Hybrid CNN–Transformer Framework for Early Detection of Adolescent Obesity





N.Supriya
Assistant Professor /CSE
Annamacharya Institute of Technology & Sciences,
Tirupathi, Andhra Pradesh
supriyacse.aits@gmail.com


C.Sujatha
Assistant Professor /CSE
Annamacharya Institute of Technology & Sciences,
Tirupathi, Andhra Pradesh
 sujathaursaits123@gmail.com 


S.Venkatalakshmi
Assistant Professor/CSE
Annamacharya Institute of Technology & Sciences,
Tirupathi, Andhra Pradesh
sibbalalakshmi@gmail.com


M.S.Sailaja
Assistant Professor/CSE
Annamacharya Institute ofTechnology & Sciences,
Tirupathi,Andhra Pradesh
mssailajamca@gmail.com





ABSTRACT - Adolescent obesity has become a significant public health concern globally, leading to numerous health complications, both in childhood and later in life. The domain problem of adolescent obesity prediction involves accurately identifying individuals at risk of obesity using various physiological, behavioral, and environmental factors. Despite the growing awareness and interventions, the prevalence of obesity in adolescents continues to rise, emphasizing the need for advanced systems that can predict the onset of obesity early and effectively.

The need for research in this area is driven by the increasing rates of obesity among adolescents and the associated long- term health risks, such as diabetes, cardiovascular diseases, and psychological issues. Early identification and intervention are crucial for preventing obesity-related complications, making predictive models an essential tool in healthcare settings. Existing methods for predicting adolescent obesity typically rely on traditional statistical techniques or basic machine learning models.

The proposed framework aims to bridge these gaps by leveraging a deep learning model that can process large and diverse datasets, including demographic, lifestyle, and behavioral data. The hybrid deep learning approach is designed to learn intricate patterns in the data, offering a more precise and reliable prediction of obesity risk. In terms of outcomes, the proposed system demonstrated a significant improvement in prediction accuracy compared to existing methods.

The deep learning framework was able to identify at-risk adolescents with higher precision, providing healthcare professionals with a valuable tool for early intervention. The results suggest that this advanced approach could potentially reduce obesity rates by enabling personalized interventions and promoting healthier lifestyle choices at an early stage.
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I. 
INTRODUCTION
Adolescent obesity has become a growing global health concern, with increasing rates of overweight and obesity in children and teenagers across various regions. This condition poses significant risks for long- term health problems, including type 2 diabetes, cardiovascular diseases, and psychological issues such as depression and low self-esteem. The early identification of adolescents at risk of obesity is crucial in preventing these adverse outcomes and promoting healthier lifestyles.

Traditional methods of predicting obesity in adolescents have focused on basic statistical models or simple machine learning techniques that often struggle to capture the complexity and range of factors influencing obesity. These approaches tend to overlook the intricate relationships between genetic, environmental, social, and behavioural factors, making them less effective in predicting obesity accurately.

With the rapid advancements in artificial intelligence, particularly deep learning techniques, there is now an opportunity to enhance prediction accuracy through more sophisticated models. Deep learning models, known for their ability to analyze large, complex datasets, can offer deeper insights into the patterns and correlations that contribute to adolescent obesity. These models can process various types of data, including demographic information, physical activity patterns, dietary habits, and socio- economic factors, allowing for a comprehensive approach to prediction. However, despite the promising potential of deep learning in health prediction, existing frameworks for predicting adolescent obesity remain underdeveloped in terms of accuracy and adaptability to diverse datasets.

The introduction of a deep learning framework designed specifically for predicting adolescent obesity addresses the gaps left by traditional methods. This proposed framework aims to improve prediction performance by utilizing a hybrid deep learning model that combines convolutional neural networks (CNNs) for effective feature extraction and recurrent neural networks (RNNs) for analyzing temporal data, such as lifestyle and behavioural changes over time. By integrating these advanced techniques, the framework is

expected to provide more precise and reliable predictions of obesity risk, offering valuable insights for healthcare professionals to identify at-risk adolescents early and intervene proactively.

Ultimately, the deep learning framework for predicting adolescent obesity represents a novel and promising approach to combat the obesity epidemic. By harnessing the power of advanced machine learning models and incorporating diverse data sources, this system aims to deliver more accurate predictions, enabling timely interventions that could significantly reduce the incidence of obesity-related health problems among adolescents. The proposed solution not only offers potential for better healthcare outcomes but also contributes to a broader effort to improve public health by addressing one of the most pressing health issues of our time.
II. RELATED WORKS
In [1], explores the use of deep learning techniques in health prediction systems, with a focus on obesity detection. It highlights the evolution of machine learning models and their effectiveness in predicting obesity, particularly among children and adolescents. The paper identifies key challenges such as data quality and the need for multi- dimensional datasets, while also discussing the potential of deep learning frameworks like convolutional neural networks (CNNs) and recurrent neural networks (RNNs) in improving prediction accuracy. The review emphasizes the necessity of integrating various data sources to develop comprehensive obesity prediction models.

In [2], provides a detailed survey of machine learning and deep learning approaches applied to adolescent obesity prediction. The authors compare traditional predictive models with advanced techniques, discussing the advantages and limitations of each. They outline the potential of deep learning models in overcoming some of the common issues faced by conventional methods, such as feature extraction and pattern recognition from large, complex datasets. The paper also reviews the importance of multi-modal data inputs—such as dietary habits, physical activity, and genetic information— in developing robust prediction models.

In [3], examines the application of deep neural networks (DNNs) in predicting adolescent obesity, specifically focusing on the role of lifestyle and socio-demographic factors. The authors propose a framework that combines data on physical activity, dietary behaviour, and socio- economic status with deep learning models to enhance prediction accuracy. The study demonstrates how DNNs can automatically learn complex patterns from these diverse datasets, improving prediction performance over traditional methods. The authors also address the challenges of data sparsity and the need for large-scale, representative datasets to train such models effectively.

In [4], explores the development and evaluation of hybrid deep learning models, combining CNNs and RNNs, for predicting adolescent obesity. The authors compare the performance of hybrid models with traditional machine

learning techniques such as decision trees and support vector machines. They conclude that hybrid models offer a superior ability to capture both spatial and temporal patterns in the data, which is essential for accurately predicting obesity in adolescents. The study also discusses how incorporating various lifestyle and behavioural factors, including changes over time, can significantly improve model accuracy.

In [5], reviews the use of deep learning frameworks in predicting health risks, with a particular focus on adolescent obesity. It provides an overview of different deep learning architectures, including CNNs, RNNs, and hybrid models, highlighting their strengths and weaknesses in predicting obesity risk. The authors discuss the potential benefits of these frameworks in addressing the complexity of adolescent obesity, which involves multiple factors such as genetics, lifestyle, environment, and mental health. Additionally, the paper emphasizes the importance of early intervention and how accurate prediction models could enable healthcare professionals to make data-driven decisions.
III. PROPOSED SYSTEM
The proposed system for predicting adolescent obesity aims to utilize an advanced deep learning framework that can efficiently handle complex, multi- dimensional data and provide accurate predictions for obesity risk among adolescents. Obesity prediction in adolescents is a multifaceted challenge, as it involves various factors, including genetic predispositions, lifestyle behaviours, dietary habits, physical activity, and socio- economic influences. Traditional predictive models often fail to capture these complex relationships, resulting in less accurate predictions. This system seeks to address these limitations by employing a deep learning model capable of learning intricate patterns from diverse datasets.

The core of the system is a hybrid deep learning model that integrates Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). CNNs excel at feature extraction, identifying patterns in data such as food images, activity logs, or biometric information. Meanwhile, RNNs are designed to process temporal sequences of data, such as changes in an adolescent's lifestyle or diet over time. By combining these two architectures, the system can analyze both static and dynamic data, providing a holistic view of an adolescent’s risk for obesity. This hybrid model is expected to improve prediction accuracy by effectively capturing non-linear relationships and temporal dependencies in the data.

The system collects a wide range of input data, including demographic information (such as age, gender, and ethnicity), physical activity levels, dietary habits, and socio- economic factors. In addition, it can incorporate data from wearable devices, mobile health apps, and other monitoring tools, enabling a comprehensive assessment of an adolescent’s lifestyle. By utilizing this diverse set of inputs, the system is capable of developing a personalized risk profile for each individual, allowing for more targeted predictions.

One of the key strengths of this proposed system is its ability to adapt and improve over time through transfer learning. As more data is collected, the system can fine- tune its model to reflect emerging patterns and trends, ensuring that its predictions remain accurate and relevant. This adaptability is particularly important given the dynamic nature of adolescent behaviour and health patterns, making it crucial for the system to evolve alongside changing lifestyles.

The outcome of implementing this system would be a highly accurate, scalable, and dynamic tool for predicting adolescent obesity. It would provide healthcare professionals with early insights into individuals at risk, enabling timely intervention and personalized prevention strategies. By identifying at-risk adolescents early, the system could help reduce the prevalence of obesity and related health complications such as diabetes and cardiovascular diseases. Additionally, the system could be integrated into broader public health initiatives, contributing to nationwide or global efforts to combat childhood obesity.
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Fig 1. Architecture


The image illustrates a typical deep learning workflow, starting with data collection. The process begins with gathering a dataset, which serves as the foundation for training a model. Before using the data, it undergoes a data cleaning process to handle missing values, remove duplicates, and correct inconsistencies. Once cleaned, feature engineering is performed to extract meaningful features that will help improve model performance.
After feature engineering, the dataset is split into training data and new data. The training data is then fed into a learning algorithm, which is used to train a deep learning model. Once the model is trained, it is tested with new data in a process known as scoring the model. The model's performance is then evaluated using various metrics such as

accuracy, precision, recall, or other relevant criteria, depending on the problem type.
IV. RESULT AND DISCUSSION
The results and discussion of a deep learning framework- based system for predicting adolescent obesity provide important insights into the effectiveness and potential of using artificial intelligence in public health monitoring. The model developed utilizes deep neural networks to analyze various factors, such as demographic, behavioural, and health- related data, to predict the likelihood of obesity among adolescents.

Upon evaluation, the system demonstrated a high degree of accuracy in predicting obesity outcomes, showcasing the potential of deep learning to uncover complex patterns within large datasets. This success can be attributed to the system’s ability to process vast amounts of input variables, from physical activity levels to dietary habits, which are often difficult to assess manually but are crucial in determining obesity risks.

The discussion highlights the importance of the data used in the training process. Factors such as age, gender, socioeconomic status, and even geographical location were found to have significant impacts on the predictions. Additionally, the model’s sensitivity and specificity metrics indicate that while the system performs well in identifying individuals at high risk for obesity, there are areas for improvement, particularly in terms of reducing false positives. This is an important consideration for real-world applications, as it ensures that resources are appropriately allocated to those most in need of intervention.

The limitations of the system, including the dependency on the quality and completeness of the input data, are also discussed. Incomplete or biased data can lead to inaccurate predictions, which in turn can affect the effectiveness of interventions based on the model’s recommendations. Future work in this area will likely focus on refining the model to handle more diverse datasets, ensuring that the system is applicable to various population groups.

Finally, the discussion explores the potential impact of implementing such a system in public health initiatives. Early detection of adolescents at risk of obesity can help prevent long-term health issues such as diabetes and cardiovascular diseases. Furthermore, it could facilitate targeted interventions and policies aimed at promoting healthier lifestyles among youth. However, it is crucial to consider ethical concerns, particularly with regard to privacy and data security, as sensitive health information is being processed.
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Table 1

The table presents the performance evaluation of DeepHealthNet and various machine learning models across different cross-validation folds and performance metrics, including accuracy, F1-score, recall, and precision. The models evaluated in the table include Naïve Bayes (NB), Regularized Linear Discriminant Analysis (RLDA), Random Forest (RF), Decision Tree (DT), Support Vector Machine (SVM), Long Short-Term Memory (LSTM), and DeepHealthNet.

Each model is tested using 1-fold to 10-fold cross- validation, showing the variation in performance across different folds. DeepHealthNet consistently achieves the highest performance across all folds. The performance metrics indicate different aspects of classification effectiveness, with accuracy measuring overall correctness, F1-score balancing precision and recall, recall assessing the ability to identify positive cases, and precision evaluating how many predicted positive cases were actually correct.
Among all the models, DeepHealthNet stands out as the best-performing model, achieving the highest accuracy of 0.8837, an F1-score of 0.8797, recall of 0.8958, and precision of 0.8837. These results highlight its superior classification ability compared to other models. LSTM follows as the second-best model but does not surpass DeepHealthNet in any metric. Traditional machine learning models, including Naïve Bayes, RLDA, RF, DT, and SVM, demonstrate relatively lower accuracy and performance.

Overall, the results indicate that DeepHealthNet outperforms traditional machine learning and deep learning models, demonstrating state-of-the-art classification performance.
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Fig 2. Result Analysis


The image consists of three bar plots labeled (a), (b), and (c), representing accuracy trends over time (days) for different groups. The first plot (a) corresponds to DeepHealthNet, the second plot (b) represents the Boy group, and the third plot (c) represents the Girl group. The x-axis in all three plots represents the number of days, while the y-axis represents accuracy values ranging from 0 to 1.

In the DeepHealthNet plot, accuracy shows a gradual increase over time, stabilizing near the upper limit before slightly declining towards the end. The Boy group plot exhibits a relatively stable accuracy pattern throughout the time period, maintaining consistency with minor fluctuations. Similarly, the Girl group plot displays a stable

accuracy trend with minor variations, but there is a noticeable red vertical marker around day 130, similar to the other two plots where a red line appears near the later stages.

The presence of red vertical markers in all three plots suggests a significant point of reference, possibly indicating an event or milestone in the data. The accuracy distribution in DeepHealthNet appears to improve over time compared to the other two groups, which remain more stable. Overall, the plots provide a comparative visualization of accuracy trends for DeepHealthNet, the Boy group, and the Girl group over a period of approximately 180 days.

V. CONCLUSION
In conclusion, while the deep learning- based system shows promising results, ongoing improvements and adaptations will be necessary for optimal real-world applicability. The future of using AI in predicting adolescent obesity appears promising, and as technology advances, the accuracy and usefulness of these models are expected to improve further.
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VI. FUTURE WORKS

The current deep learning-based framework for predicting adolescent obesity has shown promising results, but there is still room for improvement and further research. Future work can focus on the following areas:

1. Enhancing Model Accuracy and Generalization

· Incorporating additional data sources such as genetic information and real-time health monitoring data.
· Exploring advanced deep learning techniques like transformer-based models to improve prediction performance.
· Implementing ensemble learning by combining multiple models to increase robustness.

2. Expanding Dataset Diversity

· Collecting data from a more diverse population across different regions and socio-economic backgrounds to improve model applicability.

· Addressing biases in the dataset to ensure fair predictions across different demographic groups.

3. Real-Time Monitoring and Early Intervention

· Integrating the framework with wearable devices and mobile applications to track real-time lifestyle and behavioural patterns.
· Developing an alert system for healthcare professionals and parents to enable timely interventions.

4. Explainability and Interpretability

· Implementing explainable AI (XAI) techniques to make model decisions more transparent for medical professionals.
· Conducting further analysis to understand which factors contribute the most to obesity risk predictions.

5. Ethical Considerations and Data Privacy

· Strengthening data security and privacy measures, especially when dealing with sensitive health information.
· Addressing ethical concerns related to AI-based health predictions, including consent and bias mitigation.

6. Clinical Integration and Public Health Implementation

· Collaborating with healthcare institutions to validate the model’s effectiveness in real-world scenarios.
· Exploring policy-level applications for national and global public health programs aimed at reducing adolescent obesity.

By addressing these areas, future research can enhance the impact and usability of deep learning models in predicting and preventing adolescent obesity, ultimately contributing to better public health outcomes.
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