Responses to the Comments of the Reviewers

The responses to the reviewers’ comments are given in red text colour in the paper.

· Comments for transmission to the author(s)::
   This is a well-written paper. I have several suggestions for improvements:
Include a summary table in the Related Works:
The literature review section is comprehensive but would benefit from a summary table. This table should include the key results of the reviewed studies, highlighting the performance metrics (accuracy, precision, recall, F1-score) of various machine learning algorithms applied to stroke detection. This will help to justify what the state-of-the-art (SOTA) lacks and explain why your work is needed. Specifically, such a table should: List the reference studies with their respective machine learning models.

Response: the summary table (Table 1) has been added to the paper. 

· Include the datasets used, the feature selection methods applied, and the performance metrics achieved. Clearly show gaps or limitations in these studies that your work aims to address.

Response: Table 1 shows that all the studies have used the same Kaggle stroke prediction dataset, and there is an opportunity to explore the use of other relevant datasets or combine multiple datasets to enhance the generalizability of the models. These studies have not provided a comprehensive analysis of the trade-offs between different performance metrics (e.g., accuracy, precision, recall, F1-score) and the practical implications of these trade-offs in a clinical setting. None of these studies have reported on any explicit feature selection methods used. The performance of the machine learning models may be improved by employing feature selection techniques to identify the most relevant features for stroke prediction.

· Include a Discussion section:
A Discussion section is necessary to compare your results with those
from the Related Works section. This should:
Directly compare your model's performance against the SOTA models summarized in the table.
 Discuss the differences in results, why they might have arisen, and
the potential reasons for your model's superior performance in certain
aspects.
 Highlight why your solution presents something novel in the field of stroke detection, emphasizing improvements or unique aspects of your approach.

Response: A comparison between the proposed model and the state of art models based on different machine learning algorithms using different classification metrics is provided in subsection 4.2.
· Recheck the English:
    Although the paper is generally well-written, there are instances where
the English could be refined for better clarity and readability. Specific
areas to check include:
        Grammar and punctuation throughout the document.
        Consistency in terminology (e.g., "stoke" should be corrected to
"stroke").
        The flow and coherence of paragraphs, ensuring smooth transitions
between sections.

Response: Upon finishing all necessary modifications, the paper was submitted to Cambridge Proof Reading for an English check, and a certificate is included as proof.

Additional Feedback:
  
· Clarify Dataset Description:
    The dataset description is provided, but it would benefit from more
detail. For instance:
        Specify how missing data was handled (e.g., imputation techniques).
        Provide a breakdown of the dataset (e.g., number of instances per class, distribution of features).
        Mention any data augmentation techniques used, if applicable.

Response: The stroke dataset consists of 10 features and 1 target (11 columns), and 40910 instances (rows). sex feature has three missing data; these missing data are deleted. The features include sex, age, hypertension, heart_disease, ever_married, work_type, Residence_type, avg_glucose_level, body mass index (bmi), and smoking_status. The target variable is stroke. The stroke dataset is augmented and cleaned [1]. In addition, the classes of the stroke dataset are balanced [1].
Table 2 shows the number of instances per class before and after deleting the missing values. Tables 3-9 show the distribution of the following features: sex, hypertension, heart_disease, ever_married, work_type, Residence_type, and smoking_status. The features of age, avg_glucose_level and bmi have many values and this is why their distributions are not provided using tables.
   
· Detail Feature Selection Methods:
    The paper discusses several feature selection methods but lacks depth in
describing why these methods were chosen and their individual impacts on the
model's performance. Consider:
        Providing a rationale for selecting each feature selection method.
        Discussing the computational complexity and efficiency of each
method.
        Presenting visualizations (e.g., bar charts) to show how feature
importance varies across methods.

Response: Subsection C of Section 3 presents depth description of the feature selection methods used in this paper. Moreover, Figures 2-6 demonstrate the p-values for the selected features using univariate feature selection methods. These figures show how feature importance varies across methods.
  
· Expand on Methodology:
    The methodology section is comprehensive but could be enhanced by:
        Including pseudocode or flowcharts to illustrate the workflow of
your proposed model.
        Providing more detail on the hyperparameter tuning process for each
algorithm.
        Discussing any cross-validation techniques used to ensure the
robustness of the results.

Response: The pseudocode of the proposed model is given in Figure 8. More details on the hyperparameter tuning process for each algorithm are provided in Subsection 4.1. In addition, Split the dataset train and test sets using train_test_split function, train set has 80% of the dataset, while test set has 20% of the dataset.

· Results Interpretation:
    While the results are detailed, the interpretation could be more
thorough:
        Include confidence intervals or statistical significance tests to
bolster the reliability of your findings.
        Discuss potential biases in the dataset and how they were mitigated.
        Explore the trade-offs between different metrics (e.g., precision
vs. recall) and how they align with real-world clinical needs.

Response: Section 4 Results & Discussion presents more details on the results. For instance, subsection 4.1 presents a comparison among different machine learning algorithms. The comparison aims to specify which algorithm has the best classification results. The compared algorithms are KNN, Decision Tree (DT), Random Forest (RF), Naïve Bayes (NB), MLP and SVM.
Subsection 4.2 presents a comparison between the proposed model and the state of art models based on different machine learning algorithms using different classification metrics.
Subsection 4.3 presents Statistical results of all features and the target variable. The Mean, standard deviation and the 95% confidence interval are calculated for every feature and the target variable.
Subsection 4.4 presents the trade-offs between precision and recall results for different machine learning algorithms. 
The stroke dataset is augmented and cleaned [1]. In addition, the classes of the stroke dataset are balanced [1].

· Future Work Suggestions:
    The conclusion section briefly mentions future work, but it could be
more specific. Consider:
        Suggesting concrete steps for extending the research, such as
testing on different datasets or incorporating additional feature selection
methods.
        Proposing collaborative efforts with clinical institutions to
validate the model in real-world settings.
        Exploring the potential integration of your model with existing
clinical decision support systems.

Response: In future works, more suggestion works can be done such as applying the developed model based on different machine learning algorithms on different datasets in order to obtain the classification results and specifying which machine learning algorithm offers better classification results. Another future work proposal is using more feature selection methods such as Recursive Feature Elimination, and Sequential Feature Selection to identify which feature selection method provided better classification results.
It is suggested to perform collaboration with clinical institutions to use the developed model to detect whether a patient has stroke or not. Applying the model on different stroke datasets in clinical institutions. This can validate the model in real world environment.
The developed model based on machine learning algorithms can be integrated with clinical decision support systems (CDSSs). The CDSSs can analyze the stroke data and this enable the healthcare employees to obtain predictions and recommendations. The model based machine learning algorithms with CDSSs help the healthcare employees to make decisions and enhancing the treatment of patients. The model based on machine learning algorithms with CDSSs help in classifying the patient whether has a stroke or not.


