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Introduction: As the global prevalence of obesity continues to rise, it has become a major public health concern requiring more accurate prediction methods. Traditional regression models often fail to capture the complex interactions between genetic, environmental, and behavioral factors contributing to obesity.

Methods: This study explores the potential of machine-learning techniques to improve obesity risk prediction. Various supervised learning algorithms, including the novel ANN-PSO hybrid model, were applied following comprehensive data preprocessing and evaluation.

Results: The proposed ANN-PSO model achieved a remarkable accuracy rate of 92%, outperforming traditional regression methods. SHAP was employed to analyze feature importance, offering deeper insights into the influence of various factors on obesity risk.

Discussion: The findings highlight the transformative role of advanced machine-learning models in public health research, offering a pathway for personalized healthcare interventions. By providing detailed obesity risk profiles, these models enable healthcare providers to tailor prevention and treatment strategies to individual needs. The results underscore the need to integrate innovative machine-learning approaches into global public health efforts to combat the growing obesity epidemic.
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1 Introduction

As a complicated and unsolvable public health and medical issue, obesity has spread around the world and has serious adverse effects on both health and the economy (Ward et al., 2019). This condition, which manifests as related medical and psychological conditions, places a significant burden on one's health and social life. World Health Organization (WHO) defines obesity as an excess of adiposity, which is a build-up of body fat that is harmful to one's health (Word Health Organization, 2023). In order to operationalize this definition, body mass index (BMI), a widely utilized measure of body fat, is used to categorize obesity. More specifically, according to WHO guidelines, individuals are classified as obese if their BMI exceeds 30 kg/m2. Obesity patients endure persistent discrimination and stigma, which raises the risk of illness and death (Afshin et al., 2017). In addition to the psychological consequences, obesity imposes substantial financial burdens on healthcare systems and entire communities (Busebee et al., 2023; Ward et al., 2019). The prevalence of obesity has nearly doubled globally since 1980. According to James et al. (2001), presently, there exists a population of more than 200 million adult males and ~300 million adult females who are afflicted with obesity. Furthermore, estimates indicate that by 2030, obesity will affect roughly one in every two adults in the US (Ward et al., 2019). Various ailments, including hypertension (elevated blood pressure), cardiovascular disease, diabetes, stroke, and different forms of cancer, are linked to this increase in the prevalence of obesity (Pi-Sunyer, 1999). Obesity is also associated with psychological effects, joint strain, and hormonal imbalances. Research has repeatedly shown that people with BMI typically live shorter lives (Berraho et al., 2010; Flegal et al., 2007). Obesity greatly increases the risk of severe COVID-19, as it raises the chances of negative outcomes such as admission to the hospital or the Intensive Care Unit (ICU) and death (Arulanandam et al., 2023; Singh et al., 2022; Steenblock et al., 2022). This association can be attributed to various metabolic effects, inflammation, and compromised lung function. Regression models have historically been the main tool researchers use to assess the risk of obesity, with a preference for linear modeling approaches. However, the pursuit of novel methodologies has been motivated by the constraints of conventional regression, such as restrictions on the quantity of predictors and dependence on specific assumptions (LeCroy et al., 2021; Wiemken and Kelley, 2020; Zhang et al., 2009). Recent research has progressively adopted machine-learning (ML) techniques, realizing the need for more advanced analysis and providing the adaptability to record intricate, non-linear interactions (Cheng et al., 2022). The field of machine-learning is becoming increasingly valuable in the context of preventive care. It is praised for its capacity to describe, adapt, learn, predict, and analyze clinical data (Beam and Kohane, 2018). Advances in Artificial Neural Networks (ANN) and Deep Learning (DP) present a way to predict health outcomes more accurately. The main aim of this paper is to carry out a thorough analysis of individuals for obesity, with a specific emphasis on attaining greater precision in predicting levels of obesity risk. Once the relevant datasets have been collected, they undergo thorough preprocessing and feature engineering to refine and prepare the data. Subsequently, seven distinct supervised ML algorithms, namely Logistic Regression, Random Forest (RF), Support Vector Machine (SVM), Light Gradient Boosting Method (LGBM), Extreme Gradient Boosting (XGBoost), Categorical Boosting (CATBoost), and Multi-Layer Perceptron (MLP), were utilized to evaluate essential metrics such as accuracy, precision, recall, and F1-score. We have introduced a new hybrid model called ANN-PSO (Artificial Neural Networks-Particle Swarm Optimization) alongside the traditional ML algorithms. This novel approach combines the optimization techniques of Particle Swarm Optimization (PSO) with the learning abilities of ANN. The incorporation of the ANN-PSO model enhances the complexity of our analysis, leveraging the synergistic effects between optimization techniques and neural network-based learning. The superior performance of this hybrid model compared to traditional algorithms highlights its potential to improve accuracy and effectiveness in predicting obesity. The incorporation of the suggested model brings about a substantial improvement to our approach, providing a promising opportunity for further investigation in the domain of predictive analytics for obesity.



2 Literature review

Various studies have explored the application of ML models to predict obesity across different populations and age groups. Diverse methodologies and datasets have been employed, ranging from Electronic Health Records (EHR) and clinical decision support systems to publicly available health data. Researchers have experimented with an array of ML algorithms, including ensemble methods, decision trees, Bayesian models, and SVM. Muhamad Adnan et al. (2012) devised a hybrid methodology that integrates Naïve Bayes (NB) with genetic algorithms to enhance prediction accuracy and optimize parameters. The genetic algorithm optimization resulted in the highest level of accuracy. Significantly, they identified a vulnerability in the NB algorithm pertaining to "zero value parameters." Their preliminary tests showcased the efficacy of their method, correctly identifying 92% of the samples with zero value parameters. Dugan et al. (2015) explored the prediction of early childhood obesity using data from the pediatric clinical decision support system, CHICA. They utilized six ML techniques: Random Tree, RF, J48, ID3, NB, and Bayes Net. Among these, the ID3 algorithm emerged as the most effective, achieving an accuracy of 85% and a sensitivity of 89% after thorough training and evaluation. Montañez et al. (2017) applied ML methods to forecast obesity using publicly accessible genetic profiles. They tested algorithms like SVM, decision tree, decision rule, and k-NN to predict chronic hepatitis susceptibility using Single Nucleotide Polymorphisms (SNPs) data. SVM performed the best, achieving a notable AUC of 90.5%. Zheng and Ruggiero (2017) created a high school student obesity prediction model utilizing nine health-related behaviors. They applied binary LR, an improved decision tree (IDT), weighted K-NN, and ANN model. The results showed that the IDT reached 80.23% accuracy, the ANN 84.22%, and the k-NN 88.92%. Jindal et al. (2018) performed a study that aimed to predict obesity by employing ensemble machine-learning techniques. Their strategy achieved an impressive accuracy of 89.68% in predicting obesity, demonstrating its effectiveness. Hammond et al. (2019) used EHR data and publicly available datasets to predict childhood obesity with models like LR, RF, and GBoost. Their study focused on predicting obesity by age five and reported accuracies of 82% for girls and 76% for boys, with LASSO regression showing particularly strong performance. Singh and Tawfik (2019) utilized data from the UK's Millennium Cohort Study to develop a ML model predicting the likelihood of adolescents developing overweight or obesity. Using BMI values from ages 3, 5, 7, and 11, they achieved a prediction accuracy exceeding 90% for the target class despite dataset imbalance. Taghiyev et al. (2020) introduced a hybrid model combining DT and LR techniques to identify and predict obesity. Their approach involved two stages: feature selection followed by classification. The study found that obesity risk in women rises with age, number of pregnancies, blood pressure, body weight, and blood glucose levels. This model achieved an accuracy of 91.4%. Fu et al. (2020) devised a machine-learning framework for forecasting childhood obesity. They employed health examination data, lifestyle and dietary habits, and anthropometric measurements in their analysis. Out of the 25 features analyzed, the course of BMI Z-score during the initial year of a child's life and the mother's BMI at the moment of enrolling in the program were found to be important predictors of childhood obesity. Cervantes and Palacio (2020) utilized SVM, DT, and k-means techniques to categorize obesity levels in people aged 18 to 25. Their goal was to optimize interventions designed to promote a more healthful lifestyle. Thamrin et al. (2021) examined the data from the Indonesian Basic Health Research and utilized ML techniques, including NB, LR, and CART (Classification and Regression Trees). The objective was to determine the risk factors for obesity, and it was discovered that LR model yielded the most accurate results. However, the agreement between the predicted and measured obesity rates was only moderate. Cheng et al. (2021) conducted experiments with eleven classification algorithms, such as LR, MLP, NB, and fuzzy classifier. They achieved a maximum overall accuracy of 70% by employing a random subspace algorithm. Marcos-Pasero et al. (2021) used RF and GBoost algorithms to forecast BMI, leveraging 190 variables from a sample of 221 children aged 6–9 years. These techniques effectively capture complex relationships in high-dimensional data, with RF improving prediction accuracy by averaging multiple decision trees and assessing variable importance via out-of-bag (OOB) error. Zare et al. (2021) predicted obesity in fourth graders using BMI data from kindergarten along with demographic and socioeconomic factors. Their LR and ANN models achieved an accuracy of about 87%, with the kindergarten BMI Z-score emerging as a crucial predictor of future obesity, highlighting the importance of early BMI data. Pang et al. (2021) carried out a study on the prediction of childhood obesity using EHR data. They employed seven different techniques, including XGBoost, which achieved an accuracy of 66.14%. Their study highlighted the significance of using authentic EHR data to support research on interventions for childhood obesity. Rodríguez et al. (2021) proposed an ML model to predict obesity and overweight, using 16 features related to physical condition and diet. Among several algorithms tested, including DT, SVM, k-NN, Gaussian naive Bayes, MLP, RF, gradient boosting, and GXBoost, RF showed the best performance with 78% accuracy. Cheng et al. (2022) used long short-term memory (LSTM) models to predict BMI in children aged 0–4 using EHR data from 2 to 8 visits. It found that five visits were sufficient for accurate predictions, with a combined model achieving an MAE of 0.98 and R2 of 0.72. The final model identified 24 key variables, improving prediction reliability before age 4. A summary of previous works on obesity classification is presented in Table 1.


TABLE 1 Background works summary.
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While previous works on obesity prediction have strengths like the use of diverse algorithms and large datasets, they often suffer from low accuracy, overfitting, and a lack of adaptability to new data. This study tries to address these weaknesses by applying the ANN-PSO model, which optimizes neural network hyperparameters through Particle Swarm Optimization. This approach enhances both accuracy and robustness, effectively filling the gaps left by traditional machine-learning models in obesity prediction.



3 Materials and methods

The primary objective of this study is to employ machine-learning methods to assess an individual's degree of obesity by examining their dietary patterns and physical state. The study categorizes individuals into seven distinct categories based on their BMI, given by Equation 1, which is a key determinant. These categories include underweight, normal weight, overweight level I, overweight level II, obese type I, obese type II, and obese type III.
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This classification confirms the criteria set forth by the WHO guidelines, as delineated in Table 2. The primary objective is to create a prognostic model that precisely classifies individuals into the designated obesity categories. This model has the capacity to make a significant contribution to the early detection and prevention of obesity, establishing the basis for personalized treatment plans that are specifically designed to meet the individual needs of each patient. To ensure a robust evaluation of the predictive models, the dataset was strategically split, with 70% allocated for training purposes, 15% for validation, and the remaining data reserved for testing. The training dataset was subsequently partitioned into ten equivalent subsets for the purpose of 10-fold cross-validation, further enhancing the reliability of the model training and providing a comprehensive assessment of their performance on unseen data. The study employed a diverse set of ML algorithms, including LR, SVM, RF, MLP, LGBM, XGBoost, and CATBoost. The inclusion of this varied array of algorithms enables a comprehensive exploration of the dataset, capturing diverse patterns and nuances. Each algorithm contributes unique strengths, collectively enhancing the study's capacity to predict and classify obesity levels based on dietary habits and physical conditions. In addition to leveraging traditional ML algorithms, the study incorporated a hybrid algorithm known as ANN-PSO. This innovative approach combines Particle Swarm Optimization with Artificial Neural Networks to enhance the optimization process. Following the deployment of ANN-PSO, the study conducted a meticulous comparison, pitting the performance of the hybrid metaheuristic algorithm against various ML models. The primary metric for this comparative analysis was accuracy, providing a comprehensive evaluation of the predictive capabilities of both ANN-PSO and the seven ML models. This approach underscores a holistic exploration, considering both traditional ML methods and advanced hybrid metaheuristic solutions for predicting obesity based on dietary habits and physical conditions.


TABLE 2 BMI classification based on the WHO.
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3.1 Overview of datasets

The dataset contains estimated obesity rates for people from Colombia, Peru, and Mexico who are between the ages of 14 and 61. These people's physical and dietary characteristics vary widely. Data collection was carried out using an online survey platform, where participants who chose to remain anonymous answered a range of questions. Through this process, a total of 17 attributes were obtained for analysis. In the data integration phase of this research project, two datasets, one with 2,111 records and the other with 20,758 records, were seamlessly merged, each possessing identical features. The decision to combine datasets with matching features was deliberate, aiming to create a consolidated dataset that maximizes the richness of the information available. Both datasets shared common variables, facilitating a straightforward merging process (Palechor and Manotas, 2019; Reade and Chow, 2024), offering a holistic perspective and contributing to the robustness and generalizability of the study's findings. The consolidated dataset serves as a comprehensive repository for evaluating obesity levels in individuals, considering both dietary habits and physical conditions. It includes a mix of numeric, binary, and categorical variables. The dataset's focal point is a crucial target variable, providing detailed classifications into distinct obesity levels, ranging from Underweight to various Obesity Types (I, II, and III). Figure 1 presents the distribution of participants across seven distinct obesity risk categories, illustrating the frequencies of each category as determined by the dependent variable. This diverse dataset enables a thorough exploration of the complex interplay between different factors and the nuanced categorization of obesity levels. Table 3 offers a detailed overview of the data variables, including their names, types, and precise definitions. The dataset includes eating habit attributes like high-calorie food and vegetable consumption, number of daily main meals, food consumption between meals, daily water intake, and alcohol consumption. It also covers aspects of physical condition like tracking calories, how often people exercise, how long they spend on technology, and how they get around.


[image: Figure 1]
FIGURE 1
 Dataset class distribution.



TABLE 3 Dataset overview.
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3.1.1 Feature engineering

The correlation matrix of the dataset, as it is shown in Figure 2, reveals significant relationships between various features and obesity levels. Notably, weight (0.92) and height (0.15) show positive correlations with obesity, underscoring their direct impact on BMI, a critical indicator of obesity. Family history (0.52) and age (0.35) also exhibit moderate correlations, reflecting the genetic and age-related factors influencing obesity. Negative correlations are observed with CAEC (–0.36), suggesting that certain dietary habits inversely affect obesity levels. In the process of feature engineering and data preprocessing for this study, several meticulous steps were undertaken to enhance the quality and relevance of the dataset for obesity prediction. Initial steps involved the removal of null values, outliers, and duplicates, ensuring data integrity. Subsequently, to enhance the robustness of our analysis and avoid trivial dependencies, we removed height from the dataset. This decision was based on the observation that height, along with weight, can directly influence the calculation of BMI, which in turn affects the dependent variable. Given that BMI is a simplistic measure and can misclassify individuals due to factors such as muscle mass, fat distribution, or metabolic health, our goal was to develop a model that does not rely on BMI for prediction. By excluding height, we aimed to focus on other features within the dataset—such as dietary habits, physical activity, genetic markers, and demographic factors—that provide a more comprehensive understanding of obesity. This approach ensures that our model's predictions are not biased by variables that could trivially affect the outcomes and allows us to explore patterns beyond the direct influence of BMI. Further enriching the dataset, a new feature, "Meal Habits," was created by combining FCVC and NCP, capturing the joint influence of these variables on overall meal habits.

[image: image]
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FIGURE 2
 Dataset correlation matrix.


Additionally, the interplay between physical activity and sedentary behavior was addressed by introducing the "Activity Balance" feature, combining FAF and TUE. This feature reflects the balance between engagement in physical activity and time spent on technology, providing insights into participants' lifestyles.

[image: image]

Where Scale (TUE) represents a scaled version of the 'TUE' variable, ensuring compatibility with the FAF values. Also, recognizing the influence of age on technology usage, a "Tech Usage Score" was derived by weighting TUE based on age. This score quantifies the average amount of time a person spends using technology per unit of their age, providing a normalized measure for further analysis.
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The transportation mode feature (MTRANS) was thoughtfully modified to categorize modes based on physical activity, aligning with the research focus on obesity prediction. Lastly, recognizing the imbalance within the obesity level as a target feature, as shown in Figure 1, the Synthetic Minority Over-sampling Technique (SMOTE) was employed to intelligently generate synthetic instances of the minority class, mitigate class imbalance, and promote a more representative distribution (Chawla et al., 2002). These comprehensive feature engineering and data preprocessing steps contribute to a refined and balanced dataset, setting the foundation for robust obesity prediction models in this research.




3.2 Machine-learning supervised algorithms
 
3.2.1 Logistic regression

Logistic regression is a widely used supervised machine-learning classifier that estimates the probability of an event occurring based on a dataset of independent variables. For multiclass scenarios, multinomial logistic regression is employed. The algorithm works by fitting a logistic function to the data to determine the likelihood of different classes. Multinomial logistic regression's ability to handle multiclass problems makes it a valuable tool in various applications requiring classification tasks (LaValley, 2008). Unlike binary LR (Kanade, 2022b; Sperandei, 2014), which uses the sigmoid function, multinomial logistic regression generalizes the logistic function to accommodate multiple classes.



3.2.2 Support Vector Machine

One of the best types of supervised ML algorithms is the Support Vector Machine, which is particularly effective in solving intricate problems related to classification, regression, and outlier detection. It accomplishes this by establishing optimal decision boundaries among data points according to their labels or outputs. SVMs aim to identify hyperplanes that distinctly segregate data points, maximizing the margin between support vectors to enhance classification accuracy (Kanade, 2022a). By transforming input data into higher-dimensional feature spaces using kernel functions, SVMs can effectively handle both linear and non-linearly separable data. SVMs' effectiveness lies in their ability to find optimal hyperplanes that maximize margins between different classes while minimizing classification errors, making them valuable in diverse applications across industries like healthcare, natural language processing, signal processing, speech, and image recognition fields (Kanade, 2022a; Suthaharan, 2016).



3.2.3 Random Forest

The Random Forest algorithm is a powerful method that enhances the accuracy of classification and regression tasks. It works by creating many decision trees during training. Each tree uses a random selection of features and data and then combines their predictions for more reliable results (Rigatti, 2017; Schonlau and Zou, 2020). The ultimate forecast is established by consolidating the forecasts of individual trees, either by means of voting for classification or averaging for regression. RF mitigates overfitting by introducing randomness in the feature selection process and promoting diversity among the constituent trees. This algorithm is known for its remarkable performance, scalability, and ability to manage large datasets with many dimensions. Its versatility, resilience to noise (Kursa, 2014), and capability to capture complex relationships in data make RF a popular choice in various ML applications across different domains.



3.2.4 XGBoost

XGBoost, short for Extreme Gradient Boosting, is a well-known library that implements distributed gradient boosting decision trees (GBDT). It is widely recognized for its exceptional efficiency, flexibility, and portability (Chen and Guestrin, 2016). GBDT is an ensemble learning algorithm employing decision trees, much like the RF, suitable for both classification and regression tasks. However, the key divergence lies in the methodology employed for building and combining these trees (Ramraj et al., 2016). Operating under a parallel tree-boosting framework, XGBoost excels in swiftly and accurately addressing various data science challenges. One of its standout features lies in the algorithm's ability to apply regularization through both L1 and L2 penalties, crucial for preventing overfitting and enhancing model generalization (Choudhuri, 2022).



3.2.5 LGBM

In traditional implementations of GBDT, the amount of computing effort grows in direct proportion to the number of features and the size of the sample dataset. LightGBM employs a novel technique called "gradient-based one-side sampling", facilitating faster training by focusing on instances with larger gradients (Ke et al., 2017). Additionally, LGBM adopts a histogram-based learning approach, enhancing computational efficiency by discretizing continuous features. These optimizations contribute to LGBM's reputation for being one of the fastest and most efficient gradient-boosting frameworks, making it a favored choice for various ML applications.



3.2.6 CATBoost

Categorical Boosting stands out as a formidable gradient-boosting algorithm meticulously crafted for ML endeavors. Its exceptional strength lies in its adeptness at handling input spaces that incorporate categorical features, making it particularly well-suited for tasks where such features play a crucial role in the learning process (de la Bourdonnaye and Daniel, 2022; Dorogush et al., 2017, 2018). The algorithm implements innovative techniques like ordered boosting, oblivious trees, and a specialized algorithm for dealing with numerical and categorical features simultaneously. One of its notable strengths lies in its efficient handling of categorical features. CATBoost algorithm stands out from others as it eliminates the need for preprocessing or one-hot encoding when dealing with categorical variables. This simplifies the training process and minimizes the chances of data leakage.



3.2.7 Multi-layer perception

The MLP, a commonly used type of ANN in machine-learning, comprises multiple layers: an input layer, one or more hidden layers, and an output layer (Dirik, 2023; Disse et al., 2018). The hidden layers introduce complexity, enabling the network to learn intricate patterns from input data. Each node in these layers, excluding the input layer, utilizes nonlinear activation functions, introducing non-linearity into the model. One of the key strengths of MLP lies in its application of supervised learning. Backpropagation, a technique integral to MLP training, involves continuously fine-tuning weights and biases to reduce the gap between predicted and observed outputs. This iterative learning process allows MLP to effectively capture and represent complex relationships in data, making it a versatile tool in various ML applications.




3.3 Hybrid ANN-PSO approach

The use of backpropagation as the primary learning algorithm in ANN models does not always ensure optimal solutions, as it can get stuck in sub-optimal weight configurations, hindering the achievement of favorable outcomes. Challenges in simple ANNs include identifying the suitable network architecture for a specific problem, slow learning processes requiring numerous iterations for convergence, rapid forgetting when encountering infrequently seen examples, and the lack of foundational first principal knowledge (Ungar et al., 1990). Particle Swarm Optimization is a population-based algorithm that is renowned for its distinct proficiency in locating optimized solutions and can play a pivotal role in achieving optimal network topology and weights. Consequently, this paper employs PSO as the training algorithm, aiming to determine a set of weights with minimum cost function value, specifically the mean square error (MSE), and consequently increases the performance of the model.


3.3.1 Particle swarm optimization

PSO operates on the principles of cultural adaptation, drawing inspiration from behaviors observed in bird flocks (Eberhart and Kennedy, 1995). Each particle in the swarm assesses its neighbors, compares itself to others, and emulates superior particles, fostering a collaborative approach. Unlike competitive heuristic algorithms, such as genetic algorithms (Goldberg and Richardson, 1987) or ant colony optimization (Dorigo et al., 2006), PSO aims to converge toward the global optimum of a multidimensional and potentially nonlinear function. In PSO, swarms of particles represent potential solutions, moving through the search space to find the global optimum. Each particle maintains its best position (Pbest) and contributes to the swarm's global best position (Gbest). The optimization process relies on the collaboration between particles, with their velocities updated based on individual and global best positions, employing both social and cognitive components randomly. The algorithm can initialize particle populations with either random or heuristic positions, terminating after a defined number of iterations (Shi and Eberhart, 1998). During each iteration, each particle adjusts its speed and position based on the following formulas:

[image: image]

[image: image]

The position of each particle is expressed as a vector in a multidimensional space, where each dimension of the vector corresponds to a specific coordinate xi. Likewise, the speed of every particle, represented as v, is described as a vector with xi components. The variable k represents the number of iterations performed during the optimization process. The constants c1 and c2 determine the rate at which the particles' velocities change, affecting the amount of learning that occurs in each iteration. Furthermore, r1 and r2 denote random variables that follow a uniform distribution between 0 and 1. These variables contribute to the stochastic nature of the optimization process and improve its ability to explore different possibilities. The PSO algorithm adjusts the inertia weight using the following formula:

[image: image]

where ωk represents the inertia weight used in each iteration, kmax represents the maximum number of iterations, and ωmax and ωmin represent the maximum and minimum values of the inertia weight, respectively.

The hybrid ANN-PSO model combines the strengths of ANN, which are powerful for learning complex patterns from data, with PSO, known for efficiently finding optimal solutions in large search spaces. This combination synergistically enhances the model's ability to handle complex optimization tasks. This powerful ML technique begins by initializing a neural network with random weights. It then utilizes the PSO algorithm to determine the optimal set of weights for the neural network. The ANN is responsible for performing learning and processing tasks, while the PSO algorithm is employed to discover the optimal weights that improve the performance of the neural network. The integration of this optimization algorithm in the ANN-PSO model enhances the speed at which superior solutions are found, surpassing the reliance solely on ANN learning. This integrated model combines the individual strengths of both algorithms, resulting in enhanced optimization and training results. Figure 3 illustrates the schematic representation of the proposed hybrid model.


[image: Figure 3]
FIGURE 3
 ANN-PSO model flowchart.





3.4 Hyper parameter tuning

In the pursuit of optimizing predictive performance, hyperparameter tuning played a pivotal role in this research, which involved the exploration of all ML algorithms applied in this research. Hyperparameter tuning is a critical step in fine-tuning the configuration of these models to achieve optimal results. By systematically adjusting parameters such as learning rates, regularization terms, and tree depths, we aimed to identify the most effective combinations for each algorithm. The process involved a comprehensive search across the hyperparameter space, utilizing techniques like grid search or randomized search, to enhance the models' predictive accuracy and generalization across diverse datasets. The considered hyperparameter values for each model, which were explored during the grid and random search processes, are detailed in Table 4. This table provides an overview of the range of hyperparameters tested, offering insight into the tuning process that led to the selection of the optimal parameters presented in Table 5.


TABLE 4 Hyperparameter values for grid and random search.

[image: Table 4]


TABLE 5 Best parameters for different algorithms.
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4 Results and discussion


4.1 Performance indicators

The proposed model's effectiveness in classifying obesity was assessed using four metrics: Accuracy, Precision, Recall, and F1 Score. Accuracy is an important measure that quantifies the percentage of correctly predicted samples out of the total. True positives (tp) refer to instances where the model accurately predicts positive categories, while false positives (fp) refer to instances where the model inaccurately predicts positive categories. On the other hand, true negatives (tn) refer to cases where the model correctly predicts negative categories, whereas false negatives (fn) occur when the model incorrectly predicts negative categories. Precision is a measure of the model's ability to correctly identify positive cases (tp) among all predicted positives in its predictions (tp and fp). A higher precision value indicates more accurate detection of positive cases and better overall performance. Recall assesses how well the model identifies tp instances among all actual positives (tp and fn). A high recall indicates the model effectively captures a significant proportion of positive cases, minimizing the likelihood of overlooking fn. Simultaneously, a significant F1-Score indicates that the model achieves a harmonious equilibrium between precision and recall, suggesting a comprehensive and balanced performance.



4.2 Experimental results

Machine-learning models, encompassing LR, SVM, RF, LGBM, XGBoost, CATBoost, and MLP were deployed to predict obesity across seven categories. The accuracy results, outlined in Table 6, demonstrate varied performances among these models. Notably, RF, LGBM, XGBoost, CATBoost, and MLP exhibit high accuracies ranging from 85 to 89%, showcasing substantial predictive capabilities in discerning between different obesity classes. However, the standout performer is the proposed hybrid model, ANN-PSO, achieving an impressive accuracy of 91.79%. The proposed hybrid model surpasses individual algorithms, highlighting its exceptional ability to predict different obesity classes. Beyond accuracy, Table 6 presents a detailed classification report, incorporating overall accuracy, precision, recall, and F-1 score for each model and obesity category.


TABLE 6 Results from different machine-learning models.
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The superior performance of the ANN-PSO model in predicting different levels of obesity across the seven classes can be attributed to the synergistic combination of neural networks and a metaheuristic algorithm like PSO. While ANNs are powerful in learning complex patterns and representations from data, the PSO algorithm further optimized the network weights and architecture, leading to improved generalization and predictive capabilities. A closer examination of the class-wise performance metrics reveals the robustness of the proposed model. It exhibited consistently high precision, recall, and F1 scores across all classes, including the more challenging "Overweight Type I," "Overweight Type II," and "Obesity Type I" categories. This is a significant advantage over the other models, which tended to perform well in the majority classes but struggled with the minority, severe obesity classes. In addition to quantitative metrics, Figures 4–6 depict confusion matrices for the top three models: LGBM, XGBoost, and CATBoost, respectively, providing a visual representation of their classification performance across obesity categories. Figure 7 enhances this analysis by presenting the confusion matrix for the ANN-PSO hybrid model. These matrices offer insights into tp, tn, fp, and fn, contributing to a nuanced assessment of model behavior. The inclusion of both quantitative metrics and visual representations ensures a comprehensive evaluation of each model's performance in the context of obesity classification. The ANN-PSO model's confusion matrix stands out with high diagonal values, representing the correctly classified instances for each class. Notably, even for the minority classes like "Overweight level I" and "Overweight level II," the proposed model demonstrates a high tp rate, with minimal misclassifications into other classes. In contrast, the confusion matrices for the LGBM, XGBoost, and CATBoost models reveal higher off-diagonal values, particularly for the Overweight classes. This indicates a higher tendency to misclassify instances from these minority classes into other ones, which can have significant implications for obesity risk assessment and treatment planning.


[image: Figure 4]
FIGURE 4
 Confusion matrix, LGBM model.



[image: Figure 5]
FIGURE 5
 Confusion matrix, XGBoost model.
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FIGURE 6
 Confusion matrix, CATBoost model.



[image: Figure 7]
FIGURE 7
 Confusion matrix of ANN-PSO model.


In addition to the classification report and confusion matrix, further insights into the performance of the ANN-PSO model are provided through the presentation of ROC (Receiver Operating Characteristic) and Precision-Recall curves in Figure 8. The ROC curve shows how well a classification model distinguishes between positive instances it correctly identifies (tp rate) and negative instances it incorrectly identifies as positive (fp rate) across various threshold settings. A curve that closely hugs the upper-left corner signifies superior performance, where the model achieves high sensitivity while maintaining low fp rates. The overall ability of the model to tell the difference is measured by the area under the curve (AUC) of ROC. A higher AUC indicates better performance in distinguishing between classes, making it a key metric in evaluating the effectiveness of classification models. In the context of the ANN-PSO model, a higher AUC-ROC in Figure 8 suggests robust discrimination power across obesity categories. Simultaneously, the Precision-Recall curve illustrates how a classification model balances its precision against recall across varying thresholds used for classification. A curve that closely follows the upper-right corner indicates high precision and recall. The area under the Precision-Recall curve (AUC-PR) is a valuable metric, emphasizing the model's ability to correctly identify positive instances while minimizing false positives. For the ANN-PSO model, a larger AUC-PR in Figure 8 signifies effective performance in handling imbalanced classes and accurately predicting instances of obesity.


[image: Figure 8]
FIGURE 8
 ANN-PSO model, ROC, and Precision-Recall.


To further understand the dynamics of the proposed model in predicting obesity, a feature importance plot, illustrated in Figure 9, was generated using SHAP (SHapley Additive exPlanations). SHAP is a powerful game theory-based approach used to explain the output of ML models (Lundberg and Lee, 2017). SHAP provides a unified measure of feature importance that is both consistent and locally accurate. It helps interpret complex models by assigning each feature an importance value for a particular prediction, indicating how much each feature contributes, positively or negatively, to the model's output. This allows for both global interpretability (overall feature importance) and local interpretability (feature importance for individual predictions). By using SHAP, we are shedding light on the contribution of each input variable to the model's decision-making process. Understanding feature importance not only contributes to model interpretability but also provides actionable insights for decision-makers seeking to comprehend the factors influencing obesity predictions in the ANN-PSO model. It reveals the relevance and impact of each feature on the target parameter (obesity in this case). Features with higher importance play a more significant role in influencing the model's predictions. This information is invaluable for both interpretability and potential feature engineering. While the results achieved by the proposed model are impressive, employing SHAP adds an extra layer of understanding and confidence in the model's predictions. Figure 9 provides several key insights through the feature importance plot. Weight emerges as the dominant feature for classifying obesity levels, showing significant importance across all obesity classes, particularly for higher obesity levels. This result is reasonable and expected, as weight is widely recognized as a crucial parameter in assessing obesity. Gender is the second most important feature, suggesting distinct obesity classification patterns between males and females. FAVC (Frequent consumption of high caloric food) and Age also play crucial roles in the model's predictions. Other notable features include CH2O (Water consumption), FAF (Physical activity frequency), Meal Habits, CALC (Consumption of alcohol), and NCP (Number of main meals), all contributing moderately to the model's predictions. Interestingly, factors like SMOKE, SCC, and FCVC appear to have minimal impact across all obesity classes. This plot also reveals varying feature importance across different obesity classes, potentially indicating complex interactions between features.


[image: Figure 9]
FIGURE 9
 SHAP feature importance for all classes.





5 Conclusion

In this comprehensive exploration of machine-learning methods for predicting obesity, several algorithms were evaluated, including LR, SVM, RF, XGBoost, LGBM, CATBoost, and MLP. The models were assessed across seven distinct obesity levels, with RF, XGBoost, LGBM, and CATBoost demonstrating substantial predictive capabilities and high accuracies. However, the proposed hybrid ANN-PSO model outperformed the individual algorithms, achieving the highest accuracy of 92%. Also other performance metrics such as precision, recall, and F1 score were also evaluated, demonstrating the model's superior performance. Additionally, confusion matrices were utilized to understand the classification performance further, and SHAP feature importance analysis was conducted to determine which features had the most significant impact on different obesity classes. The proposed model showcased remarkable robustness, especially in predicting the underrepresented severe obesity categories, and minimized misclassifications, as evidenced by the confusion matrices. This research underscores the potential of hybrid models in enhancing predictive accuracy and managing complex classification tasks with class imbalance. The combination of ANN and PSO techniques proved to be a highly effective strategy, leveraging the strengths of both approaches to achieve superior performance. These findings hold promise for personalized healthcare interventions, showing how important advanced ML methods are for dealing with tough health problems. Accurate obesity classification is crucial for effective risk assessment, treatment planning, and preventive measures, and the proposed model has demonstrated its capability in this regard. This study paves the way for more robust ML solutions in healthcare, ultimately improving patient outcomes. Future work can explore the application of this hybrid approach to other complex classification tasks in healthcare and investigate the impact of different optimization algorithms and network architectures on performance. Additionally, different metaheuristic algorithms, such as Gray Wolf Optimization or Genetic Algorithm, can be investigated to further enhance the predictive accuracy and robustness of obesity prediction models.



6 Limitations

The proposed hybrid ANN-PSO model for obesity classification faces several limitations. While removing height from the dataset was a strategic decision to avoid the triviality associated with BMI, this approach may inadvertently exclude valuable information that could enhance the model's accuracy. By focusing on features such as weight, dietary habits, physical activity, genetic markers, and demographic factors, the model aims to address the oversimplification of using BMI alone. However, this adjustment may lead to a potentially diminish the model's overall predictive performance. Additionally, the reliance on PSO for hyperparameter tuning can sometimes result in suboptimal convergence, and the high computational cost of training the model may limit its feasibility for real-time applications. Furthermore, the model's generalizability to diverse populations without retraining remains a concern, which could impact its broader applicability and effectiveness.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

ZH: Conceptualization, Data curation, Formal analysis, Funding acquisition, Methodology, Software, Validation, Writing – original draft, Writing – review & editing. HS: Data curation, Investigation, Visualization, Methodology, Validation, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. Publication of this article was funded in part by the Open Access Subvention Fund and the John H. Evans Library.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 Afshin, A., Reitsma, M. B., and Murray, C. J. L. (2017). Health effects of overweight and obesity in 195 countries. N. Engl. J. Med. 377, 1496–1497. doi: 10.1056/NEJMoa1614362

 Arulanandam, B., Beladi, H., and Chakrabarti, A. (2023). Obesity and COVID-19 mortality are correlated. Sci. Rep. 13:5895. doi: 10.1038/s41598-023-33093-3

 Beam, A. L., and Kohane, I. S. (2018). Big data and machine learning in health care. J. Am. Med. Asso. 319, 1317–1318. doi: 10.1001/jama.2017.18391

 Berraho, M., Nejjari, C., Raherison, C., El Achhab, Y., Tachfouti, N., Serhier, Z., et al. (2010). Body mass index, disability, and 13-year mortality in older French adults. J. Aging Health 22, 68–83. doi: 10.1177/0898264309349422

 Busebee, B., Ghusn, W., Cifuentes, L., and Acosta, A. (2023). Obesity: a review of pathophysiology and classification. Mayo Clin. Proc. 98, 1842–1857. doi: 10.1016/j.mayocp.2023.05.026

 Cervantes, R. C., and Palacio, U. M. (2020). Estimation of obesity levels based on computational intelligence. Informat. Med. Unlock. 21:100472. doi: 10.1016/j.imu.2020.100472

 Chawla, N. V., Bowyer, K. W., Hall, L. O., and Kegelmeyer, W. P. (2002). SMOTE: synthetic minority over-sampling technique. J. Artif. Intell. Res. 16, 321–357. doi: 10.1613/jair.953

 Chen, T., and Guestrin, C. (2016). "XGBoost: a scalable tree boosting system," in Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (New York, NY: ACM), 785–794.

 Cheng, E. R., Steinhardt, R., and Ben Miled, Z. (2022). Predicting childhood obesity using machine learning: practical considerations. BioMedInformatics 2, 184–203. doi: 10.3390/biomedinformatics2010012

 Cheng, X., Lin, S.-Y., Liu, J., Liu, S., Zhang, J., Nie, P., et al. (2021). Does physical activity predict obesity—a machine learning and statistical method-based analysis. Int. J. Environ. Res. Publ. Health 18:3966. doi: 10.3390/ijerph18083966

 Choudhuri, A. (2022). “A hybrid machine learning model for estimation of obesity levels,” in International Conference on Data Management, Analytics & Innovation (Singapore: Springer Nature Singapore).

 de la Bourdonnaye, F., and Daniel, F. (2022). Evaluating resampling methods on a real-life highly imbalanced online credit card payments dataset. arXiv: 2206.13152. doi: 10.48550/arXiv.2206.13152

 Dirik, M. (2023). Application of machine learning techniques for obesity prediction: a comparative study. J. Complex. Health Sci. 6, 16–34. doi: 10.21595/chs.2023.23193

 Disse, E., Ledoux, S., Bétry, C., Caussy, C., Maitrepierre, C., Coupaye, M., et al. (2018). An artificial neural network to predict resting energy expenditure in obesity. Clin. Nutr. 37, 1661–1669. doi: 10.1016/j.clnu.2017.07.017

 Dorigo, M., Birattari, M., and Stutzle, T. (2006). Ant colony optimization. IEEE Comput. Intell. Mag. 1, 28–39. doi: 10.1109/MCI.2006.329691

 Dorogush, A. V., Ershov, V., and Gulin, A. (2018). CatBoost: gradient boosting with categorical features support. CoRR. doi: 10.48550/arXiv.1810.11363

 Dorogush, A. V., Gulin, A., Gusev, G., Kazeev, N., Prokhorenkova, L. O., and Vorobev, A. (2017). Fighting biases with dynamic boosting. arXiv. Available at: https://arxiv.org/pdf/1706.09516.pdf

 Dugan, T. M., Mukhopadhyay, S., Carroll, A., and Downs, S. (2015). Machine learning techniques for prediction of early childhood obesity. Appl. Clin. Informat. 6, 506–520. doi: 10.4338/ACI-2015-03-RA-0036

 Eberhart, R., and Kennedy, J. (1995). “A new optimizer using particle swarm theory, MHS'95,” in Proceedings of the Sixth International Symposium on Micro Machine and Human Science, Nagoya, Japan, 39–43. doi: 10.1109/MHS.1995.494215

 Flegal, K. M., Graubard, B. I., Williamson, D. F., and Gail, M. H. (2007). Cause-specific excess deaths associated with underweight, overweight, and obesity. J. Am. Med. Assoc. 298, 2028–2037. doi: 10.1001/jama.298.17.2028

 Fu, Y., Gou, W., Hu, W., Mao, Y., Tian, Y., Liang, X., et al. (2020). Integration of an interpretable machine learning algorithm to identify early life risk factors of childhood obesity among preterm infants: a prospective birth cohort. BMC Med. 18:184. doi: 10.1186/s12916-020-01642-6

 Goldberg, D. E., and Richardson, J. (1987). "Genetic algorithms with sharing for multimodal function optimization," in Genetic Algorithms and Their Applications: Proceedings of the Second International Conference on Genetic Algorithms, Vol. 4149 (Cambridge, MA), 414–425.

 Hammond, R., Athanasiadou, R., Curado, S., Aphinyanaphongs, Y., Abrams, C., Messito, M. J., et al. (2019). Correction: Predicting childhood obesity using electronic health records and publicly available data. PLoS ONE 14:e0223796. doi: 10.1371/journal.pone.0223796

 James, P. T., Leach, R., Kalamara, E., and Shayeghi, M. (2001). The worldwide obesity epidemic. Obes. Res. 9, 228S–233S. doi: 10.1038/oby.2001.123

 Jindal, K., Baliyan, N., and Rana, P. S. (2018). “Obesity prediction using ensemble machine learning approaches,” in Recent Findings in Intelligent Computing Techniques: Proceedings of the 5th ICACNI 2017, Vol. 2. (Singapore: Springer).

 Kanade, V. (2022a). All You Need to Know About Support Vector Machines. Spiceworks Inc. Available at: https://www.spiceworks.com/tech/big-data/articles/what-is-support-vector-machine/

 Kanade, V. (2022b). Everything You Need to Know About Logistic Regression. Spiceworks Inc. Available at: https://www.spiceworks.com/tech/artificial-intelligence/articles/what-is-logistic-regression/

 Ke, G., Meng, Q., Finley, T., Wang, T., Chen, W., Ma, W., et al. (2017). "LightGBM: a highly efficient gradient boosting decision tree," in Advances in Neural Information Processing Systems, Vol. 30, eds. I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, et al. (Red Hook, NY: Curran Associates, Inc), 30.

 Kursa, M. B. (2014). Robustness of random forest-based gene selection methods. BMC Bioinformat. 15:8. doi: 10.1186/1471-2105-15-8

 LaValley, M. P. (2008). Logistic regression. Circulation 117, 2395–2399. doi: 10.1161/CIRCULATIONAHA.106.682658

 LeCroy, M. N., Kim, R. S., Stevens, J., Hanna, D. B., and Isasi, C. R. (2021). Identifying key determinants of childhood obesity: a narrative review of machine learning studies. Childh. Obes. 17, 153–159. doi: 10.1089/chi.2020.0324

 Lundberg, S. M., and Lee, S.-I. (2017). A unified approach to interpreting model predictions. Adv. Neural Inform. Process. Syst. 30:7874. doi: 10.48550/arXiv.1705.07874

 Marcos-Pasero, H., Colmenarejo, G., Aguilar-Aguilar, E., Ramírez de Molina, A., Reglero, G., and Loria-Kohen, V. (2021). Ranking of a wide multidomain set of predictor variables of children obesity by machine learning variable importance techniques. Sci. Rep. 11:1910. doi: 10.1038/s41598-021-81205-8

 Montañez, C. A. C., Fergus, P., Hussain, A., Al-Jumeily, D., and Abdulaimma, B. (2017). “Machine learning approaches for the prediction of obesity using publicly available genetic profiles,” in 2017 International Joint Conference on Neural Networks (IJCNN) (Anchorage, AK), 2743–2750. doi: 10.1109/IJCNN.2017.7966194

 Muhamad Adnan, M. H. B., Husain, W., and Abdul Rashid, N. (2012). “A hybrid approach using Naïve Bayes and Genetic Algorithm for childhood obesity prediction,” in 2012 International Conference on Computer & Information Science (ICCIS) (Kuala Lumpur), 281–285. doi: 10.1109/ICCISci.2012.6297254

 Palechor, F. M., and Manotas, A. d. l. H. (2019). Dataset for estimation of obesity levels based on eating habits and physical condition in individuals from Colombia, Peru and Mexico. Data Brief 25:104344. doi: 10.1016/j.dib.2019.104344

 Pang, X., Forrest, C. B., Lê-Scherban, F., and Masino, A. J. (2021). Prediction of early childhood obesity with machine learning and electronic health record data. Int. J. Med. Informat. 150:104454. doi: 10.1016/j.ijmedinf.2021.104454

 Pi-Sunyer, F. X. (1999). Comorbidities of overweight and obesity: current evidence and research issues. Med. Sci. Sports Exer. 31(11 Suppl.), S602–S608.

 Ramraj, S., Uzir, N., Sunil, R., and Banerjee, S. (2016). Experimenting XGBoost algorithm for prediction and classification of different datasets. Int. J. Contr. Theor. Appl. 9, 651–662.

 Reade, W., and Chow, A. (2024). Multi-Class Prediction of Obesity Risk. Kaggle. Available at: https://kaggle.com/competitions/playground-series-s4e2

 Rigatti, S. J. (2017). Random forest. J. Insur. Med. 47, 31–39. doi: 10.17849/insm-47-01-31-39.1

 Rodríguez, E., Rodríguez, E., Nascimento, L., da Silva, A., and Marins, F. (2021). “Machine learning techniques to predict overweight or obesity,” in Proceedings of the 4th International Conference on Informatics & Data-Driven (Valencia).

 Schonlau, M., and Zou, R. Y. (2020). The random forest algorithm for statistical learning. Stat. J. 20, 3–29. doi: 10.1177/1536867X20909688

 Shi, Y., and Eberhart, R. (1998). "A modified particle Swarm optimizer, volume 6," in Proceedings of the IEEE Conference on Evolutionary Computation, ICEC. Anchorage, AK.

 Singh, B., and Tawfik, H. (2019). “A machine learning approach for predicting weight gain risks in young adults,” in 2019 10th International Conference on Dependable Systems, Services and Technologies (DESSERT) (Leeds), 231–234. doi: 10.1109/DESSERT.2019.8770016

 Singh, R., Rathore, S. S., Khan, H., Karale, S., Chawla, Y., Iqbal, K., et al. (2022). Association of obesity with COVID-19 severity and mortality: an updated systemic review, meta-analysis, and meta-regression. Front. Endocrinol. 13:780872. doi: 10.3389/fendo.2022.780872

 Sperandei, S. (2014). Understanding logistic regression analysis. Biochem. Med. 3, 12–18. doi: 10.11613/BM.2014.003

 Steenblock, C., Hassanein, M., Khan, E. G., Yaman, M., Kamel, M., Barbir, M., et al. (2022). Obesity and COVID-19: what are the consequences? Horm. Metabol. Res. 54, 496–502. doi: 10.1055/a-1878-9757

 Suthaharan, S. (2016). “Support vector machine,” in Machine Learning Models and Algorithms for Big Data Classification. Integrated Series in Information Systems, Vol. 36 (Boston: Springer). doi: 10.1007/978-1-4899-7641-3_9

 Taghiyev, A., Altun, A. A., and Caglar, S. (2020). A hybrid approach based on machine learning to identify the causes of obesity. J. Contr. Eng. Appl. Informat. 22, 56–66. doi: 10.1101/2022.08.17.22278905

 Thamrin, S. A., Arsyad, D. S., Kuswanto, H., Lawi, A., and Nasir, S. (2021). Predicting obesity in adults using machine learning techniques: an analysis of Indonesian basic health research 2018. Front. Nutr. 8:669155. doi: 10.3389/fnut.2021.669155

 Ungar, L. H., Powell, B. A., and Kamens, S. N. (1990). Adaptive networks for fault diagnosis and process control. Comput. Chem. Eng. 14, 561–572.

 Ward, Z. J., Bleich, S. N., Cradock, A. L., Barrett, J. L., Giles, C. M., Flax, C., et al. (2019). Projected US state-level prevalence of adult obesity and severe obesity. N. Engl. J. Med. 381, 2440–2450. doi: 10.1056/NEJMsa1909301

 Wiemken, T. L., and Kelley, R. R. (2020). Machine learning in epidemiology and health outcomes research. Annu. Rev. Publ. Health 41, 21–36. doi: 10.1146/annurev-publhealth-040119-094437

 Word Health Organization (2023). Obesity. Geneva: World Health Organization.

 Zare, S., Thomsen, M. R., Nayga, R. M., and Goudie, A. (2021). Use of machine learning to determine the information value of a BMI screening program. Am. J. Prev. Med. 60, 425–433. doi: 10.1016/j.amepre.2020.10.016

 Zhang, S., Tjortjis, C., Zeng, X., Qiao, H., Buchan, I., and Keane, J. (2009). Comparing data mining methods with logistic regression in childhood obesity prediction. Inform. Syst. Front. 11, 449–460. doi: 10.1007/s10796-009-9157-0

 Zheng, Z., and Ruggiero, K. (2017). “Using machine learning to predict obesity in high school students,” in 2017 IEEE International Conference on Bioinformatics and Biomedicine (BIBM) (Kansas City, MO), 2132–2138. doi: 10.1109/BIBM.2017.8217988

Copyright
 © 2024 Helforoush and Sayyad. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fdata-07-1469981-t004.jpg
Model Hyperparameter  Considered valu
Logistic regression | Penalty 1,12
C [1,10]
Max Iterations (100, 1000]
SVM C 1-10
Kernel Linear, poly, RBF (radial
basis function), sigmoid
Gamma Scale, auto
LGBM Random State 42,101, 202
Learning Rate [0.001,0.1]
n_estimators (100, 1000]
lambda_l1 [0.001, 0.05]
Jambda_I2 [0.001,0.05]
max_depth [1,20)
colsample_bytree [0.1,1]
subsample [0.1,1]
XGBoost Learning Rate [0.001, 1]
n_estimators (100, 1000]
max_depth 1,20
min_child_weight (10, 30]
gamma [1e-8, 1]
colsample_bytree [0,1]
subsample [0.1]
reg_alpha [1e-8, 10]
reg_lambda [1e-8, 10]
CATBoost Learning Rate [0.001, 0.1]
Depth [1,20]
12_leaf_reg [0.001, 1]
Bootstrap Type Bayesian, Bernoulli,
Poisson
Random Strength [1e-8, le-4]
n_estimators (100, 1000]
MLP Hidden Layers [3,5]
Dense Layer Neurons 32,64, 128, 256, 512
Activation Function ReLU, Sigmoid, Tanh
Kernel Initializer HeNormal, GlorotUniform
Optimizer Adam, SGD, RMSProp
Learning Rate (0.0001, 0.1]
PSO Wmax [0.6,0.9]
Wmin [0.1,0.5)
Cognitive Coefficient 1,152






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Prediction and classification of obesity risk based on a hybrid metaheuristic machine learning approach



		1 Introduction



		2 Literature review



		3 Materials and methods



		3.1 Overview of datasets



		3.1.1 Feature engineering









		3.2 Machine-learning supervised algorithms



		3.2.1 Logistic regression



		3.2.2 Support Vector Machine



		3.2.3 Random Forest



		3.2.4 XGBoost



		3.2.5 LGBM



		3.2.6 CATBoost



		3.2.7 Multi-layer perception









		3.3 Hybrid ANN-PSO approach



		3.3.1 Particle swarm optimization









		3.4 Hyper parameter tuning







		4 Results and discussion



		4.1 Performance indicators



		4.2 Experimental results







		5 Conclusion



		6 Limitations



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		References

















OPS/images/fdata-07-1469981-t003.jpg
eatures Values

Gender Male = 0, Female = 1
Age Numeric

Height Numeric

Weight Numeric

Family with overweight No=0/Yes=1
FAVC (Frequent consumption | 0= Yes/I =No

of high caloric food)

FCVC (Frequent 1,20r3
consumption of vegetables)

NCP (Number of main meals) 1,2,30r4

CAEC (Consumption of food
between meals)

No = 1, Sometimes = 2, Frequently = 3 or
Always = 4

devices)

Smoke No=0/Yes=1
CH20 (Consumption of 1,20r3

water daily)

SCC (Calories consumption No=0/Yes =1
monitoring)

FAF (Physical activity 0,1,20r3
frequency)

TUE (Time using technology 0,1or2

CALC (Consumption of No = 1, Sometimes = 2, Frequently = 3 or
alcohol) Always = 4

MTRANS (Transportation Automobile, motorbike, and public

used) transportation and walking

Obesity level Insufficient Weight = 1, Normal Weight = 2,

Overweight Level I = 3, Overweight Level
I = 4, Obesity Type I = 5, Obesity Type Il = 6,
Obesity Type Il = 7






OPS/images/fdata-07-1469981-t006.jpg
Categories Insufficient Normal Overweight Overweight Obesity Obesity Obesity

weight weight level | level Il type | type Il type II1
LR Precision 091 0.72 0.65 0.63 0.78 0.97 1
Recall 0.84 0.76 0.71 0.62 077 0.93 0.99
F-1 score 088 074 0.68 0.62 078 0.95 1
Accuracy 0.8072
SVM Precision 0.9 0.77 072 0.76 079 0.97 0.99
Recall 0.89 078 075 07 0.86 0.94 1
F-1 score 0.89 0.78 0.74 073 0.82 0.96 0.99
Accuracy 0.844
RF Precision 094 0.85 079 0.085 0.88 0.97 1
Recall 0.93 0.84 0.83 0.79 0.91 0.97 1
F-1 score 093 0.85 0.81 0.82 09 0.97 1
Accuracy 0.8968
LGBM Precision 092 0.85 0.81 0.79 0.89 0.97 1
Recall 094 0.83 0.77 0.84 0.89 0.98 1
F-1 score 0.93 0.84 0.79 0.82 0.89 0.97 1
Accuracy 0.8916
XGBoost Precision 093 0.84 0.81 08 0.88 0.97 1
Recall 0.94 0.83 0.78 0.83 0.88 0.98 1
F-1 score 093 0.84 08 0.82 0.88 0.97 1
Accuracy 0.8903
CATBoost Precision 093 0.84 0.82 0.81 09 0.97 1
Recall 094 0.84 079 0.85 0.88 0.98 1
F-1 score 093 0.84 08 0.83 0.89 0.97 1
Accuracy 0.8948
MLP Precision 091 0.79 075 073 0.88 0.95 1
Recall 0.88 0.8 0.76 0.76 0.84 0.97 1
F-1 score 0.9 0.79 075 0.75 0.86 0.96 1
Accuracy 0858
ANN-PSO Precision 095 0.88 0.86 0.84 0.92 0.98 1
Recall 094 0.88 0.84 0.87 091 0.98 1
F-1 score 0.95 0.88 0.85 0.86 0.91 0.98 b
Accuracy 0.9179






OPS/images/fdata-07-1469981-t005.jpg
Algorithm Best parameters

LR Penalty = = 1; Max iteration = 200

SVM C = 1; Kernel = radial basis function;
gamma = scale

LGBM random_state = 42;

learning_rate = 0.01197;

n_estimators = 509;

lambda_1 = 0.00972;

lambda_I2 = 0.03854; max_depth = 11;
colsample_bytree = 0.73643;
subsample = 0.95299

XGBoost learning_rate = 0.09703;
n_estimators = 392; max_depth = 10;
min_child_weight = 23.04133;
gamma = 0.00038;

colsample_bytree = 0.36017;
subsample = 0.64307;

reg_alpha = 0.03715;

reg lambda = 3.3051e-08

CATBoost learning_rate = 0.07739; depth = 5;
12_leaf_reg = 0.100297;
bootstrap_type = Bayesian;
random_strength = 3.2419¢-08;
n_estimators = 501

MLP Hidden_layer = (128-64-32);
Activation_Function = ReLu;
Kernel_Initializer = HeNormal;
Optimizer = Adam;
Learning_Rate = 0.001

PSO cognitive_coefficient = 2;
social_coefficient = 2;
maximum_inertia_weight

(Wmax) = 0.95
minimum_inertia_weight

(Wmin) = 0.2; number_of_particles = 40






OPS/images/fdata-07-1469981-t002.jpg
Class BMI range

Underweight Less than 18.5
Normal 18.5-24.9
Overweight 25.0-29.9
Obesity I 30.0-34.9
Obesity 1T 35.0-39.9
Obesity IIT Higher than 40






OPS/images/fdata-07-1469981-t001.jpg
References Machine-learning methods Features Accuracy
Muhamad Adnan et al. (2012) Naive Bayes with genetic algorithms 180 19 0.92
Dugan et al. (2015) Random Tree, Random Forest, J48, ID3, 7519 167 0.85

Naive Bayes (NB),
Montaiiez et al. (2017) SVM, decision tree, decision rule, MLP, 6622 13 0.905
and k-NN
Zheng and Ruggiero (2017) K-NN 5227 9 0.8882
Jindal et al. (2018) RF Ensemble method 600 5 0.8968
Hammond et al. (2019) LR, RE and GBoost 3449 150 0.82
Singh and Tawfik (2019) MLP 11110 4 091
Taghiyev et al. (2020) DT +LR 500 26 0.914
Fuetal. (2020) LightGBM 8269 25 0.74
Cervantes and Palacio (2020) DT + k-means 178 17 0.98
Thamrin et al. (2021) Naive Bayes, LR, and CART 618,89 21 0.72
Cheng et al. (2021) LR, MLP, naive Bayes, and fuzzy 7162 5 0.7
classifier
Marcos-Pasero et al. (2021) RF and GBoost 221 190 0.55
Zare etal. (2021) LR, RE NN 2147 18 0.87
Pangetal. (2021) XGBoost 27203 54 0.66
Rodriguez et al. (2021) RF 211 16 0.78
Cheng et al. (2022) LSTM 269 24 072












OPS/images/crossmark.jpg
©

|






OPS/images/logo.jpg
¥ frontiers | Frontiers in Big Data







OPS/images/fdata-07-1469981-g005.gif





OPS/images/fdata-07-1469981-g006.gif





OPS/images/fdata-07-1469981-g003.gif





OPS/images/fdata-07-1469981-g004.gif





OPS/images/fdata-07-1469981-g009.gif





OPS/images/fdata-07-1469981-g007.gif





OPS/images/fdata-07-1469981-g008.gif





OPS/images/cover.jpg
@ frontiers | Frontiers in Big Data

Prediction and classification of

obesity risk based on a hybrid

metaheuristic machine learning
approach





OPS/images/fdata-07-1469981-g001.gif





OPS/images/math_5.gif
v = v 4 e (Poesti — 2F) + ama (Goen = 25)  (5)





OPS/images/fdata-07-1469981-g002.gif





OPS/images/math_7.gif





OPS/images/math_6.gif
(6)





OPS/images/math_2.gif





OPS/images/math_1.gif
weight (kg)
= Theight (m)?

[©





OPS/images/math_4.gif
E
Tech Usage Score = ~———~ @





OPS/images/math_3.gif





