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Abstract— Obesity has emerged as one of the most critical 

public health challenges of the 21st century, contributing 

significantly to chronic diseases such as diabetes, 

cardiovascular disorders, and metabolic syndromes. 

Traditional statistical approaches and black-box machine 

learning models have been widely applied for obesity risk 

prediction; however, their lack of interpretability limits 

trust, clinical acceptance, and ethical deployment in 

healthcare settings. This research proposes an Explainable 

Artificial Intelligence (XAI)-enhanced machine learning 

framework for obesity risk classification that not only 

delivers accurate predictions but also provides transparent 

and human-interpretable explanations for decision making. 

The system integrates advanced machine learning classifiers 

with XAI techniques to uncover how physiological, 

behavioral , and lifestyle features influence obesity risk. By 
incorporating explainability methods such as feature 

attribution and local explanation models, the proposed 

approach bridges the gap between predictive performance 

and clinical interpretability. The framework aims to support 

healthcare professionals by offering clear insights into 

contributing risk factors, enabling personalized intervention 

strategies and early prevention. Experimental evaluation 

demonstrates that the XAI-enhanced models achieve 

competitive accuracy while significantly improving model 

transparency and trustworthiness. This study highlights the 

importance of explainability in healthcare-oriented machine 

learning systems and provides a robust foundation for 

ethical, reliable, and user-centric obesity risk assessment 

solutions. 
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I. INTRODUCTION 

Obesity is a complex, multifactorial condition influenced by 

genetic, physiological, behavioral, environmental, and 

socioeconomic factors. The increasing prevalence of obesity 

across all age groups has placed immense pressure on 

healthcare systems worldwide, necessitating early detection 

and preventive strategies. With the rapid growth of digital 

health records and wearable devices, large volumes of 

health-related data are now available, creating opportunities 

for machine learning-based predictive modeling. Machine 

learning techniques have shown promising results in 

identifying  obesity  risk  patterns  by  analyzing 

multidimensional data such as body mass index, dietary 

habits, physical activity levels, and metabolic indicators. 

However, most high-performing models, including deep 

learning and ensemble techniques, operate as black boxes, 

providing predictions without clear explanations. This 

opacity poses a major challenge in clinical environments 

where interpretability, accountability, and trust are 

essential[1],[2],[3]. 

Explainable Artificial Intelligence has emerged as a 

solution to address the transparency limitations of 

conventional machine learning. XAI focuses on making 

model decisions understandable to humans by explaining 

how input features contribute to specific predictions. In the 

context of obesity risk classification, explainability is crucial 

for enabling healthcare professionals to validate model 

outcomes, understand causal relationships, and design 
effective intervention strategies. An interpretable model can 

reveal whether obesity risk is primarily driven by lifestyle 

behaviors, metabolic factors, or demographic attributes, 

thereby supporting personalized healthcare planning. This 

research integrates XAI techniques with machine learning 

classifiers to create a system that balances predictive 

accuracy with interpretability. By embedding explainability 

into the model design, the study aims to enhance clinical 

acceptance, reduce algorithmic bias, and promote ethical AI 

adoption in healthcare. The introduction establishes the 

motivation for combining machine learning and XAI and 

emphasizes the necessity of transparent predictive systems 

for obesity risk assessment[4],[5],[6].. 

 

1.3 Scope of Research 
The scope of this research focuses on designing, 

implementing, and evaluating an XAI-enhanced machine 

learning framework for obesity risk classification. The study 

considers structured health datasets containing demographic, 

physiological, and lifestyle attributes relevant to obesity. 

The research emphasizes supervised machine learning 
models suitable for classification tasks and integrates 

explainability techniques to interpret both global and local 

model behavior. Global explanations aim to identify overall 

feature importance and population-level risk patterns, while 

local explanations focus on individual predictions to support 

personalized healthcare insights[16],[17],[18]. 

The research scope includes data preprocessing, feature 

selection, model training, and performance evaluation using 

standard metrics such as accuracy, precision, recall, and F1-

score. Special attention is given to explainability evaluation, 

assessing how effectively the XAI methods communicate 

model reasoning to healthcare professionals. The study does 

mailto:rokkam.mounika9630@gmail.com


International Journal of Engineering Science and Advanced Technology (IJESAT) 

Vol 26 Issue 05, May 2026 
Received: 19-03-2026 Accepted: 24-04-2026 Published: 01-05-2026 

Page 44 

2250-3676 

 
 
 

                            

not aim to replace clinical judgment but rather to augment it 

by providing decision support tools that enhance 

understanding and transparency. The scope excludes real-

time clinical deployment and focuses instead on 
experimental validation and conceptual framework 

development. Ethical considerations, including bias 

reduction and responsible AI usage, are also addressed 

within the research boundaries. By combining machine 

learning performance with explainability, this research 

contributes to the development of trustworthy AI systems in 

healthcare, specifically targeting obesity risk assessment and 

preventive medicine[19],[20]. 

II. RELATED WORK 

Many researchers have used machine learning to predict 

obesity. Earlier methods like Logistic Regression and 

Decision Trees were easy to understand but not very 

accurate. 

Later, advanced models like Random Forest, Gradient 

Boosting, and Deep Learning gave better accuracy. But 

these models are difficult to understand because they work 

like black boxes. 

To solve this problem, new techniques called Explainable 

AI (XAI) like SHAP and LIME are used. These help explain 

how the model gives predictions. 

So, recent research focuses on combining accuracy + 

explanation. Your project also follows this idea by using 
machine learning with XAI to make results both accurate 

and understandable. 

 

 

III. METHODOLOGY 

The proposed XAI-enhanced machine learning 

methodology integrates predictive modeling with 

explainability to classify obesity risk while maintaining 

transparency. The workflow begins with preprocessed data 
being divided into training and testing subsets to enable 

unbiased evaluation. Machine learning classifiers such as 

logistic regression, support vector machines, random forests, 

or gradient boosting models are trained to predict obesity 

risk levels based on health and lifestyle features. After 

model training, explainable artificial intelligence techniques 

are incorporated to interpret predictions. Model-agnostic 

explainability methods such as SHAP or LIME are 

employed to identify feature contributions at both global and 

individual levels. Global explanations help understand 

overall obesity risk factors across the population, while local 

explanations provide patient-specific insights into why a 

particular individual is classified as high or low risk. This 

combined methodology ensures that the model not only 

achieves high accuracy but also supports trust, 

accountability, and clinical relevance by enabling healthcare 

professionals to understand and validate the decision-
making process. 

A.Feature selection techniques 

Feature selection plays a vital role in improving model 

performance and interpretability in XAI-based obesity risk 

classification systems. Redundant or irrelevant features can 

increase model complexity and obscure explanations, 

making it difficult to identify meaningful health indicators. 

Filter-based techniques such as correlation analysis and 

mutual information are first applied to assess the statistical 

relationship between features and obesity outcomes. Highly 

correlated or non-informative features are removed to 
reduce dimensionality. Wrapper-based methods, including 

recursive feature elimination, are then used to evaluate 

subsets of features based on model performance. Embedded 

methods such as feature importance scores from tree-based 

models further refine the selection by identifying attributes 

that contribute most to predictions. The final feature set is 

validated using explainability outputs to ensure that selected 

features align with medical knowledge, thereby enhancing 

both predictive reliability and interpretive clarity. 

Algorithm Pseudo code steps 

Step 1: Load the obesity risk dataset containing 

demographic, physiological, and lifestyle features. 

Step 2: Perform data preprocessing including missing value 

handling, encoding of categorical variables, normalization 

of numerical features, and outlier removal. 

Step 3: Apply feature selection techniques to identify the 

most relevant obesity risk indicators. 
Step 4: Split the dataset into training and testing sets. 

Step 5: Train the selected machine learning classifier using 

the training dataset. 

Step 6: Evaluate the trained model on the testing dataset 

using performance metrics such as accuracy, precision, 

recall, and F1-score. 

Step 7: Apply XAI techniques to generate global 

explanations for overall feature importance. 

Step 8: Generate local explanations for individual 

predictions to interpret obesity risk classification. 

Step 9: Validate explanations with domain knowledge to 

ensure clinical relevance. 

Step 10: Output the final obesity risk prediction along with 

interpretable explanations. 

 

A.  Equations 

Evaluation Metrics 

• Accuracy: \frac{TP + TN} {TP + TN + 

FP + FN} 

• Precision: \frac {TP}{TP + FP} 
• Recall: \frac {TP} {TP + FN} 

• F1-score: 2 \c dot \frac {Precision \c dot 

Recall} {Precision + Recall} 

Model & Training 

• Loss (Cross-Entropy): - \sum \log(\hat{y}) 

• SGD Update: w = w - \eta \ nabla L(w) 

Preprocessing 

• Standardization: \frac {X - \ mu }{\sigma} 

Obesity Measure 

• BMI: \frac {Weight}{Height^2} XAI 

• SHAP  (concept):  feature  contribution 

formula 

Performance analysis 
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Figure 1: 
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Figure 3: 
 

 

Comparison of All Models: 

 

 

 

 

 

 

 

The system was tested using three models: Random Forest, 

CNN, and LightGBM. 

LightGBM gave the best accuracy (96.1%). CNN also 

performed well (92.3%), while Random Forest showed 

lower accuracy (88.6%). 

 

1V. Experimental Setup 

The experimental setup involves a supervised learning 

environment using a publicly available obesity-related 

dataset containing demographic, behavioral, and physical 

attributes such as age, gender, BMI, eating habits, physical 

activity levels, and family history. Data preprocessing 

includes handling missing values, normalization of 

numerical features, and encoding of categorical variables. 

The dataset is split into training, validation, and testing sets 

to ensure unbiased performance evaluation. A CNN-based 

architecture is employed to capture complex feature 

interactions, even within structured data, by transforming 

input features into suitable representations. The model is 

trained using an adaptive optimizer with a fixed learning 

rate and categorical cross-entropy loss function. After 
training, XAI techniques such as feature attribution and 

local explanation methods are applied to interpret the 

CNN’s predictions. The experiments are conducted on a 

standard machine learning environment with sufficient 

computational resources to ensure reproducibility and 

stability of results. 

 

V. RESULT AND DISCUSSIONS 

The experimental results highlight the effectiveness of 

integrating CNNs with XAI techniques for obesity risk 

classification. While the CNN model achieves high 

predictive performance, the incorporation of explainability 

adds significant value by revealing which features most 
influence individual predictions. This transparency enhances 

trust and usability in clinical environments. The analysis 

shows that dietary habits, physical activity, and BMI-related 

features contribute significantly to classification outcomes. 

The discussion also reveals that explainable outputs help 

identify potential biases and ensure ethical use of machine 

learning in healthcare. However, the model’s performance 

may vary depending on data quality and population 

diversity, indicating the need for continuous validation and 

refinement. Overall, the findings demonstrate that XAI-

enhanced  deep  learning  provides  both  accuracy  and 
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interpretability, addressing a major limitation of black-box 

models. 

V1. Conclusion 

This study presented an explainable artificial intelligence 

(XAI)–enhanced machine learning framework for obesity 

risk classification, addressing the growing need for accurate, 

transparent, and clinically interpretable decision-support 

systems in healthcare. Obesity is a complex, multifactorial 

condition influenced by demographic, behavioral, 

physiological, and genetic factors, and traditional diagnostic 

approaches often fail to capture these interactions 

effectively. By leveraging machine learning techniques, the 

proposed system demonstrated the ability to model 

nonlinear relationships within heterogeneous health datasets, 

leading to improved predictive performance compared to 

conventional statistical methods. More importantly, the 

integration of XAI techniques ensured that model decisions 

were not treated as opaque “black boxes,” but rather as 

interpretable outcomes that can be understood and trusted by 
clinicians, healthcare providers, and policymakers. 

 

The experimental results indicate that supervised machine 

learning models, when trained on well-preprocessed 

obesity-related data, can achieve high accuracy, precision, 

recall, and F1-score in classifying individuals into different 

obesity risk categories. Features such as body mass index, 

age, physical activity levels, dietary habits, metabolic 

indicators, and lifestyle patterns played a significant role in 

prediction. However, raw predictive accuracy alone is 

insufficient in medical contexts where accountability and 

transparency are essential. The application of XAI methods 

enabled feature-level and instance-level explanations, 

revealing how specific factors contributed to individual risk 

predictions. This interpretability is crucial for validating 

model behavior, identifying potential biases, and supporting 

evidence-based clinical decisions. 

 

The XAI-enhanced framework also improves patient 
engagement and ethical compliance. When healthcare 

professionals can explain why a model predicts a high or 

low obesity risk, patients are more likely to trust the system 

and adhere to recommended lifestyle or medical 

interventions. Additionally, explainability supports 

regulatory requirements and ethical guidelines by ensuring 

fairness, reducing unintended discrimination, and allowing 

systematic auditing of model decisions. The study highlights 

that explainable models can bridge the gap between 

advanced machine learning and real-world healthcare 

deployment. 

 

Despite these strengths, certain limitations remain. The 

performance of the model depends heavily on data quality, 

feature availability, and representativeness of the 

population. Self-reported lifestyle data may introduce bias, 

and static datasets may not fully capture temporal changes 

in obesity risk. Nevertheless, the proposed XAI-enhanced 

approach demonstrates strong potential as a reliable 

decision-support tool for early obesity risk detection and 
prevention. Overall, this research confirms that combining 

machine learning with explainable AI techniques offers a 

powerful, transparent, and clinically meaningful solution for 

obesity risk classification, paving the way for more 

responsible and effective use of artificial intelligence in 

preventive healthcare. 

 

V11. Limitations 

The proposed obesity risk prediction system has several 

limitations. The performance of the model highly depends 

on the quality and accuracy of the dataset, meaning incorrect 

or incomplete data can lead to wrong predictions. The 

system considers only a limited set of features such as 

height, weight, and lifestyle habits, which may not fully 

represent real-life health conditions. Additionally, the model 

may not generalize well to different populations due to 

variations in lifestyle, genetics, and environment. Deep 

learning models used in the system are complex and 

difficult to interpret, and although XAI techniques are 

applied, the explanations may not always be completely 

accurate. Furthermore, the system requires regular updates 

with new data to maintain its performance and reliability.T 
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