

[image: ]DRAFT: DO NOT USE FOR FILMING

Submission ID #: 69857
Scriptwriter Name: Pallavi Sharma
Project Page Link: https://review.jove.com/files_upload.php?src=21306433

Title: Enhancing Heart Disease Prediction Through Cluster-Visualized Distributed Machine Learning Paradigms for Secure Healthcare


Authors and Affiliations: 
Chilukuri Sujatha, Ramesh Babu Akarapu 

Department of Computer Science and Engineering, SR University

☐   All author names and affiliations are correct (city/state/country information not included in video title page). 


Corresponding Authors: 
[bookmark: _Hlk25233958]
Chilukuri Sujatha		chilukurisujatha98@gmail.com


Email Addresses for All Authors: 


Chilukuri Sujatha		chilukurisujatha98@gmail.com
Ramesh Babu Akarapu 	a.rameshbabu@sru.edu.in



Author Questionnaire
1. Microscopy: Does your protocol require the use of a dissecting or stereomicroscope for performing a complex dissection, microinjection technique, or something similar?  Enter Yes or No.  
If Yes, can you record movies/images using your own microscope camera?
Enter Yes or No.  
If your protocol involves microscopy but you are not able to record movies/images with your microscope camera, JoVE will need to use our scope kit. 
If your microscope does not have a camera port, the scope kit will be attached to one of the eyepieces and you will have to perform the procedure using one eye.
Enter make and model of microscope.
If a dissection or stereo microscope is required for your protocol, please list all shots from the script that will be visualized using the microscope (shots are indicated with the 3-digit numbers, like 2.1.1, 2.1.2, etc.).
Click here to list microscope shots, using the shot numbers from the protocol section of the video script.

2. Software: Does the part of your protocol being filmed include step-by-step descriptions of software usage?  Enter Yes or No.
If Yes, we will need you to record using screen recording software.
We recommend using the screen capture program OBS. JoVE’s tutorial for using OBS Studio is provided at this link: https://review.jove.com/v/5848/screen-capture-instructions-for-authors?status=a7854k
As these files are necessary for finalizing your script, please upload all screen-captured video files to your project page as soon as possible.

3. Filming location: Will the filming need to take place in multiple locations?   Enter Yes or No.
If Yes, how far apart are the locations? Click to enter distance between locations.

4. Testimonials (optional): Would you be open to filming two short testimonial statements live during your JoVE shoot? These will not appear in your JoVE video but may be used in JoVE’s promotional materials. Enter Yes or No.

If Yes, please provide the full name and position (e.g., Director of [Institute Name], Senior Researcher [University Name], etc.) of the author willing to participate.
Enter full author name, Enter author position

To ensure that your script can be filmed in one day, the protocol sections are cumulatively restricted to 55 shots (shots are the 3-digit numbers like 2.1.1, 2.1.2…etc)

Current Protocol Length
Number of Steps:  23
Number of Shots:  44 

Interviews
Videographer: Obtain headshots for all authors available at the filming location. 

Answers to these questions will become interview statements that you will deliver on camera.
· Introduction: Answer the 1st REQUIRED prompt and 1 additional question; Conclusion: Answer any 3 questions. No more than 5 interview statements will be included in the video.
· Enter the full name of the author who will deliver the statement.
· Speak naturally and avoid reading the lines.
· Limit the length of each statement to 20 words or fewer.
· Answers will be edited for length, clarity, and consistency with journal style guidelines.

Authors: Please note that the questions will not appear on screen. Please answer in stand-alone full sentence with sufficient context

INTRODUCTION:

REQUIRED: Summarize your research focus and the main questions it aims to answer.
1.1. Enter author name.: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Describe the research gap or limitation in existing methods and how this protocol addresses them.
1.2. Enter author name: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.
Describe the research contexts or systems in which this protocol can be applied.
1.3. Enter author name: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.
CONCLUSION:
What does this protocol allow researchers to study or measure?
1.4. Enter author name: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Describe the most important consideration or challenge when performing this protocol.
1.5. Enter author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Are there any additional methods or analyses that can be performed following this procedure?
1.6. Enter author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

How can future studies build on this work? Describe the questions or research directions that can be investigated next.
1.7. Enter author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.


Videographer: Obtain headshots for all authors available at the filming location.


Protocol  
[bookmark: _Hlk188263998]Please review this section to make sure that it accurately describes your protocol. Use Track Changes when making edits or revisions.
· The two-digit steps (e.g., 2.1., 2.2.) with purple font are the narration.  JoVE is responsible for the narration of the protocol and results.
· Red italics are pronunciation guides indicating how the word will be spoken. 
· Filming should take no more than 10 minutes per step. If a step takes more than 10 minutes, prepare the product for that step in advance.
· The three-digit shots (e.g., 2.1.1., 2.2.2.) are the actions that the videographer will capture. 
Videographer: Please always record an audio slate while filming each shot mentioned in the shotlist.
2. Feature Extraction and Data Preprocessing 	Comment by Pallavi  Sharma: Authors, please check if the workflow is correct. If it is not, edit the flow with the Track Changes option enabled. Thoroughly check the script for errors or redundant information. Also, ensure that all content in the script is filmable.
Demonstrator: Click here to enter name of demonstrator(s) 

If the same person is the demonstrator throughout, mention them once here and remove the "Demonstrator" field from the other sections; if the demonstrator changes, retain the field in the respective sections.

2.1. To begin, ingest the raw medical data from the Hadoop Distributed File System or HDFS (H-D-F-S) [1]. Address missing values using imputation algorithms to manage incomplete clinical records and prevent data loss without discarding patient samples [2].
2.1.1. WIDE: Talent loading raw medical data from the Hadoop Distributed File System. Videographer: Please obtain CU shot as well for this shot.
2.1.2. SCREEN: Imputation algorithms are being applied to incomplete clinical records.
Authors: Please create screen capture videos of the shots labeled as SCREEN, create a screenshot summary, and upload the files to your project page as soon as possible: https://review.jove.com/files_upload.php?src=21306433
2.2. Apply Robust Scaler normalization to numerical features such as blood pressure and cholesterol levels to reduce the influence of outliers in the medical dataset [1]. Transform categorical variables such as gender and family history of heart disease using one-hot encoding or label encoding to generate numerical representations compatible with machine learning algorithms [2].
2.2.1. SCREEN: Robust Scaler normalization is being applied to numerical features.
2.2.2. SCREEN: Categorical variables are being encoded into numerical representations.
2.3. Perform feature extraction to identify the clinical attributes most predictive of heart disease [1]. Eliminate irrelevant and redundant features from the dataset to reduce computational costs in subsequent distributed training stages [2].
2.3.1. SCREEN: Feature extraction is being performed on the preprocessed dataset.
2.3.2. SCREEN: Irrelevant and redundant features are being eliminated from the dataset.
2.4. Retain diagnostically informative attributes such as chest pain type, resting blood pressure, serum cholesterol, maximum heart rate, and ST depression as inputs for distributed decision tree construction [1]. 
2.4.1. SCREEN: Diagnostically informative attributes are being retained for model input.

3. MapReduce Workflow
3.1. Use the MapReduce programming model as the computational framework for distributed training across the Hadoop cluster [1]. Process the heart disease dataset in parallel across all worker nodes [2].
3.1.1. SCREEN: The MapReduce framework is being configured within the Hadoop cluster.
3.1.2. SCREEN: Shot of the heart disease dataset being distributed across multiple worker nodes.
3.2. In the map phase, process the assigned HDFS data shard independently on each worker node [1]. Compute partial decision tree structures and local splitting statistics, including Information Gain and Gini Index values for each candidate attribute without accessing data stored on other nodes [2].
3.2.1. SCREEN: The assigned HDFS data shard on a worker node is being processed.
3.2.2. SCREEN: The partial decision tree structures and local splitting statistics are being computed.
3.3. In the reduce phase, aggregate the locally computed partial trees and sufficient statistics across all nodes [1]. Construct a complete global decision tree by consolidating the distributed knowledge learned at each node into a unified predictive model [2].
3.3.1. SCREEN: The partial decision trees are being combined from multiple worker nodes.
3.3.2. SCREEN: A complete global decision tree is being generated from the aggregated results.
3.4. Apply clustering algorithms in parallel across HDFS data blocks to group patient records into risk categories based on their decision-tree node assignments [1].
3.4.1. SCREEN: The patient records are being grouped into risk categories through distributed clustering.
3.5. Evaluate the resulting model using precision, recall, F1-score, and classification accuracy metrics [1]. 
3.5.1. SCREEN: Precision, recall, F1-score, and classification accuracy results are being evaluated.

4. Cluster Visualized Hadoop Distributed Decision Tree (CViHDDT): Distributed Decision Tree Training
Demonstrator: Click here to enter name of demonstrator(s) 

4.1. Distribute the decision tree building process across multiple nodes in the Hadoop ecosystem rather than constructing the entire tree on a single machine [1]. Assign a subset of the dataset to each worker node [2] and construct partial decision trees locally using MapReduce or Apache Spark for parallel processing [3].	Comment by Pallavi  Sharma: Authors: Since these steps have already been performed in the previous section, do we need to show them again, or can we remove them?
4.1.1. SCREEN: Multiple nodes are being configured within the Hadoop ecosystem.
4.1.2. SCREEN: A subsets of the dataset is being assigned to worker nodes.
4.1.3. SCREEN: A local partial decision tree was being constructed using MapReduce or Apache Spark.
4.2. Combine the locally constructed partial decision trees into a complete global decision tree that encompasses the full distributed dataset [1]. 
4.2.1. SCREEN: Multiple partial decision trees are being combined into a single global decision tree.
4.3. Group decision tree nodes into clusters of patients with similar medical conditions using k-means and hierarchical clustering algorithms [1]. Generate clinically meaningful risk categories such as mild, moderate, and severe heart disease [2]. Identify patterns in patient data, understand disease progression, and formulate personalized treatment plans [3].
4.3.1. SCREEN: Decision tree nodes are being organized into patient clusters.
4.3.2. SCREEN: Shot of clustered patient groups categorized by disease severity.
4.3.3. SCREEN: Patient patterns and treatment planning information are being reviewed.

5. Cluster Visualized Hadoop Distributed K-Nearest Neighbor (CViHDKNN) Clustering
Demonstrator: Click here to enter name of demonstrator(s) 

5.1. Apply clustering techniques to the heart disease dataset before classification. Group patients with similar medical characteristics into coherent clusters before performing the K-Nearest Neighbor search [1].
5.1.1. SCREEN: The patients with similar medical characteristics are being grouped into clusters.
5.2. Preprocess the heart disease dataset containing clinical features such as age, cholesterol level, blood pressure, electrocardiogram results, and heart rate [1]. Distribute the preprocessed dataset across nodes in the Hadoop cluster using the HDFS [2].
5.2.1. SCREEN: The heart disease dataset is being processed.
5.2.2. SCREEN: The preprocessed dataset is being distributed across Hadoop cluster nodes.
5.3. Apply K-Means and Hierarchical Clustering algorithms across the distributed data partitions [1]. Divide the dataset into groups of patients who share similar medical profiles [2].
5.3.1. SCREEN: K-Means and Hierarchical Clustering algorithms are being applied to distributed data partitions.
5.3.2. SCREEN: The dataset being divided into groups of patients with related medical profiles.
5.4. Restrict the K-Nearest Neighbor search space to the most relevant cluster rather than the entire dataset [1]. Reduce the number of distance computations required for each query instance [2].
5.4.1. SCREEN: The K-Nearest Neighbor search is being restricted to the relevant patient cluster.
5.4.2. SCREEN: The number of distance computations for a query instance is being reduced
6. Distributed KNN and Classification
Demonstrator: Click here to enter name of demonstrator(s) 
6.1. Store patient records across HDFS distributed data partitions so that no single node processes the complete dataset [1]. Compute the distance between the query instance and the patient records within each locally assigned HDFS data shard [2].
6.1.1. SCREEN: The patient records are being stored across multiple Hadoop Distributed File System partitions.
6.1.2. SCREEN: The distances between a query instance and patient records is being computed within a local data shard.
6.2. Identify the locally nearest neighbors within each worker node partition and perform the nearest-neighbor search independently across all worker nodes in parallel [1].
6.2.1. SCREEN: Locally nearest neighbors are being identified within each worker node partition. Nearest-neighbor search is being performed.
6.3. Assign each query patient instance to a heart disease class based on the majority vote among its K nearest neighbors identified through the distributed search process [1]. Select the K value to determine the classification outcome and predictive precision [2].
6.3.1. SCREEN: A query patient instance is being assigned to a heart disease class using nearest-neighbor results.
6.3.2. SCREEN: The K value is being selected for classification.
6.4. Set K equal to 1 to assign the query instance to the class label of its single closest neighbor [1]. Generate a highly localized decision boundary that may be sensitive to noise in the training data [2].
6.4.1. SCREEN: K value is being assigned to 1.
6.4.2. SCREEN: A localized decision boundary is being generated from the nearest-neighbor assignment.
6.5. Set K equal to 3 to determine the classification using the majority class among the three nearest neighbors [1]. Classify the query instance as Class 1 when two neighbors belong to Class 1 and one neighbor belongs to Class 2 [2]. Produce a more robust and noise-tolerant classification decision [3].
6.5.1. SCREEN: K is being set to 3.
6.5.2. SCREEN: Query instance is being classified as Class 1.
6.5.3. SCREEN: Shot of the resulting robust classification outcome.
6.6. During the MapReduce reduce phase, aggregate the locally identified nearest neighbors from all worker nodes into a globally ranked list [1]. Select the K nearest neighbors from the aggregated results [2] and compute the majority vote to produce the final class prediction [3].
6.6.1. SCREEN: The identified nearest-neighbor results from multiple worker nodes are being aggregated.
6.6.2. SCREEN: The K nearest neighbors are being selected from the aggregated results.
6.6.3. SCREEN: The majority votes are being computed.
6.7. Evaluate the classification framework using precision, recall, F1-score, and overall classification accuracy metrics [1]. Assess the predictive performance of the distributed classification model using the calculated metrics [2].
6.7.1. SCREEN: Precision, recall, F1-score, are being used to classify the accuracy results.
6.7.2. SCREEN: The performance metrics is being displayed for the distributed classification model.
 
Results
Please review this section to make sure that it accurately reflects your findings.
· This section will not be recorded by the videographer. It only includes the figures/tables from your manuscript (called LAB MEDIA). 
· Use Track Changes when making edits or revisions. Ensure the voiceover length is below 200 words. Current word count: 102.
· Please note that the video cannot include voiceover without an accompanying visual.

7. Results 

7.1. The CViHDKNN model achieved a test accuracy of 85.25% [1], whereas the CViHDDT model achieved 80.33%, indicating improved predictive capability for the distributed K-nearest neighbor approach [2].
7.1.1. LAB MEDIA: Table 1. Video editor: Highlight the row labelled 'Test Accuracy (%)' and the value '85.25%' under the column 'CViHDKNN'.
7.1.2. LAB MEDIA: Table 1. Video editor: Highlight the row labelled 'Test Accuracy (%)' and the value '80.33%' under the column 'CViHDDT'.
7.2. The CViHDDT model achieved a recall of 75% for heart disease cases [1] and 86% for non-disease cases, suggesting it performed relatively well at identifying patients without heart disease but may miss some positive cases [2].
7.2.1. LAB MEDIA: Table 2. Video editor: Highlight the row labeled '1 (Heart Disease)' and the value '0.75' in the 'Recall' column.
7.2.2. LAB MEDIA: Table 2. Video editor: Highlight the row labelled '0 (No Disease)' and the value '0.86' in the 'Recall' column.
7.3. The CViHDKNN model achieved a recall of 88% for heart disease, indicating it was more effective at identifying patients with heart disease than the CViHDDT model [1].
7.3.1. LAB MEDIA: Table 3. Video editor: Highlight the row labelled '1 (Heart Disease)' and the value '0.88' in the 'Recall' column.
7.4. A graphical comparison highlighted the CViHDKNN model's improved predictive performance across multiple metrics [1].
7.4.1. LAB MEDIA: Figure 3. Video editor: Highlight the orange bars labelled 'CviHDKNN' across the chart titled 'Comparison Results'.
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