
ISSN (O) 2278-1021, ISSN (P) 2319-5940 

 

IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.102Peer-reviewed & Refereed journalVol. 14, Issue 3, March 2025 

DOI:  10.17148/IJARCCE.2025.14360 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 459 

Health Pixel: Multi-Modal AI-Driven Medical 

Image Analysis Platform for Preventive 

Healthcare 
 

 Mrs. Karuna Manjusha Y1, Pavan Kumar P2, Bahudoorsha K3, Sohel Sk4, Venu K5 

Assistant Professor, CSE, Andhra Loyola Institute of Engineering and Technology, Vijayawada, India1 

Final Year, CSE, Andhra Loyola Institute of Engineering and Technology, Vijayawada, India2, 3, 4, 5 

Abstract:  Health Pixel is an innovative web-based platform that utilizes artificial intelligence to perform comprehensive 
medical image analysis. By employing advanced convolutional neural networks (CNNs), the platform offers users quick 
and non-invasive health insights by analyzing images from four key body areas: the tongue, eyes, nails, and skin. This 
research highlights the platform's unique approach to enhancing preventive healthcare by leveraging intelligent image 
recognition techniques and providing personalized health recommendations based on visual biomarkers. The proposed 
multi-modal diagnostic system effectively bridges critical gaps in early disease detection and continuous health 
monitoring by delivering accessible, technology-driven medical insights. 

Keywords: Artificial Intelligence, Medical Image Analysis, Convolutional Neural Networks, Preventive Healthcare, 
Multi-Modal Diagnostics.

I. INTRODUCTION 

A. Background and Motivation 

Early diagnosis is essential for preventing chronic diseases, yet traditional diagnostic methods are often costly, time-

consuming, and inaccessible—especially in underserved regions. These methods typically require highly specialized 

expertise and sophisticated equipment, making it difficult for individuals in remote areas to receive timely assessments. 

As a result, many health conditions go unnoticed until they progress to advanced stages, reducing the chances of 

successful treatment. 

Health Pixel aims to address these shortcomings by utilizing artificial intelligence (AI) to analyze non-invasive medical 

images of the tongue, eyes, nails, and skin. CNNs (convolutional neural networks) excel at detecting subtle visual patterns 

that may indicate potential health issues, such as nutrient deficiencies or organ dysfunctions. By integrating AI into image 

analysis, Health Pixel offers users actionable insights, encouraging early detection and enabling personalized preventive 

care. 

B. Research Problem 

Health Pixel seeks to solve the critical challenge of creating a user-centric, AI-powered platform that democratizes 

preventive healthcare by utilizing non-invasive medical image analysis. Existing diagnostic methods often fall short in 

terms of accessibility, accuracy, and timely intervention, leaving many individuals without essential early health insights. 

To bridge these gaps, Health Pixel focuses on: 

1. Facilitating early detection of potential health conditions through image-based diagnostics. 

 

2. Expanding access to preliminary medical assessments, particularly for individuals in remote and underserved 

regions. 

3. Employing advanced CNN architectures optimized for analyzing specific body regions to enhance diagnostic 

accuracy. 

4. Delivering personalized health insights and actionable recommendations, empowering users to make informed 

lifestyle decisions. 
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C. Objectives 

The main objectives of Health Pixel are: 

1. AI-Powered Multi-Modal Platform: Build an intelligent platform capable of analyzing images from multiple 

body regions, including the tongue, eyes, nails, and skin, to detect possible health anomalies. 

2. Customized CNN Models: Design and fine-tune specialized convolutional neural networks (CNNs) for each 

body region to maximize the accuracy of health condition predictions. 

3. Seamless User Interaction: Develop an easy-to-use platform where users can conveniently upload images 

and receive comprehensive health insights. 

4. Actionable Health Insights: Deliver personalized recommendations derived from visual biomarkers, enabling 

users to adopt preventive measures and seek medical consultation when necessary. 

II. LITERATURE SURVEY 

A. AI in Medical Image Analysis 

Artificial intelligence (AI) has revolutionized medical image analysis by enabling precise, non-invasive, and efficient 

diagnostic processes. One notable contribution came from Gulshan et al. [1], who pioneered the application of 

convolutional neural networks (CNNs) to detect diabetic retinopathy, achieving performance comparable to human 

experts. Similarly, Liu and Zhou [2] leveraged deep learning to automate tongue analysis in traditional Chinese medicine, 

delivering remarkable accuracy and reliability. 

In dermatology, CNNs have demonstrated impressive results in classifying skin conditions. Albahli and Zafar [3] 

achieved a 94.2% accuracy rate by applying CNNs to classify skin lesions, while Gupta and Kumar [4] enhanced 

interpretability by introducing explainable AI models for CNN-based skin disease predictions. Kim and Choi [5] further 

improved classification accuracy by employing transfer learning to fine-tune CNN models across diverse datasets. 

Research on nail abnormalities, which often indicate underlying systemic disorders, has also gained traction. Zhang and 

Chen [6] developed a CNN-based system capable of detecting nail abnormalities with an accuracy of 92.1%. Building 

on this work, Mehta and Verma [7] optimized CNN architectures to improve the sensitivity of nail disease detection. 

B. Multimodal Medical Image Analysis 

Integrating data from multiple sources, such as the tongue, eyes, nails, and skin, significantly enhances diagnostic 

accuracy in medical image analysis. Wang and Liu [8] introduced a multi-modal CNN model that combined image 

analysis from skin, eyes, and nails, achieving improved disease prediction outcomes. Likewise, Singh and Patel [9] 

demonstrated the effectiveness of multi-modal deep learning models that fused information from facial, tongue, and nail 

images, facilitating the early detection of various health conditions. 

Patel et al. [10] highlighted that integrating data from multiple modalities substantially enhances diagnostic accuracy by 

combining complementary information. Similarly, Roy and Banerjee [11] investigated advanced segmentation and 

classification methods to improve the precision of retinal image analysis. These multi-modal strategies effectively 

overcome the limitations of single-modal models by utilizing diverse visual biomarkers to provide more comprehensive 

diagnostic insights. 

C. AI-Powered Personalized Health Insights 

The integration of AI into healthcare platforms has enabled the delivery of customized health insights by analyzing user-

generated data and recommending actionable steps. Lee and Park [12] introduced CNN-based systems that analyze 

medical images and provide personalized suggestions, empowering users to make informed lifestyle adjustments. 

Likewise, Sun and Ma [13] explored health monitoring models driven by CNNs that analyze multi-modal data to generate 

real-time, adaptive lifestyle guidance. 

In the realm of preventive healthcare, AI chatbots are gaining prominence by delivering personalized guidance and 

encouraging proactive health management. Patel and Singh [14] explored how these chatbots utilize image analysis data 

to provide customized dietary advice and suggest lifestyle modifications.  
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Their findings underscore the potential of merging AI chatbots with image-based diagnostic platforms to strengthen user 

engagement and enhance healthcare outcomes.. 

D. Challenges and Future Directions 

Despite promising advancements, challenges such as data heterogeneity, limited datasets for rare conditions, and the need 

for explainable AI models remain. Ahmad and Khan [15] emphasized the importance of developing hybrid models that 

combine CNNs with attention mechanisms to improve diagnostic sensitivity. Furthermore, Zhang and Xu [16] explored 

GAN-based models for anomaly detection in medical images, addressing the challenges associated with imbalanced 

datasets. 

Future research should focus on expanding datasets, enhancing interpretability through explainable AI models, and 

integrating telemedicine APIs to ensure seamless communication between AI-powered platforms and healthcare 

providers. 

III.  PROPOSED METHODOLOGY 

 

1. System Architecture: 

 

 
Fig. 1. System Architecture 

A. Technical Architecture 

The architecture of Health Pixel is strategically designed to ensure high efficiency and smooth interaction between its 

various modules. It integrates multiple technologies that work together to deliver accurate health insights and a seamless 

user experience. The system is composed of the following core components: 

Backend System:Flask, a lightweight yet powerful Python-based micro-framework, serves as the backbone of Health 

Pixel. It efficiently handles HTTP requests, manages API calls, and ensures uninterrupted communication between the 

platform’s frontend and AI models. Flask’s capability to process real-time data with minimal latency contributes to 

smooth user interaction. 

User Interface (UI):The frontend is built using HTML, CSS, and JavaScript, offering a clean and interactive interface 

where users can easily upload images and access personalized health insights. The responsive design ensures 

compatibility across different devices, allowing for a seamless user experience. 

AI-Powered Image Analysis:Health Pixel uses convolutional neural networks (CNNs) developed and trained with 

PyTorch to analyze images of the tongue, eyes, nails, and skin. PyTorch’s dynamic computational graph enables flexible 

model training and quick inference, ensuring high accuracy in condition detection. 

Image Preprocessing and Quality Enhancement:To enhance the quality of the input images, OpenCV is utilized for 

preprocessing tasks such as resizing, normalization, and noise reduction. These operations ensure that the images fed into 

the CNN models are optimized for accurate analysis. 

Cloud Deployment and Data Management:Health Pixel is deployed on a scalable cloud infrastructure that supports 

secure storage and real-time management of user data, AI model results, and generated recommendations. The cloud 

environment guarantees reliability, even under heavy traffic, while maintaining data security and privacy. 

B. Convolutional Neural Network Design 

Health Pixel employs four specialized CNN architectures, each designed to analyze images from different body regions 

and extract relevant visual biomarkers. 
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1. Tongue Analysis CNN  

Input: 224x224 pixel RGB images of the tongue.  

Architecture: Multi-stage hierarchical convolutional layers optimized for capturing color and texture 

variations. 

Feature Extraction: Focus on identifying color changes, texture abnormalities, and surface irregularities that 

may indicate organ dysfunction.  

 

2. Eye Analysis CNN  

Input: High-resolution fundus images of the eye.   

Segmentation Techniques: Advanced semantic mapping techniques to segment retinal structures. 

Target: Identification of retinal health indicators such as diabetic retinopathy, glaucoma, and macular 

 degeneration. 

 

3. Nail Analysis CNN  

Input: Macro-scale images of the nail surface.  

Feature Extraction: Specialized texture analysis to detect structural and chromatic variations.   

Focus: Identification of nail abnormalities such as pitting, discoloration, and ridging, which may indicate 

 systemic health issues.  

 

4. Face Analysis CNN   

Input: High-resolution facial images.  

Feature Mapping: Detection of skin tone variations, acne, or facial irregularities that may point toward 

 underlying health conditions.  

Focus: Correlating facial features with stress levels, nutritional deficiencies, and hormonal imbalances.  

C. Module Integration and Workflow 

The Health Pixel system integrates multiple modules to ensure a seamless user experience: 

1.AI Model Module: Consists of CNN models for analyzing tongue, eye, nail, and face images. Each model processes 

its respective input and generates health predictions.  

2. Chatbot Module: Provides real-time Q&A on nutrition and lifestyle recommendations based on user queries and 

model results.  

3. Sound Therapy Module: Delivers relaxation audio, including binaural beats and nature sounds, to promote mental 

well-being. 

IV.  IMPLEMENTATION 

The implementation of Health Pixel follows a modular and efficient architecture that integrates backend services, 

frontend interfaces, AI models, and supportive modules to deliver a seamless user experience. By eliminating the need 

for a user login system, the platform ensures quick access to health insights while maintaining data privacy and simplicity. 

A. Backend Implementation 

The backend of Health Pixel is built using Flask, a lightweight and scalable Python micro-framework that facilitates 

communication between the frontend and AI models. Flask efficiently handles: 

1. Request Handling: Manages HTTP requests from the user interface, including image uploads and analysis 

requests, and routes them to the appropriate CNN models. 

2. API Integration: Connects with external APIs to support chatbot responses and audio streaming for sound 

therapy. 

3. Static Page Management: Serves static content, including educational resources about nutrition, exercise, and 

health tips, enhancing user engagement. 

 

 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 

 

IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.102Peer-reviewed & Refereed journalVol. 14, Issue 3, March 2025 

DOI:  10.17148/IJARCCE.2025.14360 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 463 

B. Frontend Implementation 

The frontend is implemented using HTML, CSS, and JavaScript, offering an intuitive and user-friendly interface where 

users can: 

1. Upload Images for Analysis: Users can easily upload images of the tongue, eyes, nails, or face for real-time 

analysis. 

2. View Instant Results and Recommendations: Upon image submission, analysis results and personalized 

recommendations are displayed clearly and concisely. 

3. Access Educational Content: Static pages provide valuable information about maintaining a healthy lifestyle, 

covering topics such as diet, hygiene, and fitness. 

C. Workflow and User Interaction 

1. Image Submission and Initial Processing:Users initiate the process by uploading an image through the 

platform’s user-friendly interface. The uploaded image is then forwarded to the Flask backend, where it is 

preprocessed and prepared for analysis. 

2. AI Model Evaluation and Prediction:The appropriate CNN model processes the image, extracting key visual 

features and identifying potential health conditions. The model’s predictions are generated based on these 

analyzed patterns. 

3. Result Presentation and Health Suggestions:The system presents the analysis results to the user, along with 

tailored health recommendations to encourage informed decisions and proactive lifestyle adjustments. 

4. Enhanced User Interaction Options:For further assistance, users can engage with the AI chatbot to seek 

additional insights or explore the sound therapy feature, which offers calming sounds to reduce stress and 

promote relaxation. 

V. MODEL TRAINING STRATEGY 

The convolutional neural networks (CNNs) used in Health Pixel were trained following a structured and methodical 

approach to achieve high accuracy in analyzing images of the tongue, eyes, nails, and face. The training pipeline included 

meticulous tuning of hyperparameters, comprehensive image preprocessing, and the application of data augmentation 

techniques. These measures ensured that the models effectively generalized to unseen data while minimizing the risk of 

overfitting. 

A. Training Parameters 

The CNN models developed for Health Pixel were trained using a carefully optimized set of hyperparameters designed 

for multiclass classification tasks. The core parameters used during training are as follows: 

1. Loss Function: 

 Cross-Entropy Loss was employed to assess the discrepancy between predicted class probabilities and actual 

labels. This loss function effectively guides the model to enhance classification accuracy over successive 

iterations. 

2. Optimizer: 

 The Adam optimizer was selected for its adaptive learning rate and momentum features, which facilitate 

faster convergence while maintaining model stability. 

3. Learning Rate: 

 A learning rate of 0.001 was applied to maintain a steady pace of learning, ensuring that the model gradually 

approaches the optimal solution without overshooting. 

4. Batch Size: 

 A batch size of 32 was used to balance memory efficiency and gradient computation, allowing for smoother 

and more efficient training. 

5. Number of Epochs: 

 Each CNN model was trained for 20 epochs, providing adequate iterations to ensure convergence while 

avoiding the risk of overfitting. 
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                                                                                     Fig. 2. Model Training 

B. Image Preprocessing 

Proper image preprocessing was crucial in preparing the dataset for training and ensuring uniformity across different 

image types. The preprocessing steps included: 

1. Image Resizing and Format Conversion:  

All input images were resized to a fixed dimension of 224x224 pixels to standardize input size across the models. 

Images were converted to RGB format to ensure consistency in channel depth and color information. 

2. Normalization: 

Pixel intensity values were normalized to the range [-1, 1] to enhance model stability and accelerate 

convergence. 

Normalization was applied using the formula:  

Normalize (mean = [0.5, 0.5, 0.5], std = [0.5, 0.5, 0.5])\text{Normalize (mean = [0.5, 0.5, 0.5], std = [0.5, 0.5, 

0.5])}Normalize (mean = [0.5, 0.5, 0.5], std = [0.5, 0.5, 0.5]) 

 This standardization process ensured that all input images had similar distributions, preventing discrepancies that could 

affect model performance. 

C. Data Augmentation 

To enhance model robustness and prevent overfitting, multiple data augmentation techniques were applied to introduce 

diversity into the training data. These techniques included: 

1. Random Flipping:  

Horizontal and vertical flipping were applied randomly to simulate real-world variations in image orientation. 

2. Random Rotation:  

Images were rotated at random angles to account for different perspectives and viewpoints during image capture. 
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3. Random Scaling:  

Scaling variations were applied to adjust the size of input images, helping the model generalize better across 

different image dimensions. 

D. Evaluation and Performance 

Following training, the models were evaluated using test datasets to assess accuracy, precision, and recall. Model 

performance was monitored across multiple epochs, ensuring convergence and stability. The trained models 

demonstrated high classification accuracy, validating the effectiveness of the selected training strategy. 

 

                                                            Fig. 3. Confusion matrices of each model 

VI. RESULTS AND DISCUSSION 

A.  Comparative Analysis of Model Performance 

 

Diagnostic Model Accuracy Precision Recall 

Tongue Analysis 92.5% 0.91 0.94 

Eye Analysis 95.2% 0.93 0.96 

Nail Analysis 88.7% 0.87 0.90 

Skin Analysis 94.3% 0.92 0.95 

TABLE I: MODEL PERFORMANCE COMPARISON 

B. Comparative Analysis of Platforms: 

 

Platform Multimodal AI Capability Accessibility 

MedAI Solutions No Limited Expensive 

Ada Health Partial Moderate Medium 

Health Pixel Yes Advanced High 

    

TABLE II: Comparison of Medical Diagnostic Platforms 
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B. Screenshots of Application: 

 

 
    Fig. 4. Main Page 

 

 
Fig. 5. Home Page 
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Fig. 6.Healthy Diet Page 

 

 
Fig. 7. Home Workouts Page 

 

 
Fig. 8. Face Analysis  

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 

 

IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.102Peer-reviewed & Refereed journalVol. 14, Issue 3, March 2025 

DOI:  10.17148/IJARCCE.2025.14360 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 468 

 
Fig. 9. Eye Analysis  

 

 
Fig. 10. Nail Analysis 
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Fig. 11. Tongue Analysis 

D. Discussion of Key Findings 

1. High Accuracy Across All Models:  

 All four CNN models demonstrated consistent accuracy exceeding 90%, validating the robustness of the 

architecture and training strategy. The models effectively identified visual biomarkers, contributing to reliable 

health diagnostics. 

2. Generalization and Robustness:  

 The models generalized well across diverse datasets, thanks to the application of advanced data augmentation 

techniques during training. However, minor performance fluctuations were observed in cases where variations 

in lighting, angles, or image quality introduced noise. 

3. Limitations and Challenges:  

Subtle Variations: Some misclassifications occurred in cases where pathological changes were subtle or 

borderline, highlighting the need for further fine-tuning.  

Lighting and Image Quality: Variations in image brightness and quality occasionally affected prediction 

accuracy, suggesting the need for more sophisticated preprocessing techniques. 

VII.   ETHICAL CONSIDERATIONS 

A. Strict User Data Anonymization 

Health Pixel ensures user privacy by anonymizing all uploaded images and metadata. Encrypted storage and automatic 

deletion protect sensitive information. 

B. HIPAA-Compliant Protocols 

The platform follows HIPAA protocols by using encryption, access controls, and audit logs. Regular security audits 

ensure compliance and data protection. 

C. Transparent Diagnostic Limitations 

Users are informed that AI-generated results provide preliminary insights, not definitive diagnoses. Low-confidence 

predictions are flagged to encourage professional consultation. 
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VIII. CONCLUSION AND FUTURE WORK 

A. Research Contributions 

Health Pixel demonstrates the transformative potential of AI in preventive healthcare by introducing a multi-modal 

diagnostic platform capable of analyzing images from the tongue, eyes, nails, and skin. Through the integration of custom 

convolutional neural networks (CNNs), the system offers personalized health insights based on visual biomarkers, 

enhancing early disease detection and promoting preventive care. The platform’s accessible, cloud-based architecture 

ensures that individuals from diverse backgrounds can leverage AI-powered diagnostics, democratizing healthcare and 

empowering users to take proactive control of their well-being. Additionally, the incorporation of sound therapy modules 

and AI-driven lifestyle recommendations enhances the platform’s holistic approach to health management. 

B. Future Research Directions 

research will focus on the following: 

1. Integration with Telemedicine Platforms: Enabling seamless API-based communication with healthcare 

professionals will facilitate expert consultations and enhance the credibility of AI-generated results. 

 

2. Dataset Expansion for Rare Conditions: Incorporating underrepresented and rare conditions into the training 

datasets will improve model accuracy and ensure more comprehensive diagnostic coverage. 

 

3. Mobile Application Development: Launching a feature-rich mobile app will expand platform accessibility, allowing 

users to perform health checks and receive recommendations anytime, anywhere.  

 

4. Advanced Explainability Models: Incorporating explainable AI (XAI) techniques will provide greater transparency 

in model predictions, allowing users and healthcare professionals to understand the basis of AI-generated insights.  

 

5. Continuous Model Refinement: Regular retraining with new data and fine-tuning of CNN models will enhance 

prediction accuracy and mitigate potential biases in the system.  

 

6. Enhanced Privacy and Federated Learning Integration: Strengthening data privacy with federated learning 

protocols will ensure secure model updates while maintaining data confidentiality across devices. 

 

7. International Medical Standard Certifications: Pursuing certifications such as FDA approval and CE marking will 

enhance user trust and enable clinical integration in diverse healthcare ecosystems. 

 

8. AI-Powered Behavioral Insights: Introducing behavior analysis modules to predict user habits and suggest lifestyle 

adjustments will further personalize healthcare recommendations. 

 

By continually advancing Health Pixel’s technical, ethical, and clinical capabilities, the platform aims to redefine 

preventive healthcare by offering intelligent, accessible, and secure diagnostic solutions. 

 

IX. INTEGRATION AND INTEROPERABILITY 

 

Healthcare Ecosystem Connectivity 

 

Integration Type Protocol Data Standard 

Electronic Health Records HL7 FHIR SNOMED CT 

Telemedicine Platforms WebRTC DICOM 

Research Databases API Interfaces JSON-LD 

TABLE III: HEALTHCARE SYSTEM INTEGRATION CAPABILITIES 
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 X. LIMITATIONS AND FUTURE RESEARCH 

A. Current Constraints 

While Health Pixel introduces notable advancements in AI-driven preventive healthcare, certain limitations still need to 

be addressed: 

1. Dependence on High-Quality Images: The platform’s diagnostic accuracy relies heavily on the quality of the 

uploaded images. Blurry, poorly lit, or low-resolution images may reduce the effectiveness of the models. 

 

2. Variations in Regional Health Indicators: Health markers can vary across populations due to differences in 

ethnicity and geographic location. As a result, model performance may be less accurate for underrepresented 

groups. 

 

3. Requirement for Continuous Model Improvement: To stay aligned with evolving medical knowledge, 

regular updates and retraining of the models are necessary. Expanding the dataset with diverse images ensures 

that predictions remain relevant and accurate over time.. 

B. Emerging Research Paths 

To overcome these challenges and further enhance the platform, future research will focus on: 

1. Quantum Learning Integration:  

 Exploring the use of quantum computing to boost model efficiency and speed up complex diagnostic processes. 

2. Edge-Based Real-Time Analysis:  

 Implementing real-time image processing on edge devices to facilitate faster diagnostics and reduce server load. 

3. Global Pattern Recognition:  

 Leveraging aggregated data from diverse populations to identify emerging global health trends and provide 

timely preventive recommendations. 

4. Culturally Adapted Health Insights:  

 Integrating culturally sensitive diagnostic markers to offer personalized recommendations tailored to regional 

and demographic factors. 

C. Making Health Pixel Universally Accessible 

Health Pixel is committed to ensuring that users from all backgrounds and abilities can easily engage with its features. 

By prioritizing user-centric design and accessibility enhancements, the platform provides a seamless experience for 

everyone. 

1. Ensuring Compliance with Inclusive Design Standards:  

 The platform incorporates design principles aligned with global accessibility standards to accommodate users 

with diverse abilities. 

2. Compatibility with Assistive Technologies:  

 Health Pixel is engineered to support various assistive technologies, enabling visually impaired users to interact 

effortlessly with the platform. 

3. Enhanced Visual Experience with Custom Display Modes:  

 To accommodate individuals with visual impairments, the platform includes adjustable display settings that 

improve readability and contrast. 

4. Personalized Text Scaling Options:  

 Users have the ability to modify text sizes to suit their comfort, ensuring a more customized and accessible 

browsing experience. 

5. Flexible Navigation with Multiple Interaction Methods:  

 Whether through gesture-based controls or keyboard inputs, Health Pixel offers intuitive interaction options, 

allowing users to navigate the platform with ease. 
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