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Author Questionnaire 

1. We have marked your project as author-provided footage, meaning you film the video yourself and provide JoVE with the footage to edit. JoVE will not send the videographer. Please confirm that this is correct. 

√ Correct 

 2. Microscopy: Does your protocol require the use of a dissecting or stereomicroscope for performing a complex dissection, microinjection technique, or something similar?  No  

3. Software: Does the part of your protocol being filmed include step-by-step descriptions of software usage?  Yes
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/account/file-uploader?src=22134813
4. Proposed filming date: To help JoVE process and publish your video in a timely manner, please indicate the proposed date that your group will film here: 10/15/2026
When you are ready to submit your video files, please contact our Content Manager, Utkarsh Khare. 
Current Protocol Length

Number of Steps:  10

Number of Shots:  22

Interviews 

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. Ubaida Fatima: This research develops an interpretable fuzzy machine-learning framework for reducing clinical features while maintaining accurate dermatological disease classification.
1.1.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
Describe the research gap or limitation in existing methods and how this protocol addresses them.
1.2. Ubaida Fatima: This protocol addresses limited interpretability and high dimensionality by integrating clinically meaningful fuzzy predictors with supervised machine-learning classification.
1.2.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
CONCLUSION:

What does this protocol allow researchers to study or measure?
1.1. Ubaida Fatima: This protocol enables researchers to evaluate interpretable fuzzy feature reduction and machine-learning performance for dermatological disease classification.
1.1.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
Describe the most important consideration or challenge when performing this protocol.

1.2. Ubaida Fatima: The most important consideration while performing this protocol is consistent preprocessing, fuzzy membership assignment, and predictor construction for reliable, reproducible classification.
1.2.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
How can future studies build on this work? Describe the questions or research directions that can be investigated next.
1.3. Ubaida Fatima: Future studies can extend this framework to larger multicenter datasets, additional diseases, optimized fuzzy rules, and multimodal clinical data.
1.3.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
Protocol  
2. Preparing the Dermatology Dataset for Analysis

Demonstrator: Ubaida Fatima
2.1. To begin, load the dermatology datasets into the computational environment [1] and preprocess the patient records [2]. Perform exploratory data analysis [3] and select clinically relevant features for fuzzification and fuzzy machine-learning classification [4].

2.1.1. WIDE: Talent working at a computer to load the dermatology dataset into the computational environment. 

2.1.2. SCREEN: Show the patient records being preprocessed.

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/account/file-uploader?src=22134813
2.1.3. SCREEN: Display the exploratory data analysis results 

2.1.4. SCREEN: Show the selected clinical features for fuzzification and fuzzy machine-learning classification.

3. Assigning and Applying Fuzzy Membership Value
3.1. Apply a heuristic discrete membership assignment [1] to assign the predefined membership grades [2]. Then, define the membership function [3]. 

3.1.1. SCREEN: Display the heuristic discrete membership assignment workflow.
3.1.2. SCREEN: Predefined membership grades being assigned as Absent = 0.00, Mild = 0.33, Moderate = 0.66, and Severe = 1.00.

3.1.3. SCREEN: Display Equation (1) showing the discrete membership function.

3.2. Transform each ordinal clinical and histopathological variable into its corresponding fuzzy membership grade using the discrete membership function defined in Equation shown earlier [1]. Represent the transformed values using the four linguistic categories Absent, Mild, Moderate, and Severe [2]. 

3.2.1. SCREEN: Ordinal clinical and histopathological values being transformed using Equation (1) into their corresponding fuzzy membership grades.

3.2.2. SCREEN: Transformed fuzzy membership values being labeled as Absent, Mild, Moderate, and Severe.
4. Developing the Fuzzy Rule-Based Inference System
4.1. Develop fuzzy IF-THEN (If-then) rules using clinically relevant dermatological features, including erythema, scaling, itching, acanthosis, hyperkeratosis, and elongation of rete ridges [1]. 

4.1.1. SCREEN: Fuzzy IF–THEN rules being developed using erythema, scaling, itching, acanthosis, hyperkeratosis, and elongation of the rete ridges.

4.2. Formulate the fuzzy IF-THEN rules manually using established dermatological knowledge, standard medical references, and the clinical interpretation of the grouped fuzzy predictors [1]. 

4.2.1. SCREEN: Fuzzy IF–THEN rules being manually formulated using the grouped fuzzy predictors and standard medical references.
4.3. Calculate the fuzzy predictor values as the arithmetic mean of the fuzzy membership values in their corresponding feature groups [1]. Apply this procedure to calculate the eight fuzzy predictors, P1 through P8 [2-TXT].

4.3.1. SCREEN: Display the fuzzy membership values within each corresponding feature group, being summed and divided by the number of features.
4.3.2. SCREEN: The arithmetic-mean procedure being applied across the corresponding feature groups. TXT: Refer to the text protocol for the equations  
5. Rule integration
Demonstrator: Ubaida Fatima

5.1. Integrate the fuzzy IF–THEN rules into a rule-based inference system using logical AND operators [1]. For each patient, evaluate fuzzy predictor values P1 through P8 against the antecedent conditions of all predefined rules [2].

5.1.1. SCREEN: Fuzzy IF–THEN rules being entered into the rule-based inference workflow using logical AND operators.

5.1.2. SCREEN: A patient record with fuzzy predictor values P1 through P8 being evaluated against the antecedent conditions of the predefined rules.

5.2. Activate the rules that satisfy the specified conditions [1] and aggregate their corresponding disease-class membership values using the maximum operator [2]. Pass the aggregated membership values to the decision stage and select the disease class with the highest membership value as the final prediction [3].

5.2.1. SCREEN: Predefined rules with satisfied antecedent conditions becoming activated for the evaluated patient record.

5.2.2. SCREEN: Disease-class membership values from the activated rules being compared, with the maximum membership value retained for each disease class.

5.2.3. SCREEN: Aggregated disease-class membership values being compared at the decision stage, with the disease class having the highest membership value selected as the final prediction.

6. Defuzzification and Machine-Learning Classification
6.1. Apply the maximum-membership principle to convert the fuzzy inference outputs into crisp disease-class predictions [1]. Select the disease class with the highest aggregated fuzzy membership value as the final classification outcome [2].

6.1.1. SCREEN: Aggregated fuzzy membership values for the candidate disease classes being displayed and compared for a patient record.

6.1.2. SCREEN: Disease class with the highest membership value being selected as the final prediction.
6.2. Use the resulting fuzzy predictor values as the input feature matrix for the supervised machine-learning classifiers, including Random Forest, Support Vector Machine, and Extreme Gradient Boosting [1]. Proceed to evaluate the classifier performance [2].

6.2.1. SCREEN: The resulting fuzzy predictors P1 through P8 being used as the input feature matrix for the Random Forest, Support Vector Machine, and Extreme Gradient Boosting classifiers.

6.2.2. SCREEN: The machine-learning workflow transitioning from the classifier outputs to the Results section.

Results

7. Results 
7.1. Exploratory data analysis demonstrated the class distribution [1], correlations among clinical variables [2], and average severity scores for dermatological features, providing the basis for subsequent fuzzy transformation and machine learning analysis [3].

7.1.1. LAB MEDIA: Figure 1. 

7.1.2. LAB MEDIA: Figure 2. 

7.1.3. LAB MEDIA: Figure 3. 

7.2. The proposed fuzzy framework maintained high classification performance [1] while reducing feature dimensionality on independent clinical data [2].

7.2.1. LAB MEDIA: Table 9. Video editor: Highlight cells B4:I4, B6:I6, and B8:I8.

7.2.2. LAB MEDIA: Table 9. Video editor: Highlight cells C4, C6, and C8.

7.3. The fuzzy predictors improved Decision Tree performance [1] and k-Nearest Neighbors performance [2], with the largest gain observed for k-Nearest Neighbors from 87.84% to 95.95% [3].

7.3.1. LAB MEDIA: Table 13. Video editor: Highlight the decision tree row.

7.3.2. LAB MEDIA: Table 13. Video editor: Highlight the k-Nearest Neighbors row.

7.3.3. LAB MEDIA: Table 13. Video editor: Highlight the cells B5 and C5.
7.4. Logistic Regression [1] and Naïve Bayes exhibited slightly lower performance with the fuzzy representation [2].

7.4.1. LAB MEDIA: Table 13. Video editor: Highlight the Logistic Regression row.

7.4.2. LAB MEDIA: Table 13. Video editor: Highlight the Naïve Bayes row.

7.5. The fuzzy representation improved the predictive performance of Decision Tree [1] and k-Nearest Neighbors [2], while slightly reducing the performance of Logistic Regression [3] and Naïve Bayes [4], but none of these differences reached statistical significance [5].

7.5.1. LAB MEDIA: Table 14. Video editor: Highlight the decision tree row.

7.5.2. LAB MEDIA: Table 14. Video editor: Highlight the k-Nearest Neighbors row.

7.5.3. LAB MEDIA: Table 14. Video editor: Highlight the Logistic Regression row.

7.5.4. LAB MEDIA: Table 14. Video editor: Highlight the Naïvea Bayes row.

7.5.5. LAB MEDIA: Table 14. Video editor: Highlight all the cells in the interpretation column.

7.6. The largest practical improvement was observed for k-Nearest Neighbors [1].

7.6.1. LAB MEDIA: Table 14. Video editor: Highlight cells B5:C5, ‘87.84’ and ‘95.95’.

 PAGE 
( 2026, JoVE
August 22, 2026
Page 9 of 9

