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Abstract: 

Skin infections caused by pathogens such as bacteria and fungi are common and can lead to serious health complications 

if not properly managed. Accurate classification of these infections is crucial for effective treatment and management. This 

study focuses on classifying two skin diseases, Chickenpox and Shingles, using a Decision Tree algorithm applied to an 
imbalanced dataset sourced from Kaggle. The dataset, which is imbalanced by nature, was split into training (80%) and 

testing (20%) subsets. Pre-processing involved segmentation using Thresholding to isolate regions of interest and feature 

extraction using Hu Moments to capture shape characteristics of the lesions. The dataset was scaled to ensure that all 
features had a mean of 0 and variance of 1. The classifier's performance was evaluated using 5-fold cross-validation, 

yielding a mean accuracy of 66.06%, with precision, recall, and F1-scores indicating moderate performance. The study 

highlights the challenges posed by imbalanced datasets and the limitations of the Decision Tree algorithm in this context. 

The results underscore the importance of proper pre-processing and feature extraction but also suggest the need for more 
advanced classification techniques and data balancing methods. This research contributes to the field by providing a detailed 

methodology and comprehensive evaluation metrics, offering insights into the application of machine learning for medical 

image classification. Future work should focus on improving classifier performance through data augmentation, advanced 

feature extraction, and exploring other machine learning models better suited for imbalanced datasets. 
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1. Introduction 

Skin infections are a prevalent health concern caused by various pathogens, including bacteria and fungi. These 

pathogens are often present on the skin, and while typically harmless, they can cause infections when their numbers 

increase beyond the immune system's capacity to manage them [1]. Proper diagnosis and treatment of skin infections 

are essential to prevent complications and ensure effective management. This study focuses on two specific skin 

diseases: Chickenpox and Shingles. Chickenpox, caused by the varicella-zoster virus, is primarily a childhood illness, 

while Shingles, a reactivation of the same virus, predominantly affects adults. Accurate differentiation between these 

diseases is critical for appropriate treatment and prevention strategies. 

The primary problem addressed in this research is the challenge of accurately classifying skin diseases using 

machine learning techniques on an imbalanced dataset [2]. Imbalanced datasets are common in medical imaging, 

where some conditions are more prevalent than others, leading to a skewed distribution of classes. This imbalance can 

significantly affect the performance of machine learning algorithms, causing them to favor the majority class and 
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resulting in poor recognition of the minority class. In this study, the dataset consists of images of Chickenpox and 

Shingles, with an inherent imbalance in the number of images for each class. To address this problem, this research 

aims to develop a robust classification model for skin diseases using the Decision Tree algorithm. The specific 

objectives are to preprocess the dataset using segmentation techniques, extract relevant features, and scale the data to 

standardize the input for the classifier. The Decision Tree algorithm [3]–[5] is chosen for its simplicity and 

effectiveness in handling categorical data. The performance of the classifier will be evaluated using accuracy, 

precision, recall, and F1-measure [6]–[8], providing a comprehensive assessment of its capability to distinguish 

between Chickenpox and Shingles. 

This study seeks to answer several key research questions: Can the Decision Tree algorithm effectively classify an 

imbalanced dataset of skin disease images? How does the performance of the classifier, measured by accuracy, 

precision, recall, and F1-measure, vary under these conditions? Additionally, the research hypothesizes that proper 

preprocessing and feature extraction techniques can significantly enhance the classifier's performance, even in the 

presence of data imbalance. These questions are crucial for understanding the limitations and potential of using 

machine learning in medical image classification. The scope of this research is confined to the classification of 

Chickenpox and Shingles images obtained from the Kaggle dataset. The study's limitations include the inherent 

imbalance of the dataset and the potential for variability in image quality and resolution. While the Decision Tree 

algorithm provides a baseline for performance, future research could explore more advanced classifiers and data 

balancing techniques to further improve classification accuracy. The findings from this study are intended to provide 

insights into the challenges and solutions for classifying imbalanced medical image datasets [7], [9]. 

In terms of research contributions, this study offers a detailed methodology for pre-processing and classifying skin 

disease images, which can be a valuable reference for future studies in the field. The evaluation metrics provide a 

comprehensive understanding of the classifier's performance, highlighting areas for improvement and potential 

applications in medical diagnostics. By addressing the issue of data imbalance and exploring effective feature 

extraction techniques, this research contributes to the broader goal of enhancing the accuracy and reliability of machine 

learning models in healthcare. 

2. Method 

This study employs an experimental research design focusing on the classification of skin disease images, 

specifically Chickenpox and Shingles, using machine learning techniques. The research design includes image pre-

processing, feature extraction, data scaling, and classification using the Decision Tree algorithm [8]. The performance 

of the classification model is evaluated using metrics such as accuracy, precision, recall, and F1-measure [10]. The 

overall goal is to develop a robust methodology that can handle the challenges posed by imbalanced datasets in medical 

imaging. A visual depiction of the complete research process is shown in Figure 1. 
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Figure 1: Decision Tree Assessment Workflow 

Sample or Data Selection: 

The dataset used in this study is sourced from Kaggle, a well-known platform for datasets and machine learning 

competitions. The dataset contains images of two skin diseases: Chickenpox and Shingles. The images were collected 

from various sources on the internet. The dataset is inherently imbalanced, with a higher number of images for one 

class compared to the other. This imbalance poses a significant challenge for the classification algorithm and 

necessitates careful handling during the pre-processing and training stages.  
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Figure 2: Class Distribution 

Data Collection Process 

The dataset is split into training and testing subsets, with 80% of the data allocated for training and 20% for testing 

[11]. This split ensures that the model has enough data to learn from while still being able to generalize to unseen 

examples. The images undergo a series of pre-processing steps, starting with segmentation using the Thresholding 

technique [12], [13]. This method isolates the regions of interest in the images, making it easier to extract relevant 

features [14], [15]. 

 

Figure 3: 3D PCA plot of the dataset 
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Data Analysis Methods 

The data analysis methods in this study involve several key steps, each crucial for the successful classification of 

the skin disease images. 

a. Segmentation 

The segmentation process uses the Thresholding technique to isolate the regions of interest in the images [16]. The 

threshold value is chosen to maximize the contrast between the foreground (skin lesions) and the background. 

Mathematically, this can be expressed as: 

𝑇 =
1

𝑁
∑ 𝐼(𝑥𝑖, 𝑦𝑖)

𝑁

𝑖=1

 (1) 

Where 𝑇 is the threshold value, 𝐼(𝑥𝑖, 𝑦𝑖) is the intensity of pixel (𝑥𝑖, 𝑦𝑖) , and 𝑁 is the total number of pixels. 

 

Figure 3: Class Chickenpox 

 

Figure 4: Class Shingles 
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b. Feature Extraction 

Feature extraction is performed using Hu Moments, which are shape descriptors invariant to image transformations 

[17], [18]. Hu Moments are derived from the central moments of the image. The seven Hu Moments are calculated as 

follows [19]: 

𝐻1 = 𝜇20 + 𝜇02 

𝐻2 = (𝜇20 + 𝜇02)2 + 4𝜇11
2  

⋮ 
𝐻7 = 𝜇30𝜇12 − 𝜇21𝜇03 − 3𝜇12

2 𝜇03 + 3𝜇21
2 𝜇12 

(2) 

Where 𝑛𝑖𝑗 are the normalized central moments of the image. Figure 5 visualizes the statistical distribution of Hu 

Moments for each class. Figure 6 displays the frequency distribution of Hu Moments for each class. 

 

Figure 5: Boxplots of Hu Moments 

 

Figure 6: Histogram of Hu Moments 



 

           International Journal of Artificial Intelligence in Medical Issues 

89 

 

c. Data Scaling 

To ensure that the features have a mean of 0 and variance of 1, the dataset is scaled using standardization. This 

process can be represented as: 

𝑋′ =
𝑋 − 𝜇

𝜎
 (3) 

Where 𝑋 is the original feature value, 𝜇 is the mean of the feature values, and 𝜎 is the standard deviation. Figure 

7 highlights the correlation between different Hu Moments. 

 

Figure 7: Correlation Heatmap of Hu Moments 

d. Classification 

The Decision Tree algorithm is used for classification. Decision Trees split the data based on feature values to 

create a tree structure, where each node represents a decision rule and each leaf node represents an outcome [4], [5]. 

The Gini impurity is used to determine the best splits [3], [20], [21]: 

𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ 𝑃𝑖
2

𝑛

𝑖=1

 (4) 

Where 𝐷 is the dataset, 𝑛 is the number of classes, 𝑝𝑖 and is the probability of class 𝑖. 

e. Performance Evaluation 

The classifier's performance is evaluated using the following metrics [22]: 
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Accuracy =
Number of Correct Predictions

Total Number of Predictions
 

 

Precision =
True Positives

True Positives + False Positives
 

 

Recall =
True Positives

True Positives + False Negatives
 

 

𝐹1 =
2 × Precision × Recall

Precision + Recall
 

(5) 

3. Result and Discussion 

. The data processing steps involved several key stages: segmentation using Thresholding, feature extraction using 

Hu Moments, and scaling of the dataset. Each image was segmented to isolate the regions of interest, which are the 

skin lesions in this case. Hu Moments, which are invariant to image transformations, were then extracted from the 

segmented images to serve as features for classification. Finally, the dataset was scaled to ensure that all features had 

a mean of 0 and a variance of 1, improving the performance of the Decision Tree classifier. 

To evaluate the classifier, we used 5-fold cross-validation, which involves splitting the dataset into five subsets, 

training the model on four subsets, and testing it on the remaining subset. This process was repeated five times, with 

each subset used exactly once as the test set. The performance metrics—accuracy, precision, recall, and F1-score—

were computed for each fold. The results of these metrics are summarized in the Table 1.  

Table 2: Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree Algorithm 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 65.67% 68.64% 65.67% 64.44% 

K-2 65.67% 67.73% 65.67% 64.81% 

K-3 68.66% 69.60% 68.66% 68.36% 

K-4 62.12% 63.41% 62.12% 61.57% 

K-5 68.18% 71.87% 68.18% 67.11% 

∑ 𝑨𝒗𝒈 66.06% 68.25% 66.06% 65.26% 

The visualization of the performance metrics and the confusion matrix for the Decision Tree classifier are 

presented below. These visualizations provide a detailed view of how well the classifier distinguishes between 

Chickenpox and Shingles. 
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Figure 8: Confusion Matrix of the Decision Tree 

 

Figure 9: Performance Comparison of Each Cross-validation Fold 

 

Figure 10: Performance Boxplot of the Decision Tree 
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Discussion 

The results from the 5-fold cross-validation reveal several important insights. The mean accuracy of the Decision 

Tree classifier was approximately 66.06%, indicating a moderate level of performance. Precision, which measures the 

proportion of true positive predictions among all positive predictions, averaged 68.25%. Recall, which measures the 

proportion of true positive predictions among all actual positives, also averaged 66.06%. The F1-score, which is the 

harmonic mean of precision and recall, averaged 65.26%. These results suggest that the classifier performs reasonably 

well but has room for improvement, particularly in handling the imbalanced nature of the dataset. 

Interpreting these results, it is evident that the Decision Tree classifier is somewhat effective in distinguishing 

between Chickenpox and Shingles. However, the moderate values of precision and recall indicate that the classifier 

occasionally misclassifies images, particularly those belonging to the minority class. This is a common issue in 

imbalanced datasets, where the classifier tends to be biased towards the majority class. Significant findings from this 

study include the relatively consistent performance across different folds, indicating that the model is stable but not 

highly accurate. The segmentation and feature extraction techniques used were effective in preparing the data for 

classification, but the Decision Tree algorithm's limitations are apparent. These findings are consistent with previous 

research that highlights the challenges of using decision trees on imbalanced datasets. 

In terms of practical implications, the results suggest that while the Decision Tree algorithm can be used for initial 

classification tasks, further refinement is necessary. Techniques such as data balancing, advanced feature extraction, 

or using more sophisticated classifiers like ensemble methods or deep learning models could potentially improve 

performance. The main limitation of this research is the imbalanced nature of the dataset, which affects the classifier's 

performance. Future research should focus on addressing this limitation by exploring data augmentation techniques, 

synthetic data generation, or using different machine learning algorithms better suited for imbalanced datasets. 

Based on these results, several recommendations for future research can be made. First, implementing data 

balancing techniques such as oversampling the minority class or under sampling the majority class could help improve 

classifier performance. Second, exploring more advanced classifiers, including ensemble methods like Random 

Forests or Gradient Boosting, could provide better results. Finally, incorporating additional features or using deep 

learning approaches might enhance the model's ability to accurately classify skin diseases. Visualizations of the 

performance metrics and confusion matrix provide further insights into the classifier's performance, highlighting areas 

where misclassifications occur and offering a visual representation of the classifier's effectiveness. These 

visualizations are crucial for understanding and interpreting the results, and they offer a foundation for further 

improvements in classification accuracy. 

4. Conclusion 

In summary, this study aimed to classify skin diseases, specifically Chickenpox and Shingles, using a Decision 

Tree algorithm on an imbalanced dataset. The results from the 5-fold cross-validation showed that the classifier 

achieved a mean accuracy of 66.06%, with precision, recall, and F1-scores indicating moderate performance. The 

findings highlight the challenges of using decision trees on imbalanced datasets, as the classifier showed a tendency 
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to misclassify images, particularly those from the minority class. The study successfully demonstrated the 

effectiveness of segmentation using Thresholding and feature extraction using Hu Moments, but also underscored the 

limitations of the Decision Tree algorithm in this context. 

The research questions addressed whether the Decision Tree algorithm can effectively classify an imbalanced 

dataset and how its performance metrics vary under these conditions. The results suggest that while the Decision Tree 

algorithm has potential, it requires further refinement to improve its accuracy and reliability. This research contributes 

to the field by providing a detailed methodology for pre-processing and classifying skin disease images and offering 

insights into the performance of machine learning algorithms on imbalanced medical datasets. For future research, it 

is recommended to explore data balancing techniques, more sophisticated classifiers, and additional feature extraction 

methods to enhance classification accuracy. Implementing these improvements could significantly advance the 

application of machine learning in medical diagnostics, leading to better disease management and treatment outcomes. 
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