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Abstract: Skin diseases affect millions of people worldwide, making early detection and accurate diagnosis
crucial for effective treatment. However, the process of diagnosing skin conditions often requiresspecialized
dermatological expertise, which can be time-consuming and expensive. To address this challenge, we have
developed a web-based Skin Disease Detection System using cutting-edge machine learning and ensemble
techniques. Our system leverages the HAM10000 dataset, consisting of 10,000 dermoscopic images
representing seven common skin lesion types. We employ an ensemble learning approach, integrating
ResNet50, EfficientNetB0, and DenseNet121 as base models and combining their predictions using a
logistic regression meta-model. This architecture enhances the accuracy and robustness of the predictions.
The backend of our application is built with Flask, responsible for model processing, authentication, and
handling APIrequests. The React frontend provides an intuitive user interface where users can upload skin
lesion images and receive real-time predictions along with confidence scores. The system also incorporates
authentication and token verification for secure user access, ensuring data privacy and integrity. Our
project aims to provide an accessible, reliable, and cost-effective tool to assist healthcare professionals
and individuals in the early detection of skin diseases, potentially improving patient outcomes and reducing
the burden on dermatology services
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L. INTRODUCTION
Skin diseases are among the most prevalent health concerns worldwide, affecting individuals of all ages and
demographics. Conditions such as melanoma, basal cell carcinoma, and other skin lesions can range from benign to
life-threatening. Early diagnosis plays a critical role in effective treatment and can significantly improve patient
outcomes. However, diagnosing skin diseases often requires expert dermatological knowledge, which may not be readily
available in all regions,especially in remote or underdeveloped areas.
In recent years, advancements in artificial intelligence (AI) and machine learning have opened newavenues for improving
healthcare diagnostics. Among these innovations, deep learning has emerged as a powerful tool for image-based
disease detection. By training neural networks on large datasets of medical images, Al systems can now assist in
diagnosing complex conditions with high accuracy, reducing the reliance on specialist availability.
This project focuses on developing a web-based Skin Disease Detection System that utilizes machine learning to
classify skin lesions from dermoscopic images. Using the HAM10000 dataset, which contains 10,000 images across
seven different skin disease categories, the system applies an ensemble learning approach. This approach combines
the strengths of three state-of-the-art convolutional neural networks ResNet50, EfficientNetB0, and DenseNet121 to
enhance predictive accuracy and robustness. The final predictions are refined using a logistic regression meta-model,
ensuring reliable outputs.
The system is designed to be user-friendly and accessible through a web interface, with the backend built on Flask and
the frontend developed using React. Users can securely upload images,and the system provides instant diagnosis with
confidence scores. Additionally, authentication and authorization mechanisms ensure data security, making the tool
suitable for both clinical and personal use.
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By integrating advanced Al technologies with a seamless web platform, this project aims to democratize access to early
skin disease detection, supporting healthcare professionals and empowering individuals to take proactive steps in
managing their skin health.

II. LITERATURE REVIEW
Introduction
Skin diseases are among the most common health issues worldwide, with conditions ranging frombenign rashes to life-
threatening melanoma. Early and accurate detection of skin diseases is crucial for effective treatment and better patient
outcomes. However, traditional diagnostic methods, suchas visual inspection by dermatologists and biopsies, can be
time-consuming, subjective, and sometimes inaccurate. With advancements in artificial intelligence (AI), machine
learning (ML) techniques, especially ensemble learning, have emerged as promising tools for improving the accuracy
and efficiency of skin disease detection.
Ensemble learning combines multiple machine learning models to make more accurate predictions by leveraging the
strengths of individual models and compensating for their weaknesses. This literature review aims to explore existing
research on skin disease detection using ensemble learning techniques and identify the challenges and gaps in the
current literature.

Background on Skin Disease Detection

Skin diseases include a wide range of conditions such as melanoma, psoriasis, eczema, acne, and vitiligo. Each
condition has unique characteristics and requires specific diagnostic and treatment approaches. Traditional diagnostic
methods often rely on a dermatologist's expertise to visually inspect the skin and perform a biopsy if necessary.
Although effective, these methods are subjective and can vary in accuracy based on the dermatologist's experience.
Machine learning-based approaches for skin disease detection have gained popularity due to theirability to process large
amounts of image data and identify patterns that may not be visible to the human eye. These algorithms can analyze
features such as color, texture, and shape in skin imagesto classify different types of skin lesions.

Machine Learning in Medical Imaging

Machine learning plays a significant role in medical imaging by enabling automated diagnosis, which helps reduce
human error and expedite the diagnostic process. In the context of skin diseasedetection, ML algorithms can analyze skin
images to detect abnormalities and classify them as benign or malignant. Commonly used ML algorithms in medical
imaging include Support VectorMachines (SVM), Decision Trees, k-Nearest Neighbors (k-NN), and Neural Networks.
The integration of machine learning with dermatology, known as "computational dermatology," has shown promising
results. However, the accuracy of traditional machine learning models can be limited due to variability in skin
conditions, lighting, and image quality. Ensemble learning addresses some of these limitations by combining multiple
models to make a more robust and accurate prediction.

Ensemble Learning Techniques

Ensemble learning is an advanced machine learning technique that involves combining multiple models to improve
prediction accuracy and model generalization. The main types of ensemble learning include:

e Bagging (Bootstrap Aggregating): Creates multiple versions of a dataset through resampling, builds a model
for each version, and combines their outputs. Random Forest is a popular bagging algorithm.

e Boosting: Sequentially builds models where each subsequent model focuses on correcting the errors of the
previous ones. Gradient Boosting Machines (GBM), AdaBoost, and XGBoost are common boosting
algorithms.

e Stacking: Combines predictions from different models by training a meta-model to makethe final prediction
based on individual model outputs.

Ensemble techniques outperform single algorithms in many cases because they reduce the risk ofoverfitting and bias.
These methods are particularly useful in medical imaging tasks, where accuracy is critical.
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Current Research on Skin Disease Detection Using Ensemble Learning
Several studies have demonstrated the efficacy of ensemble learning in detecting skin diseases. For instance,
researchers have applied Random Forest and Gradient Boosting techniques to classify melanoma and non-melanoma
lesions using datasets like ISIC (International Skin Imaging Collaboration) and HAM10000. These studies typically
follow a workflow that includes:
e Data Preprocessing: Steps such as image resizing, normalization, and augmentation are performed to
enhance the dataset's quality and diversity.
e Feature Extraction: Methods such as color histograms, texture analysis, and deep learning-based feature
extraction (using Convolutional Neural Networks) are used.
e  Model Training and Evaluation: Ensemble learning algorithms are trained and evaluatedusing metrics such as
accuracy, precision, recall, and the F1-score.
In comparisons, Random Forest and boosting methods like XGBoost have shown to outperform traditional classifiers
due to their ability to handle complex data relationships and reduce overfitting.
Challenges in Using Ensemble Learning for Skin Disease Detection

Despite the promising results, several challenges remain:
e Data Quality and Imbalance: Skin disease datasets often have imbalanced data, where some conditions are
more common than others. This can lead to biased model predictions.
e Computational Complexity: Ensemble methods, especially boosting algorithms, can be computationally
intensive, requiring significant computational resources.
e Generalization Issues: Models trained on a specific dataset may not generalize well to new data due to
variations in image quality, lighting, and skin types across different populations.

Gaps in Current Research
Existing literature shows some gaps that future research should address:
e Limited Dataset Diversity: Most studies use a limited number of datasets, which may notrepresent the full
spectrum of skin diseases across different demographics.
e Lack of Real-Time Applications: Few studies focus on deploying models for real-time skin disease detection
on mobile devices.
e Model Interpretability: While ensemble learning can improve accuracy, understanding the rationale behind
model predictions remains challenging. Techniques for explaining model decisions need further exploration.

Future Directions
Future research in skin disease detection using ensemble learning can explore:
e Hybrid Approaches: Combining ensemble learning with deep learning techniques (e.g.,CNNs) to improve
accuracy.
e Data Augmentation and Synthesis: Creating synthetic images to balance datasets.
e  Model Interpretability Tools: Developing methods to make ensemble model predictionsmore transparent and
interpretable.

III. METHODOLOGY
Data Collection and Preprocessing
e Dataset: The project utilizes the HAM10000 dataset, containing 10,000 dermoscopicimages categorized into
seven skin lesion types: melanoma (mel), melanocytic nevus (nv),basal cell carcinoma (bcc), actinic keratosis
(akiec), benign keratosis (bkl), dermatofibroma(df), and vascular lesion (vasc).
e Metadata: The dataset metadata (HAM10000_metadata.csv) includes essential information such as lesion ID,
image ID, diagnosis (dx), diagnosis type, age, sex, and localization.
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Data Organization:
Images from HAM10000_images_part_1 and HAM10000_images_part_2 werecombined.
Labels were extracted by matching image IDs with their corresponding diagnosesfrom the metadata.

Data Preprocessing Steps:

e Resizing: All images were resized to a consistent size to meet the inputrequirements of the CNN models.

e Augmentation: Techniques such as rotation, flipping, zooming, and brightnessadjustments were applied to
increase data diversity and reduce overfitting.

e Normalization: Image pixel values were scaled to a range of [0, 1].

e Train-Test Split: The dataset was split into training (70%), validation (15%), andtest (15%) sets to ensure
proper model evaluation.

e Class Balancing: Class weights were calculated initially to handle imbalances butlater removed due to error
resolution.

Model Development :
Base Models: The system employs three pretrained convolutional neural networks for feature extraction and
classification:
e ResNet50
e EfficientNetB0
e DenseNetl21
Each model was fine-tuned using transfer learning to adapt to the skin lesionclassification task.

Ensemble Learning:
e Predictions from the base models were aggregated using a stacking ensemble approach.
e A logistic regression meta-model was trained on the combined outputs of the base models to enhance
prediction accuracy and robustness.
e Loss Function & Optimizer: The categorical cross-entropy loss function and Adamoptimizer were used for
training, with early stopping and model checkpoints to prevent overfitting.

Training and Evaluation :
Training Configuration: Models were trained using TensorFlow/Keras withhyperparameters like batch size, learning
rate, and number of epochs fine-tuned foroptimal performance.
Validation: The validation set was used for hyperparameter tuning and modelmonitoring.
Evaluation Metrics: The ensemble model was evaluated on the test set using:
e Accuracy
e Precision
e Recall
e FI-Score
e Confusion Matrix

Web Application Development :
Backend:
Built with Flask, the backend handles:
e Image uploads
e  Model inference
User authentication and authorization using JWT (JSON Web Tokens)
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Frontend:

Developed with React, the frontend allows users to:
e  Upload skin lesion images
e View prediction results with confidence scores
e Access previous diagnostic history
Styled-components were used for a modern, responsive UI design.
Security: Token-based authentication ensures secure user access and data protection.

Deployment :
e The system is designed for deployment on cloud platforms, making it accessible to usersglobally. Model files
are stored in efficient formats like Pickle or Joblib for quick inference.

e The web service is scalable and can handle concurrent requests, ensuring real-timeperformance

IV. SYSTEM DESIGN
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V. TECHNOLOGIES
Frontend (React-based):
e React: JavaScript library for building user interfaces.
e Styled-components: For styling React components using tagged template literals.
e  Axios: For making HTTP requests from the frontend to the backend.
e React Router: For handling routing and navigation within the React application.
e JavaScript (ES6): For writing modern JavaScript code.
e HTML/CSS: Basic structure and styling of the UL

Backend (Flask-based):

e Flask: A micro web framework for Python, used to build the backend.

e Flask-RESTful: For creating REST APIs in Flask.

o Flask-JWT-Extended: For handling authentication and generating JSON Web Tokens (JWT) for secure
user sessions.

e Pandas: For data manipulation and processing (especially handling the metadata of the HAM10000
dataset).

e  NumPy: For numerical operations and handling arrays.

e TensorFlow/Keras: For building, training, and deploying deep learning models (includingthe custom CNN and
ensemble models).

e Scikit-Learn: For implementing ensemble learning methods like stacking and handlingmachine learning
tasks.

e Joblib/Pickle: For saving and loading trained machine learning models.

e Flask-CORS: For handling cross-origin resource sharing between the frontend andbackend.

Machine Learning/Deep Learning:
o ResNet50: A deep residual network model used as a base model in the ensemble.
o EfficientNetB0: A convolutional neural network model used as a base model in theensemble.
e DenseNet121: A densely connected convolutional network used as a base model in theensemble.
e Logistic Regression: Used as a meta-model for stacking predictions from the base modelsin the ensemble.
e Ensemble Learning: Combining predictions from multiple models (stacking ResNet,EfficientNet, DenseNet)
to improve accuracy

Data Preprocessing:
e Image Augmentation: Using libraries such as TensorFlow/Keras ImageDataGenerator for augmenting the
dataset during training to improve model generalization.
e Normalization: Scaling pixel values for better model performance.

Database & Data Storage:
e  MongoDB: A NoSQL database for storing user data or metadata in a flexible, document-based format.

Security:
e berypt: A library for hashing passwords securely in the backend.
e JWT (JSON Web Tokens): For handling token-based authentication and authorization,ensuring secure user
access to the app.
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Development & Productivity Tools:

e  Visual Studio Code (VS Code): A popular code editor with support for JavaScript, Python,and React, as well as
built-in Git integration.

e Jupyter Notebook: For interactive development and prototyping, especially whenexperimenting with data
analysis, model training, and visualization.

e Postman: For testing and debugging API requests and responses between the frontend andbackend.

e Docker Compose: For managing multi-container Docker applications, such as runningboth frontend and
backend in separate containers.

Testing & Debugging Tools:
o Jest: A testing framework for JavaScript, commonly used with React to ensure codecorrectness.
e  Mocha/Chai: For unit testing in JavaScript, providing a flexible testing framework withassertion libraries.
e Flask-Testing: For unit testing Flask applications, making it easier to test API endpointsand backend logic.
e Pytest: A framework for testing Python code, including unit tests for your machinelearning models
and backend logic.
e Sentry: For real-time error tracking and debugging in both the frontend and backendapplications

Monitoring & Analytics:
e Google Analytics: For tracking user interactions and behaviors in the web app, helping analyze user
engagement.

CI/CD (Continuous Integration/Continuous Deployment):
e GitHub Actions: For automating workflows such as testing, building, and deploying codechanges.

VI. WORKING
Frontend (React) : The React frontend is responsible for providing a dynamic, responsive user interface that
communicates with the Flask backend to get predictions. It handles user interactions, such as uploading images for
analysis and displaying the predicted disease type. The frontend utilizes Axios for making HTTP requests to the
backend.

Here’s how the frontend fits into the project:

e Login and Authentication: Users first authenticate through the login page. Upon enteringtheir credentials, the
system sends them to the /api/login endpoint, where the backend verifies the credentials. If successful, the
backend returns a JWT token. This token will be used for subsequent requests to maintain secure
communication between the frontend andbackend.

e Image Upload and Prediction: After authentication, users can access the prediction feature through a page
like Predict.js. The user uploads an image of a skin lesion, which issent to the backend for processing. Once the
backend processes the image using the machine learning model, it sends back the predicted disease label (e.g.,
melanoma, basal cell carcinoma), which is then displayed to the user.

e Session Management: Using JWT authentication, the frontend can manage user sessions,ensuring that only
authorized users can access the prediction features. JWT tokens are stored securely (e.g., in browser
localStorage) and included in subsequent API calls for authentication.

Backend (Flask + Express.js)
The Flask backend serves as the primary server for handling the business logic and inference process for the machine
learning model. Express.js is used as a middleware to route the frontend's API calls to the appropriate Flask endpoints.
The backend handles image uploads, predictions, anduser authentication.
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e Image Processing and Prediction: The backend receives images from the frontend (via aPOST request to an
endpoint like /api/predict) and processes them using the trained machine learning model. Flask routes are
defined to accept these requests and invoke functions that pass the images to the model. The model returns a
predicted disease type, such as melanoma or basal cell carcinoma, which is sent back to the frontend.

e  User Authentication with JWT: The backend uses JWT for stateless authentication. Uponsuccessful login, a
token is generated and sent to the frontend. This token is required for all future API calls to validate the user’s
identity. This ensures secure access to the prediction and account management features.

o API Requests Handling: Express.js is used to handle API requests from the React frontend, routing them to
Flask for actual processing. This separation helps organize the backend services efficiently. Flask handles the
core logic, such as making predictions with the machine learning model, while Express.js ensures smooth
communication between thefrontend and backend.

Machine Learning (CNN + Ensemble Model)

The machine learning aspect of the project focuses on accurately diagnosing skin diseases from images of skin lesions.
The model is built using TensorFlow/Keras and incorporates cutting-edge techniques like ensemble learning to
improve performance.

e CNN Model: The model is built using a custom Convolutional Neural Network (CNN) architecture developed
with TensorFlow/Keras. The network consists of convolutional layers to extract features from the input
image, pooling layers for spatial reduction, and dense layers for final classification. The model is trained on the
HAM10000 dataset, whichcontains a variety of skin lesions with corresponding labels.

e Ensemble Learning: The model further incorporates ResNet50, EfficientNetB0, and DenseNet121 as base
models for ensemble learning. These models are pretrained on a largedataset (ImageNet) and fine-tuned on the
HAMI10000 dataset. The predictions from these base models are stacked, and a logistic regression meta-model
is trained to make the finaldecision, which enhances overall prediction accuracy and robustness.

e Prediction Service: The prediction logic is handled in a service like prediction_service.py, which processes
the input image. It resizes and normalizes the image to match the input shape expected by the models and
passes it through the trained ensemble model for classification. The disease label with confidence scores is
returned tothe frontend.

Data Preprocessing
Proper data preprocessing ensures that the machine learning model receives high-quality data foraccurate predictions.
In this project, preprocessing involves several important steps to handle images effectively.

e Resizing: Images are resized to a standard size (e.g., 224x224 pixels) to match the input shape expected by the
CNN model. This ensures consistency in input dimensions.

e Augmentation: To prevent overfitting and improve the model's generalization, image data augmentation is
applied during training. ImageDataGenerator from Keras is used to randomly rotate, shift, and flip images,
creating a more diverse set of training data.

e Normalization: The pixel values of images are normalized to a scale between 0 and 1, which helps the neural
network train more efficiently. This standardization ensures that all pixel values contribute equally during the
model’s training.

Version Control and Collaboration

Version control is managed using Git and GitHub/GitLab, allowing multiple team members to collaborate efficiently.
Git ensures that code changes are tracked, and contributors can work on different parts of the project without conflict.
Branching and Pull Requests: The project uses Git branching to allow team members towork on new features or bug
fixes in isolation. Once changes are made, pull requests are created for review before merging them into the main
branch.
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Collaboration: The team can work concurrently on different aspects of the project, such as the frontend, backend, or
machine learning model, without interference. GitHub/GitLabacts as the central repository where the entire project is
hosted and version-controlled.

Workflow

e User Flow: A user logs into the application, uploads an image of a skin lesion, and the system processes the
image. The backend uses the ensemble model to predict the disease type, and the result is returned to the user
for display.

e Backend Workflow: The backend receives the image, preprocesses it (resize, normalize),and feeds it into the
machine learning model for classification. The result is sent back to the frontend along with a confidence score
for the prediction.

e  Model Workflow: The model is trained on the HAM10000 dataset, where preprocessingand augmentation
techniques are applied to improve performance. The model is trained, validated, and evaluated to ensure it
provides accurate results when deployed in a real- world scenario

VII. FUTURE SCOPE
The Skin Disease Detection project holds significant potential for future development and improvement in several
areas. Below are some key directions in which the project can evolve:

Improved Accuracy with Transfer Learning

Currently, the ensemble model uses pre-trained models like ResNet50, EfficientNetB0, and DenseNet121. Moving
forward, further enhancements can be made by experimenting with more advanced models or fine-tuning them with
additional data. The application of transfer learning techniques on newer, more specialized models could potentially
improve the prediction accuracy,particularly in identifying rarer or more nuanced skin conditions.

Expansion of Dataset and Model Generalization

The current project uses the HAM10000 dataset, but there are other datasets available, such as ISIC and PH2, that
contain different types of skin lesion images. By integrating multiple datasets,the model can become more robust and
generalize better across a wider variety of skin diseases and different types of images. This will help the model improve
its performance when tested on real-world data, which might include images from diverse skin tones and conditions.

Multilingual Support for Global Accessibility

The current project might be limited to users who speak a specific language. To make it more accessible on a global
scale, future work could involve adding multilingual support to the user interface. This would enable users from
different countries to interact with the system, making it an effective tool for global skin disease detection.

Mobile Application Integration

Expanding the project to include a mobile app would significantly increase accessibility. Many users are more likely to
use a mobile phone rather than a web-based application. A native mobileapplication for iOS and Android could be
developed, allowing users to take pictures of their skinlesions directly from their phones, upload them, and receive
instant predictions on the go.

Real-time Image Processing with Improved Speed

While the current model performs well, one limitation could be the processing time for generating predictions. To
improve user experience, future versions could focus on real-time prediction where images are processed faster,
enabling almost instantaneous results. Optimizing the model for real-time inference or using tools like TensorFlow
Lite or ONNX could be a part of this enhancement
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Cloud-based Integration and Scalability

Currently, the project is containerized with Docker, but scaling it further can be achieved by utilizing more
sophisticated cloud-based platforms. Moving to a fully cloud-native architecture using AWS, Google Cloud, or
Microsoft Azure could allow for auto-scaling based on traffic, enabling the platform to handle large volumes of users
simultaneously. This would also make it easier to deploy updates and integrate additional services like image
preprocessing pipelines.

Real-time Feedback and Diagnostic Suggestions

In addition to simply predicting the disease, the system could provide real-time diagnostic suggestions or a confidence
score, which could guide users on whether they should seek medicaladvice or consult a dermatologist. This would help
create a more holistic tool for patients, guidingthem not just to a diagnosis but also to the next steps.

Integration with Telemedicine Platforms

The project can be integrated with telemedicine platforms to enable users to send their skin lesionpredictions directly to
healthcare professionals or dermatologists. This could be done by incorporating a feature where the prediction is shared
along with an image, allowing for remote consultations. Telemedicine would be particularly beneficial for people in
remote or underservedareas who don’t have easy access to dermatologists.

Improved Preprocessing with AI-Driven Techniques

The current preprocessing pipeline uses basic methods like resizing and augmentation. However,advanced Al-driven
preprocessing techniques such as semantic segmentation (for isolating theskin lesion from the background) or deep
learning-based noise reduction could be incorporated. This would help the model focus better on important regions of
the image, thereby improving theoverall prediction accuracy.

User Data Privacy and Security Enhancements

As user data (such as skin lesion images and personal information) is critical, future versions could focus on enhancing
data privacy and security. Incorporating more robust encryption mechanisms for data storage and transmission could
help comply with privacy regulations like GDPR and HIPAA. This would ensure that sensitive medical information is
securely handled, especially when dealing with health-related data.

Integration of Biometric Authentication

To further improve the security of user data, the future system could include biometric authentication such as
fingerprint scanning or face recognition for logging into the system. This would provide a more secure and user-
friendly alternative to traditional password-based loginsystems.

Al-Assisted Skin Disease Tracking

Adding a feature that allows users to track the progression of a skin lesion over time could be avaluable addition. This
would involve users uploading regular images of their skin lesions, and the system would use Al to compare the
progression of the lesion over time, providing insights into whether the condition is improving or worsening. This could
be particularly useful for patients with chronic skin conditions.

VIII. CONCLUSION
The Skin Disease Detection project aims to provide an efficient and accurate solution for detectingand diagnosing skin
diseases using advanced machine learning techniques. By leveraging a combination of deep learning models such as
Convolutional Neural Networks (CNNs) and ensemble learning methods, the system is capable of analyzing skin
lesion images and predictingvarious skin conditions with a high degree of accuracy. The integration of a secure, user-

an end-to-end solution that is easily accessible to users. %/ 1SSN “’C_
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With the ability to upload images and receive real-time predictions, the project enables users to gain insights into their
skin conditions and take proactive measures. The use of JWT authentication ensures secure user access, while the
MongoDB database effectively stores and manages user data. The implementation of image preprocessing techniques
such as resizing, normalization, and augmentation further enhances the model's ability to handle varied and complex
skin lesion images.

Additionally, the use of Docker for containerization and cloud-based deployment ensures scalability and reliability,
making it possible for the application to accommodate growing user traffic and increasing demand for skin disease
detection services. The project demonstrates a practical application of Al in healthcare, offering a promising tool for
both individuals seeking to understand their skin conditions and healthcare professionals looking for a supplementary
diagnostic tool.

In the future, the project has the potential to expand with the inclusion of more datasets, real-timefeedback systems, and
mobile applications. Further advancements in Al-driven image analysis, biometric security, and cloud
infrastructure could enhance its functionality and accessibility, making it an even more powerful tool for global skin
disease detection and management.

Ultimately, the Skin Disease Detection project represents an exciting step forward in the application of artificial
intelligence to healthcare, contributing to the broader goal of improving early diagnosis, treatment, and prevention of
skin-related health issues.
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