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Abstract−Obesity is a health problem that continues to increase among individuals of productive age and has the potential to reduce 

quality of life and work productivity. One of the main challenges in obesity risk assessment is the limitation of conventional methods 

in accurately identifying obesity risk when dealing with complex, multidimensional data that include both numerical and categorical 
variables. Therefore, an artificial intelligence–based approach is required to provide a more accurate and stable obesity risk 

classification. This study aims to implement and evaluate a LightGBM–CatBoost ensemble method for obesity risk classification with 

a focus on the productive age population. The dataset used in this study was obtained from the Kaggle platform and consisted of 2,111 

individual records containing physical attributes, eating habits, physical activity, and lifestyle factors. Although the dataset is synthetic 
and balanced, the included attributes and age-related variables are representative of individuals within the productive age range, making 

it suitable for modeling obesity risk in this demographic context. The research stages include data preprocessing, separate training of 

the LightGBM and CatBoost models, model integration using a probability averaging ensemble technique, and performance evaluation 

using accuracy, precision, recall, and F1-score metrics. The results indicate that both LightGBM and CatBoost achieved accuracy levels 
above 95%, while the ensemble model demonstrated superior performance with an accuracy of 96.69% and more balanced evaluation 

metrics across all obesity risk classes. These findings confirm that the ensemble approach improves classification stability and accuracy 

compared to single models. Therefore, the LightGBM–CatBoost ensemble method is effective for obesity risk classification and has 

the potential to be further developed as a decision support system in the health sector. 
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1. INTRODUCTION  

Obesity is one of the global health problems whose prevalence continues to increase from year to year and is a serious 

concern in various countries, both developed and developing countries [1]. The condition of obesity is characterized by 

excessive accumulation of body fat and has the potential to cause various chronic diseases such as type 2 diabetes mellitus, 

cardiovascular disease, hypertension, and other metabolic disorders [2]. Obesity measurement is generally carried out 

using Body Mass Index (BMI), but in practice, obesity is also influenced by many other factors, such as body fat 

distribution, diet, physical activity level, lifestyle, and genetic factors [3]. In the past decade, the increase in obesity cases 

has been seen significantly in the productive age group, which should be in optimal health conditions to support work 

productivity and economic development [4]. 

The increase in obesity in the productive age is closely related to changes in modern lifestyles, such as increased 

consumption of high-calorie fast food, low physical activity due to sedentary work patterns, and irregular sleep habits [5]. 

In addition, behavioral factors such as exercise frequency, water consumption, and smoking habits also contribute to 

obesity risk [6]. Recent studies show that genetic factors and family history of obesity also affect a person's tendency to 

be obese [7]. In this context, obesity-related data typically consist of a combination of anthropometric attributes (such as 

height, weight, and BMI-related indicators) and behavioral or lifestyle factors, including dietary habits, physical activity 

patterns, and daily routines. The complexity of these factors causes obesity risk analysis to become a multidimensional 

problem that is difficult to solve using conventional approaches [8]. Therefore, an analysis method is needed that is able 

to process data with many variables, both numerical and categorical, and is able to capture nonlinear relationships between 

causative factors [9]. 

Classic statistical approaches, such as linear regression or logistic regression, are still widely used in health 

research to predict obesity risk [10]. However, the method has limitations in handling data with high dimensions and 

complex variable relationships. In addition, conventional methods tend to assume a linear relationship between variables, 

whereas health and lifestyle data are often nonlinear and influenced by interactions between features. This limitation can 

lead to low prediction accuracy and less stability when faced with heterogeneous data. Therefore, the use of artificial 

intelligence techniques, especially machine learning, is an alternative that is increasingly used to improve the quality of 

obesity risk prediction [11]. 

Various studies have applied machine learning algorithms for the classification and prediction of obesity, such as 

Logistic Regression, Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Random Forest, and XGBoost [12]. 

The results show that decision tree-based algorithms and boosting generally produce better performance than linear 

methods. Random Forest, for example, has been proven to be able to provide high accuracy to health and lifestyle data 

due to its ability to reduce overfitting through an internal ensemble mechanism. However, some studies have also reported 

that Random Forest still has limitations in handling complex categorical features and requires additional preprocessing. 

Other research began to adopt modern boosting algorithms such as LightGBM and CatBoost that offered better computing 

efficiency and performance, but most still used a single model without combining the advantages of multiple algorithms 

at once [13]. 
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The Light Gradient Boosting Machine (LightGBM) is a boosting algorithm designed to improve the efficiency 

and speed of model training, especially on large datasets [14]. LightGBM uses histogram-based decision tree techniques 

and leaf-wise growth strategies that are able to produce high accuracy with relatively low computation time [15]. On the 

other hand, CatBoost was developed to address the problem of categorical data that often arises in real-world data, 

including health and lifestyle data [16]. CatBoost has an effective internal encoding mechanism and is able to reduce the 

risk of overfitting through the ordered boosting technique [17]. The combination of these two algorithms is considered 

appropriate to handle the characteristics of obesity data consisting of a mixture of numerical and categorical variables 

[18]. 

The ensemble approach aims to combine multiple predictive models to produce better performance than a single 

model. By combining LightGBM and CatBoost, it is hoped that a more stable, accurate, and robust model can be obtained 

for data variations [19]. LightGBM excels at handling numerical features and computational efficiency, while CatBoost 

has advantages in categorical feature processing and overfitting prevention [20]. Through the ensemble technique based 

on probability aggregation, the weaknesses of each model can be minimized, and its advantages can be maximized. This 

approach is in line with the latest research trends that show that ensemble learning is able to improve classification 

performance on various complex problems, including in the health sector. 

Based on the background and previous research studies, it can be concluded that the classification of obesity risk 

at productive age requires an approach that is able to handle multidimensional and complex data effectively [21]. 

Therefore, this study aims to implement the LightGBM–CatBoost ensemble method in the classification of obesity risk 

as well as evaluate its performance compared to a single model. It is hoped that the results of this research can make a 

scientific contribution to the development of machine learning methods for obesity prediction, as well as become the basis 

for the development of decision support systems that can help efforts to prevent and control obesity in the community. 

2. RESEARCH METHODOLOGY 

This research method outlines the main steps for developing an obesity risk classification model using the LightGBM–

CatBoost ensemble approach. As shown in Figure 1, the procedure includes data collection, data preprocessing, training 

the LightGBM and CatBoost models, combining both models using probability averaging, and evaluating performance 

using classification metrics [22]. 

 

Figure 1. Research Methods 

The following is an explanation of the steps (Figure 1) of the method above: 

a. Dataset Collection 

The process of collecting data is used as research material. At this stage, obesity datasets are collected from reliable 

sources that contain information related to individual characteristics, such as demographic data, eating habits, physical 

activity, and other lifestyle factors related to obesity risk. The dataset obtained was then selected to ensure the 

completeness of the attributes and the suitability with the research objectives, namely the classification of obesity risk 

at productive age. 

b. Data Preprocessing 

The data preprocessing stage aims to prepare the dataset so that it can be effectively used in the modeling process. At 

this stage, the dataset was first examined for missing values, and the results showed that no missing data were present, 

so no imputation was required. Categorical variables, such as gender, eating habits, family history of obesity, and 

transportation mode, were transformed into numerical representations using Label Encoding to ensure compatibility 

with the LightGBM and CatBoost algorithms. Because both LightGBM and CatBoost are tree-based models that are 

insensitive to feature scaling, data normalization, or standardization was not applied. The dataset was then divided 

into training and testing sets using an 80:20 split to allow objective evaluation of model performance. For model 

configuration, the main hyperparameters, including the number of trees, learning rate, and tree depth, were determined 

through preliminary experimentation based on commonly used values in related studies, without employing automated 
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hyperparameter optimization techniques such as Grid Search or Random Search. This preprocessing strategy ensures 

data consistency while maintaining computational efficiency and model reliability. 

c. LightGBM Model Training 

The Light Gradient Boosting Machine algorithm is used to train classification models based on training data. 

LightGBM works by building a decision tree in stages using a gradient boosting approach, so that it is able to capture 

nonlinear patterns in the data efficiently. The resulting model is expected to be able to provide accurate early 

predictions of obesity risk. 

d. CatBoost Model Training 

The same data is used to train the model using the CatBoost algorithm. CatBoost has the advantage of handling 

categorical variables and reducing the risk of overfitting through an ordered boosting mechanism. By training the 

CatBoost model separately, other predictions that are complementary to the results of LightGBM are obtained. 

e. Ensemble Model (Averaging) 

The probability predictions from the LightGBM and CatBoost models are averaged (probability averaging) to produce 

the final prediction. This ensemble approach aims to take advantage of the advantages of each model so that it can 

improve the accuracy and stability of the classification results compared to the use of a single model. 

f. Results and Conclusion 

In the model evaluation, the performance of the system was tested using metrics such as accuracy, precision, recall, 

F1-score, confusion matrix, and ROC-AUC. The results of the evaluation were then analyzed to assess the 

effectiveness of the proposed ensemble method. Based on the test results, conclusions were drawn about the model's 

ability to classify obesity risk at a productive age and its potential application as a decision support system in the 

health sector. 

3. RESULT AND DISCUSSION 

This section explains in detail the stages of applying the proposed approach to solve the research problem, namely, 

developing a robust and accurate obesity risk classification model for productive-age individuals using multidimensional 

lifestyle and physical attribute data. In addition to reporting the final performance metrics, this section discusses how each 

stage of the pipeline contributes to the overall objective, why the selected algorithms are appropriate for the characteristics 

of the dataset, and how the evaluation results support the conclusion that the LightGBM–CatBoost ensemble approach 

provides a stable and reliable solution for multi-class obesity risk classification. 

3.1 Overview of the Application Stages to Solve the Research Problem 

The research problem addressed in this study involves classifying obesity risk into seven categories, which is a more 

challenging task than binary classification because class boundaries are often close, and some classes share similar 

anthropometric and behavioral patterns. The proposed solution applies a structured machine learning pipeline consisting 

of: (1) dataset acquisition and verification, (2) data preprocessing and feature transformation, (3) training individual 

models (LightGBM and CatBoost), (4) integrating both models into an ensemble using probability averaging, and (5) 

evaluating performance with class-sensitive metrics and error analysis tools. Each stage is designed to ensure that the 

model handles the complexity of the features and produces stable predictions across all classes. 

First, the dataset was obtained from Kaggle and contains 2,111 individual records. Each record represents a 

combination of physical attributes and lifestyle-related variables, including dietary behaviors and physical activity 

indicators. This mixture of feature types (numerical and categorical) is a key source of complexity, as obesity risk is 

influenced not by one variable alone but by a combination of interacting factors. Second, preprocessing was conducted 

to ensure that the data could be processed by boosting-based tree models. Third, two strong gradient boosting algorithms 

were trained separately to provide complementary predictive “views” of the same data. Finally, the two models were 

merged through probability averaging to reduce variance and mitigate model-specific errors, leading to improved 

robustness and generalization. 

3.2 Data Preprocessing: Preparing Multidimensional Data for Modeling 

At the preprocessing stage, the dataset (2,111 samples) was analyzed to ensure quality, completeness, and suitability for 

predictive modeling. The first task was checking missing values across all attributes. The results confirmed that the dataset 

contained no missing values, meaning that no imputation procedures were needed. This is important because missing 

value handling can introduce bias or variance depending on the chosen imputation strategy; therefore, having a complete 

dataset supports a more stable training process and reduces uncertainty introduced by preprocessing choices. 

The second preprocessing task involved transforming categorical variables into numerical representations. 

Obesity-related data commonly contains categorical variables such as gender, eating habit categories, family history 

indicators, and transportation mode. These variables cannot be processed directly by many machine learning algorithms 

unless they are encoded. In this study, categorical features were converted using Label Encoding, transforming each 

category into an integer representation. Label Encoding was applied consistently for all categorical columns to maintain 

uniform preprocessing across both LightGBM and CatBoost, enabling fair comparison and smooth integration in the 

ensemble stage. 
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Notably, normalization or standardization was not applied because LightGBM and CatBoost are tree-based 

models. Tree-based learners are generally insensitive to feature scaling because they make decisions based on split 

thresholds and ordering rather than distance-based measures. Avoiding unnecessary scaling reduces preprocessing 

complexity, maintains interpretability of feature values, and ensures the pipeline remains efficient. 

After encoding, the dataset was split into training and testing subsets using an 80:20 ratio, producing 423 test 

instances. The use of a train–test split is essential for objective evaluation because it allows performance measurement on 

unseen data, reflecting the model’s generalization ability. Moreover, because the research problem includes seven classes, 

maintaining representative distributions during splitting is important to avoid evaluation bias. The resulting test set size 

is sufficient to evaluate multi-class metrics and to observe patterns of misclassification in the confusion matrix. Overall, 

this preprocessing stage produced structured, ready-to-use data and established the foundation for reliable model training 

and evaluation. 

3.3 LightGBM Model Training: Application of the First Boosting Algorithm 

Following preprocessing, the first model trained was LightGBM (Light Gradient Boosting Machine). LightGBM is a 

gradient boosting framework that sequentially builds decision trees, where each new tree attempts to correct the errors 

made by the previous trees. This mechanism is especially suitable for obesity risk prediction because the relationships 

between features and obesity categories are often nonlinear and influenced by interactions among multiple factors. 

A key characteristic of LightGBM is its leaf-wise tree growth strategy, which grows trees by splitting the leaf that 

yields the largest reduction in loss. This strategy allows LightGBM to capture complex patterns efficiently, especially 

when the dataset contains interacting variables. In obesity risk classification, such interactions may include combinations 

of eating frequency, physical activity level, and demographic indicators that jointly influence class membership. As such, 

LightGBM serves as a strong candidate for modeling the multidimensional nature of obesity risk. 

The evaluation results show that the LightGBM model achieved an accuracy of 96.45%, indicating excellent 

overall classification performance. Additionally, the precision, recall, and F1-score values per class ranged approximately 

from 0.91 to 1.00, reflecting a strong balance between identifying correct classes and minimizing misclassification. The 

macro average and weighted average values of 0.96 suggest that LightGBM performs consistently across classes despite 

potential differences in class frequencies. With 423 test samples, these results indicate that LightGBM generalizes well 

and can reliably classify obesity risk levels based on the given lifestyle and physical attributes. 

From a methodological perspective, these results demonstrate that LightGBM is effective in addressing the 

research problem. However, while LightGBM performs strongly, the study also considers the possibility that a single 

model may still produce class-specific confusion in a multi-class setting, especially when classes are adjacent and share 

similar characteristics. Therefore, CatBoost was trained as a second model to provide a complementary learning 

mechanism and improve robustness through ensemble integration. 

The detailed classification report of the LightGBM model is presented in Figure 2. As shown in Figure 2, the 

model achieves an overall accuracy of 0.96 and demonstrates strong class-wise precision, recall, and F1-score values 

across all seven obesity risk classes, supporting its reliability on the 423 test samples. 

 

Figure 2. LightGBM Model Training 

3.4 CatBoost Model Training: Application of the Second Boosting Algorithm 

The second model trained in this study was CatBoost (Categorical Boosting). CatBoost is also a gradient boosting 

algorithm, but is particularly known for handling categorical data effectively and preventing overfitting through 

specialized mechanisms. Two prominent characteristics of CatBoost are the use of symmetric trees and ordered boosting. 

Symmetric trees enforce consistent splits at the same depth, promoting stability, while ordered boosting reduces prediction 

bias and helps avoid target leakage during the boosting process. 

CatBoost is highly relevant in this study because obesity datasets include a mixture of numerical features (e.g., 

physical attributes) and categorical features (e.g., lifestyle behaviors represented in categories). Even when categorical 

variables are encoded numerically, CatBoost’s learning mechanism and structural regularization can reduce overfitting 

and provide stable performance across classes. 
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The CatBoost model achieved an accuracy of 95.74%, which also reflects excellent classification capability. The 

precision, recall, and F1-score values for most classes were between 0.90 and 1.00, indicating that CatBoost recognizes 

obesity risk patterns consistently. Macro and weighted averages reached 0.96, confirming balanced performance across 

classes. These outcomes show that CatBoost is effective and reliable for obesity risk classification, particularly in datasets 

where categorical behaviors and routines play an important role. 

Although CatBoost’s accuracy is slightly lower than LightGBM in this experiment, it provides a different 

perspective on the data due to its symmetric tree structure and ordered boosting mechanism. This difference is valuable 

for ensemble learning because ensemble performance depends not only on individual model strength but also on diversity 

in learning patterns. In other words, two models that learn differently can complement each other by correcting one 

another’s errors, thereby improving the final prediction stability. 

As shown in Figure 3, CatBoost achieves an accuracy of 95.74% and maintains generally high precision, recall, 

and F1-score values across the seven obesity risk classes on the 423 test samples. 

 

Figure 3. CatBoost Model Training 

3.5 Ensemble Model (Averaging): Integrating Complementary Models to Improve Robustness 

After training LightGBM and CatBoost separately, the study applied the main proposed method: the LightGBM–CatBoost 

ensemble using probability averaging. This ensemble stage is crucial for solving the research problem because multi-class 

obesity classification requires not only accuracy but also stability and reliability across all seven categories. In probability 

averaging, both trained models generate probability estimates for each class, and these probabilities are averaged to 

produce a final prediction. The class with the highest average probability is selected as the predicted label. 

The ensemble model achieved the highest accuracy of 96.69%, demonstrating an improvement over both 

individual models. Precision, recall, and F1-score values for most classes were in the range of 0.93 to 1.00, indicating 

strong and consistent class-level performance. Macro and weighted average values increased to 0.97, supporting the 

conclusion that the ensemble model is not only accurate but also stable across different obesity categories. 

The improved performance can be explained by the complementary learning characteristics of the two models. 

LightGBM’s leaf-wise growth strategy captures complex interactions among numerical features and can form highly 

discriminative decision boundaries. CatBoost’s symmetric trees and ordered boosting contribute to more stable pattern 

learning, particularly in the presence of categorical variables and potential bias risks. Because these algorithms learn 

differently, their errors are not perfectly correlated. By averaging their probability outputs, the ensemble reduces 

individual model variance and mitigates errors that might occur if only one model were used. This mechanism strengthens 

prediction reliability and supports the objective of producing a robust obesity risk classification model. 

As shown in Figure 4, the LightGBM–CatBoost ensemble achieves an accuracy of 96.69% with consistently high 

precision, recall, and F1-score values across all seven classes on the 423 test samples. 

 

Figure 4. Ensemble Model (Averaging) 
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3.6 Multi-Class Evaluation: Why Accuracy Alone Is Not Sufficient (7 Classes) 

Although the ensemble model achieved high accuracy, it is important to interpret the results appropriately. In a seven-

class classification problem, relying solely on accuracy can be misleading because accuracy does not show which classes 

are being confused. A model could achieve high accuracy while consistently misclassifying specific class pairs—

especially classes that are adjacent and share similar feature profiles. Therefore, class-wise evaluation and error analysis 

are necessary to fully explain the performance of the model. 

In this experiment, the ensemble accuracy of 96.69% corresponds to an error rate of 3.31%, which equals 

approximately 14 misclassified samples out of 423 test instances. To identify where these errors occur and how serious 

they are, the study used a Confusion Matrix, presented as a heatmap. This visualization provides detailed information 

about the distribution of correct predictions (diagonal cells) and misclassifications (off-diagonal cells). 

The confusion matrix heatmap is particularly valuable because it highlights whether the misclassifications occur 

between neighboring classes (for example, Overweight Level I vs. Overweight Level II) or between more distant classes 

(e.g., underweight misclassified as obesity). In obesity classification, adjacent categories often share overlapping 

anthropometric and behavioral patterns; therefore, confusion between adjacent classes is expected and generally 

considered “mild” errors. Conversely, confusion between distant classes would indicate poor discriminative ability. By 

incorporating the confusion matrix heatmap, the study provides stronger evidence that the ensemble method performs 

reliably in a multi-class setting and that the remaining errors can be interpreted meaningfully. 

As shown in Figure 5, most predictions are concentrated along the diagonal, while the remaining misclassifications 

appear in a few off-diagonal cells, indicating that errors mainly occur between closely related (adjacent) obesity categories 

rather than distant classes. 

 

Figure 5. Confusion Matrix Heatmap of the Ensemble Model 

3.7 Accuracy Comparison and Interpretation of Performance Improvements 

Figure 6 compares the accuracies of the three approaches: LightGBM (96.45%), CatBoost (95.74%), and the ensemble 

model (96.69%). The visualization demonstrates that all models achieved high accuracy, but the ensemble model 

produced the best overall results. This confirms that combining boosting models with different tree structures and learning 

strategies can enhance classification performance. Importantly, the ensemble improvement is accompanied by increased 

macro and weighted average values, indicating better balance across classes and not merely improved performance in 

dominant categories. 

In addition, the ensemble approach is more stable because it aggregates decision patterns from two distinct learning 

mechanisms. LightGBM may perform exceptionally well on certain patterns due to its leaf-wise optimization, while 

CatBoost may perform better on cases influenced heavily by categorical behaviors. Averaging probabilities tends to 

“smooth” predictions, reducing the risk that one model’s overconfident wrong prediction determines the final class. This 

explains why the ensemble not only improves accuracy but also improves consistency and robustness. 

As shown in Figure 6, the ensemble model achieves the highest accuracy (96.69%), slightly outperforming 

LightGBM (96.45%) and CatBoost (95.74%), which supports the benefit of combining both models. 
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Figure 6. Accuracy Comparison 

3.7 Practical Implications and Relation to the Research Problem 

The results demonstrate that the proposed LightGBM–CatBoost ensemble method effectively solves the research problem 

by producing a high-performing and stable obesity risk classification model for productive-age individuals. The model’s 

high accuracy and balanced class-wise metrics indicate that it can identify obesity risk categories reliably using complex, 

multidimensional inputs. Such a model has potential practical value in early risk screening, public health monitoring, and 

decision-support applications. In particular, an AI-based classification approach can assist in identifying individuals at 

risk before obesity-related complications develop, enabling preventive interventions. 

At the same time, it is important to interpret the findings within the study scope. The dataset used is publicly 

available and synthetic/balanced, which is useful for benchmarking but may differ from real clinical data in terms of 

noise, missing values, measurement errors, and population diversity. Therefore, while the results are strong and 

demonstrate the effectiveness of the proposed method, future work should validate the model using real-world clinical 

datasets, larger populations, and external testing scenarios. Nonetheless, within the context of the current dataset and 

experimental design, the results strongly support the conclusion that ensemble learning improves stability and accuracy 

compared to single-model approaches in multi-class obesity risk classification. 

4. CONCLUSION 

This study addresses the main problem in obesity risk classification among individuals of productive age, namely, how 

to develop a predictive model capable of handling complex data characteristics that include lifestyle factors, eating habits, 

physical activity, and multiple categorical variables. Based on the experimental results, it can be concluded that the 

ensemble-based machine learning approach combining LightGBM and CatBoost provides an effective solution to this 

problem. The evaluation results demonstrate that the LightGBM–CatBoost ensemble model achieved an accuracy of 

96.69%, with consistently high precision, recall, and F1-score values across all obesity risk classes. All classes obtained 

F1-scores above 0.93, with several classes achieving near-perfect performance, indicating that the model performs well 

not only globally but also in a balanced manner across different risk categories. The macro average and weighted average 

values of 0.97 further confirm the stability and reliability of the proposed model. Compared to the individual LightGBM 

and CatBoost models, the ensemble approach consistently produced superior performance. The probability averaging 

technique enables the integration of complementary strengths from both algorithms, where LightGBM effectively 

captures complex interactions among numerical features with high computational efficiency, while CatBoost excels in 

handling categorical variables and reducing overfitting. As a result, the ensemble approach minimizes the limitations of 

single models and improves overall prediction robustness. Despite these promising results, it should be noted that this 

study was conducted using a publicly available Kaggle dataset that is synthetic and balanced in nature. Consequently, the 

generalizability of the proposed model to real-world clinical or population-based data has not yet been fully validated. 

Future studies are therefore recommended to evaluate the model using real clinical datasets, larger and more diverse 

populations, and additional external validation scenarios. Nevertheless, the findings of this study demonstrate that the 

LightGBM–CatBoost ensemble method is a reliable and effective approach for obesity risk classification and has strong 

potential to serve as a foundation for data-driven decision support systems in the health sector, particularly for early 

obesity risk detection and prevention. 
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