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 Obesity has become a serious global health problem due to lifestyle changes from 

traditional lifestyles to sedentary lifestyles characterized by low physical activity and 

high-calorie, low-fiber diets. This condition is exacerbated by various factors, such 

as gender, family history, physical activity, and calorie  intake, which collectively 

increase the risk of obesity in adolescents and adults. Therefore, early obesity 

prediction efforts are needed to support more effective preventive decision-making. 

This study aims to develop an obesity prediction model using De cision Tree, 

Random Forest, CatBoost, and Artificial Neural Network (ANN) algorithms to 

predict obesity probability and find the best method from the four algorithms. As a 

result of this analysis, obesity classes were predicted with success rates of 77.00%, 

85.00%, 86.00%, and 84.00%, respectively. CatBoost was the most successful method 

for this dataset and classified obesity with a success rate of 86.00%. Analysis using 

SHAP values revealed that the features Food Intake Between Meals and 

Consumption of Fast Food had the greatest influence in increasing the probability of 

overweight/obesity. Conversely, features such as Physical Exercise and Height 

contributed negatively to the probability of obesity. 
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1. Introduction  

Modernization has had a negative impact on people's lifestyles, one of which is the shift from a traditional lifestyle 

to a sedentary lifestyle. This shift is characterized by low physical activity and changes in diet that tend to be high in 

energy intake (fat, protein, carbohydrates) and low in fiber [1]. This condition contributes to an increase in obesity 

cases, which can be experienced not only by adults but also by adolescents [2], [3], [4] .  Obesity has become a serious 

concern due to its negative impact on health, including the risk of cardiovascular disease, type 2 diabetes, hypertension, 

and various other metabolic disorders. Given the magnitude of the negative impact caused by obesity, researchers have 

been motivated to develop algorithms that can predict obesity levels  [5]. Therefore, early prediction of obesity is 

needed to support more effective preventive decision-making. 

In an effort to predict obesity, several studies have utilized machine learning and deep learning algorithms. 

Machine learning generally refers to the process of learning from data to make predictions or group data [6], [7] . 

According to Janiesch, in many applications, deep learning models are able to outperform machine learning models 

in terms of accuracy and prediction performance [8]. 

Based on these issues, this study aims to utilize Decision Tree, Random Forest, CatBoost,  and Artificial Neural 

Network (ANN) algorithms to predict obesity. The Decision Tree and Random Forest algorithms have the advantage 

of identifying significant predictor variables and providing transparent interpretations of the main factors that 

influence obesity. CatBoost is able to handle categorical variables effectively and speed up the model training process, 
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making it efficient for obesity datasets that contain many categorical variables. MARS is a nonparametric multivariate 

regression approach developed by Friedman to address high -dimensional data problems  [9], [10] . Meanwhile, 

Artificial Neural Network (ANN) has the ability to learn complex and non -linear data patterns, enabling the 

recognition of deep relationships between social and physical activity factors and obesity risk. In addition, this study 

will also ident ify the features that most influence the prediction model formed using SHAP (SHapley Additive 

exPlanations). 

2. Method Details 

This study will evaluate the performance of four methods, namely Random Forest, Decision Tree, CatBoost, and 

ANN, based on accuracy, precision, and recall values to determine which method is more effective in classifying 

obesity levels. 

2.1. Random Forest  

Random Forest is a predictive data mining technique and also an ensemble machine learning method. The main 

concept of the ensemble method is that a group of ‘weak learners’ (trees) come together to form ‘strong learners’ 

(random forests). Random Forest is a combination of several decision trees th at are combined to obtain accurate 

predictions [11], [12], [13] 

2.2. Simultaneous Test  

A decision tree is a predictive model in machine learning that is used to make decisions based on various rules. 

This model is similar to a decision tree structure, where each node in the tree represents the test results and each leaf 

represents the predicted value [14]. 

2.3. CatBoost  

CatBoost CatBoost is a machine learning algorithm that is part of the Gradient Boosted Decision Trees (GBDT) 

family, which falls under the umbrella of ensemble learning. CatBoost is an algorithm that is open to the public for 

further development in the field of Supervised ML, bringing two innovations: Ordered Target Statistics and Ordered 

Boosting [15], [16], [17]. 
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Each boosting iteration in CatBoost forms a tree. At each terminal node in the newly created tree, CatBoost stores 

𝑀 predictions for each 𝑀 classes. where 𝑡𝑖 is the label value in the i th data point of the training data input. 𝑎𝑖 is the 

result of applying the model to the i th data point. N is the total number of data points. 𝑤 is the weight for the i th data 

point and, by default, is 1. In multi-class classification problems, conversion to probability values is performed using 

the sigmoid function based on the “RawFormula” value of the CatBoost output. Next, the data will be classified into 

the class with the highest probability value [18]. 

2.4. Artificial Neural Network  

Artificial Neural Networks (ANN) are popular and effective models used in problem solving and machine 

learning [19]. ANNs consist of simple processing units called neurons, which are distributed in parallel and have the 

inherent ability to store and retrieve relevant experimental information. Artificial neurons or processing elements are 

the basic units that form the foundation of the system [20]. 

2.5. Research Data 

The data used in this study is obesity data sourced from Kaggle and accessible through the Obesity Dataset. The 

resulting dataset has 14 variables needed to determine obesity. The Obesity Dataset was obtained via the internet using 

a questionnaire administered to a total of 1610 people living in Türkiye. The distribution of data from the features in 

the obesity dataset is provided in Appendix Table 1. The data consists of a total of 1,610 individuals. Among them, 
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898 are women and 712 are men. The youngest participant in this dataset is 18 years old, and the oldest participant is 

54 years old. 

3. Results and Discussion  

3.1. Descriptive Statistics  

EDA is performed by displaying visualizations of the dataset in the form of box plots and histograms to find 

outliers in the dataset and determine the distribution of data in the dataset, especially in the target class. 

Figure 1. Box Plot of Data Distribution  

Figure 1 shows that variables such as “Sex,” “Consumption of Fast Food,” and ‘Smoking’ have a dominant 

categorical distribution pattern. Numerical variables such as “Age,” “Height,” and “Physical Exercise” have a varied 

range of values, with several outliers in “Overweight Obese Family” and “Calculation of Calorie Intake.” In addition, 

“Schedule Dedicated to Technology” shows little data variation, dominated by a single category. 

Figure 2. Histogram Data  

Figure 2 shows that some variables, such as Calculation of Calorie Intake, have a right -skewed distribution with 

data concentrated at low values. Variables such as Height have a near-normal distribution. A multimodal distribution 

pattern is seen in Frequency of Consuming Vegetables and Food Intake B etween Meals, indicating several groups in 

the data. Overweight Obese Family and Smoking show the dominance of certain categories, while Number of Main 

Meals_Daily has a bimodal pattern, reflecting two different consumption patterns. 
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3.2. Preprocessing 

Data Cleansing 

No data cleansing was performed because the data obtained was clean, but there were still outliers. 

Data Transform 

Attribute names were not changed in order to maintain data authenticity, although changing attribute names is 

permitted if desired. 

Splitting Data 

 In this process, we divided the data into training data and testing data. In this study, the researcher used a ratio of 

80% training data and 20% testing data. 

Figure  3. Programming  

3.3. Model Evaluation  

Decision Tree Algorithm  

The classification results for the Decision Tree model are presented in this section, with the corresponding 

confusion matrix given in Table 1. The accuracy rates for the underweight, normal, overweight, and obese classes were 

calculated using this matrix, and it was found that the model achieved a classification success rate of 77.00%, as shown 

in Figure 3 . 

Table 1. C onfusion Matrix DT  

Decision  Tree Predicted Class 

(4x4) Underwe Normal Over Obesity 

A
ct

u
al

 C
la

ss
 

Underweight 12 1 0 0 

Normal 3 105 15 2 

Overweight 0 18 92 21 

Obesity 0 3 11 39 

Table 1 shows a 4x4 confusion matrix that illustrates the model's performance in classifying four categories: 

Underweight, Normal, Overweight, and Obesity. The main diagonal (12, 105, 92, 39) indicates the number of correct 

predictions for each category. The Normal class has the highest number of correct predictions (105), while the 

Underweight class has the lowest number of correct predictions (12), but with a smaller classification error compared 

to other classes. Several significant errors are seen in the Overweight class, where 18 samples were misclassified as 

normal. 

Random Forest Algorithm  

The classification results for the Random Forest model are presented in this section, with the corresponding 

confusion matrix given in Table 1. The accuracy rates for the underweight, normal, overweight, and obese classes were 

calculated using this matrix, and it was found that the model achieved a classification success rate of 85.00%, as shown 

in Figure 3 . 

Table 2. Confusion  Matrix RF 

Random Forest Predicted Class 

(4x4) Underwe Normal Over Obesity 

A
ct

u
al

 C
la

ss
 

Underweight 13 0 0 0 

Normal 0 116 9 0 

Overweight 0 14 102 15 

Obesity 0 1 9 43 
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Table 2 shows  a 4x4 confusion matrix that illustrates the model's performance in classifying four categories: 

Underweight, Normal, Overweight, and Obesity. The main diagonal (13, 116, 102, 43) indicates the number of correct 

predictions for each category. The Normal cl ass has the highest number of correct predictions (116), while the 

Underweight class has the lowest number of correct predictions (13), but without any classification errors. Several 

significant errors are seen in the Overweight class, where 14 samples are misclassified as Normal and 15 samples are 

misclassified as Obesity. Overall, the Random Forest model performs better than the Decision Tree model, as it 

handles overfitting more effectively. 

ANN   Algorithm 

The classification results for the ANN model are presented in this section, with the corresponding confusion matrix 

given in Table 3. The accuracy rates for the underweight, normal, overweight, and obese classes were calculated using 

this matrix, and it was found that the model achieved a classification success rate of 84.00%, as shown in Figure 3. 

Table 3. Confusion  Matrix ANN  

ANN  Predicted Class 

(4x4) Underwe Normal Over Obesity 

A
ct

u
al

 C
la

ss
 

Underweight 1 6 3 5 

Normal 5 52 49 26 

Overweight 6 49 45 18 

Obesity 2 23 24 8 

 

Table 3 shows the 4x4 confusion matrix above, which illustrates the model's performance in classifying four 

classes: Underweight, Normal, Overweight, and Obesity. The main diagonal (1, 52, 45, 8) shows the number of correct 

predictions for each class. The Normal class has the highest number of correct predictions (52), while the Underweight 

class has the lowest number of correct predictions (1), with many classification errors. Significant errors are seen in 

the Overweight and Obesity classes, where many samples are misclassified as Normal and vice versa. Overall, the ANN 

performance in this matrix shows that the model has difficulty distinguishing between closely related classes, such as 

Normal and Overweight. 

CatBoost Algorithm 

The classification results for the Decision Tree model are presented in this section, with the corresponding 

confusion matrix given in Table 1. The accuracy rates of the underweight, normal, overweight, and obese classes were 

calculated using this matrix, and it was found that the model achieved a classification success rate of 77,00%. 

Table 4. Confusion  Matrix CatBoost 

CatBoost Predicted Class 

(4x4) Underwe Normal Over Obesity 

A
ct

u
al

 C
la

ss
 

Underweight 13 0 0 0 

Normal 1 113 11 0 

Overweight 0 16 104 11 

Obesity 0 1 6 46 

 

Table 4 shows a 4x4 confusion matrix that illustrates the model's performance in classifying four categories: 

Underweight, Normal, Overweight, and Obesity. The main diagonal (13, 113, 104, 46) indicates the number of correct 

predictions for each category. The Normal class has the highest number of correct predictions (113), while the 

Underweight class has the lowest number of correct predictions (13), but without any classification errors. Several 

significant errors are seen in the Overweight class, where 1 6 samples were misclassified as Normal and 11 samples 

were misclassified as Obesity. 
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3.4. Predictive Classification Model Performance  

The accuracy, precision, recall, and F1 scores of each model were obtained from the analysis results, and the 

results and graphs for all models are shown in Figure 1. 

Figure  4. Model Accuracy Results 

From Figure 4, it can be concluded that the CatBoost model has the highest classification success rate (86.00%), 

while the Decision Tree model has the lowest (77.00%). Similarly, the CatBoost model shows the highest metric value 

outside of classification success, while the Decision Tree model shows the lowest value. These results illustrate that 

choosing the right machine learning model greatly affects prediction performance. The success of the CatBoost model 

can be explained by its ability to handle unbalanced data, its sensitivity to hyperparameter settings, and its efficient 

boosting mechanism. 

3.5. Feature Contribution Analysis Using SHAP  

To understand the contribution of features to the prediction of overweight/obesity probability, SHAP (SHapley 

Additive exPlanations) analysis was used. The figure below shows the SHAP summary plot, where each feature is 

sorted based on its impact on the model. 

Gambar 5 . SHAP Results  

From Figure 5, it can be seen that features such as Food Intake Between Meals and Consumption of Fast Food 

have the greatest influence on overweight/obesity predictions. High values for these features (shown in red) tend to 

significantly increase the proba bility of overweight/obesity, as seen from the dominance of positive SHAP values. 
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Conversely, features such as Physical Exercise and Height show a negative contribution, where high values on these 

features reduce the probability of overweight/obesity. In addition, the Liquid Intake Daily feature shows an interesting 

pattern, where high values have a negative impact on the probability of overweight/obesity, while low values make a 

positive contribution, albeit on a smaller scale. 

4. Conclusion  

In this study, classification was implemented for obesity using the Decision Tree, Random Forest, CatBoost, and ANN 

algorithms. Based on the results of the analysis obtained from data processing, the CatBoost algorithm had the highest 

classification success rate (86.00%), while the Decision Tree model had the lowest (77.00%). The features of Food 

Intake Between Meals and Consumption of Fast Food had the greatest influence in increasing the probability of 

overweight/obesity, as indicated by positive SHAP values. Although CatBoost's accuracy was quite high, there was still 

potential for improving the model's performance, one of which was by selecting more selective features to reduce noise 

in the data. In addition, testing other classification algorithms could be carried out to explore the possibility of higher 

accuracy. This research is expected to contribute to the development of a more accurate and interpretative machine 

learning-based obesity prediction system. 

 

Limitations  

There are no specific limitations to report from this study.  
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