

those with stroke probability and those without stroke probability 

 

4.2. More Specifically, The ROC-AUC Metric is Computed Based on Two Measures Simultaneously  

 

• True Positive Rate(sensitivity): How many stroke-positive patients were detected among stroke-positive patients? 

• False Positive Rate (FPR): How many patients who do not have a stroke were misclassified into the high-risk group? 

 

While in the case of traditional metrics, the computation is performed for a single decision boundary, for the ROC curve, it is 

performed for all possible decision boundaries, resulting in a smooth ROC curve. The straight dotted line on the graph illustrates 

the ROC-AUC score for a random classifier, i.e., it compares the quality of your classifier to that obtained by chance. In other 

words, the area under the curve (AUC=0.87) provides one single measure of your classifier's performance. Specifically, for any 

pair of two patients, stroke-positive and stroke-negative ones, taken randomly, the likelihood of your model assigning a higher 

risk to a stroke-positive patient equals 87%. Stacking ensemble models has better generalization performance than individual 

models because they integrate multiple algorithms. As a result, it shows higher accuracy and consistency. It can be concluded 

that ensemble methods are preferable for handling highly imbalanced data. They demonstrate their superiority in stroke 

prediction. The analysis found that the advanced machine learning models researchers examined outperformed traditional 

approaches. Researchers find that Logistic Regression and Random Forests do not perform as well, which they attribute to their 

limited ability to capture complex relationships in medical data (Table 3). 
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Table 3: Model comparison 

 

Model Accuracy Precision Recall F1 score 

Logistic Regression 0.65 0.18 0.48 0.26 

Random Forest 0.74 0.20 0.55 0.30 

Extra Trees 0.82 0.30 0.62 0.40 

MLP Neural Network 0.86 0.35 0.68 0.46 

XG Boost 0.89 0.42 0.72 0.52 

Stacking Model(proposed) 0.90 0.45 0.76 0.56 

 

Models like Extra Trees, MLP, and XGBoost do better at it, by which researchers mean they handle nonlinear patterns. 

Researchers also proposed a stacking ensemble model, which they report as the best across all metrics they examined, achieving 

90% accuracy. Researchers present this as evidence that using multiple models improves prediction reliability and overall 

system performance. Also, researchers see a trend of improved performance as researchers move from classic models to more 

advanced, ensemble-based techniques. Logistic Regression and Random Forest report lower accuracy and F1 scores, which 

researchers attribute to their issues with complex, imbalanced medical data. At the same time, models such as Extra Trees and 

MLP Neural Network do better, which researchers attribute to their ability to model non-linear feature relationships. XGBoost 

enhances the algorithm's accuracy by boosting the model's performance through gradient boosting, thereby improving precision 

and recall. Nonetheless, the best-performing model is the stacking model, which leverages the strengths of different algorithms. 

The stacking model has proven to be the most accurate, with an accuracy rate of 0.90. An increase in recall is especially crucial 

when the algorithm is used in medicine, as it demonstrates the algorithm's ability to identify stroke cases. An improved F1-

score indicates that precision and recall are well balanced. Consequently, the stacking ensemble model emerges as the most 

efficient method (Figure 5). 

 

 
 

Figure 5: Calibration graph 

 

The calibration graph is a tool researchers use to assess how well predicted probabilities align with observed outcomes. A well-

calibrated model will sit on the diagonal, indicating that the model’s probability predictions are, in fact, what researchers 

observe. In this study, researchers find the stacking model’s curve very close to the diagonal, indicating that it does a good job 

of predicting probabilities. This is very important in health care settings, which depend on accurate probability predictions to 

inform better clinical decision-making. The study reports that researchers have developed a stroke prediction system that 

performs very well at identifying at-risk individuals using advanced machine learning tools. Researchers find that traditional 

models such as Logistic Regression and Random Forests perform well. Still, it is the advanced models, which put forth 

XGBoost, Extra Trees, and MLP Neural Network, that do better because of their ability to identify complex patterns in medical 

data. Also, researchers note that the stacking ensemble model they built achieves 90% accuracy. Researchers also see 

improvements in precision, recall, and F1 score. Also, researchers find that the calibration of the models’ results is very good, 

which is very important for clinical decision-making. Though the data had a class imbalance, which is usually an issue, they 

138



 

Vol.4, No.2, 2026 

performed very well, maintaining good recall, indicating they are doing a great job of identifying stroke cases. Overall, the 

system proposed by the researchers is a highly reliable and efficient solution for early stroke risk prediction.    

 

5. Conclusion  

 

Stroke is a very large health issue in the set of diabetes complications. Also, researchers can identify which patients will get it 

beforehand, which greatly improves patient care and outcomes. Researchers developed a robust machine learning algorithm 

that leveraged clinical data and Glycemic variability metrics to predict stroke in people with diabetes. As for the results, 

researchers report very positive outcomes. In this study, researchers looked at a variety of models. Researchers used logistic 

regression for its simple, easy-to-interpret results. Researchers also looked at two ensemble algorithms (Random Forest and 

Extra Trees). Researchers also looked at MLP Neural Networks, which have proven effective at modeling nonlinear 

dependencies in clinical data, and at Gradient Boosting and XGBoost, which produce very high-quality predictions. While all 

the models performed very well in terms of accuracy, the researchers' stacked ensemble of five base models achieved 90% 

accuracy. That which shows in the complex patterns of medical data when such an algorithm is used, which in turn does a great 

job of navigation, and also to which one may fall with other methods. 

 

First, in the present research, researchers see that which algorithm to use is only one element in achieving high model 

performance. Also of great importance is proper data preparation, including handling missing values, handling imbalanced 

classes, feature engineering, and normalizing variables. Also, this reinforces that for the development of a medical ML-based 

tool, you should plan for extensive time spent in data preparation. However, at present, researchers see that no matter how 

perfect and efficient the model is, the health care providers’ ability to run it in practice is what causes it to fall short. Also, for 

practical implementation, researchers developed a web application that provides real-time stroke risk prediction. Researchers 

found that using the app does not require the decision maker to have machine learning knowledge, unlike when they used only 

the model. As researchers did with the research above, researchers saw that for success in putting together this algorithm, which 

did prove to be reliable, researchers had to use advanced machine learning, do very careful data processing, and also do very 

good application development, which, although researchers did, there is room for improvement and change. Researchers hope 

this paper serves as a solid foundation for future research in this area. 
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