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ABSTRACT— Obesity is a health concern that is rapidly becoming a major issue in terms of individual health and work 

task performance. This study suggests a Support Vector Machine (SVM)-based obesity classification model using the dataset 

from various health parameters like BMI, age, weight, height, and lifestyle factors. Our model aims to distinguish individuals 

into several obesity classifications. Performance comparison work has been done by tuning hyper parameters through 

GridSearchCV and kernel selection optimization, which allows our model to make more predictions that are accurate. We 

utilized a confusion matrix to visualize the analysis of prediction outcomes and misclassification patterns. The research 

findings substantiate the efficacy of SVM in predicting obesity trends, and they provide helpful information towards health 

awareness initiatives, informing the audience about the possible means. The research highlights the significant role of 

machine learning in preventive care and provides a larger horizon for expanding the broader impacts into larger 

populations. 
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I. INTRODUCTION 

Nutrition is a behaviour that should be done consciously to protect human health and increase the quality of life, to take 

the nutrients needed by the body in sufficient quantities and at appropriate times. Adequate and balanced nutrition is one of the 

basic conditions for an individual to live healthily, develop economically and socially, and increase the level of welfare [1]. 

Obesity is a significant health issue affecting individuals of all ages worldwide [2,3]. Defined by the World Health Organization 

(WHO) as a significant determinant of death and disability, obesity stands out as the fourth most common risk factor in terms 

of non-communicable diseases, following high blood pressure, dietary risks, and tobacco [4,5]. The issue of obesity has 

transformed into a global health challenge and is progressively escalating in numerous nations, starting from childhood and 

adolescence [6,7]. According to a study, the number of overweight adults exceeds one billion and body mass increases across 

all regions of the world when considering the entire population distribution [8]. 

As shown in Fig. 1, obesity has adverse effects not only on physical health but also on psychosocial and emotional health 

[9]. As the  

prevalence of overweight and obesity continues to rise, there is an increasing need to develop new methods to predict who will 

benefit from dietary interventions. Artificial Intelligence (AI) has the potential to solve problems using computer systems 

integrated with large data sources. In the field of nutrition, AI applications can offer benefits such as effective nutrition planning, 

interpretation, diet analysis, quality nutrition counselling, and in-depth knowledge about the effects of nutrition on health. 

Considering the literature studies, Machine Learning (ML) helps to study the obesity data [10, 11]. In this study, four different 

obesity states are determined, which are based on seven features such as Age, Gender, Height, Weight, Physical activity, BMI, 

etc. For this work, we have utilized the Support Vector Machine (SVM) method to study obesity data. Support Vector Machines 

(SVMs) are a widely employed and highly effective machine-learning technique for data classification [12]. SVMs are 

supervised learning models based on statistical learning theory, which involve learning algorithms that analyse the data for 

classification and regression analysis. This method transforms the initial input space into a higher-dimensional feature space to 

enhance the classification process. With SVM, limits can be defined for both linear and nonlinear datasets. Support Vector 

Machines have become widely favoured due to their capability to identify optimal hyper planes that maximize the separation 

between classes in the feature space [13].  
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Fig. 1: Various reasons of Obesity [28] 

 

The fundamental principle underlying SVM involves separating classes by drawing margins between them. As illustrated 

in Fig. 2, these margins are calculated in a manner that maximizes the distance between the margin and the classes, thereby 

minimizing classification error [14-17]. 

 

 
Fig. 2: The decision boundary and cluster representation 

 

Support Vector Machine (SVM) aims to pinpoint the optimal hyper plane that minimizes classification errors while 

maximizing the margin, a crucial space between data points. This pursuit involves a cost parameter, which balances the desire 

to maximize accuracy while minimizing misclassifications [18]. Ultimately, SVM strives to delineate a decision boundary that 

effectively separates different classes of data, ensuring accurate classification of new, unseen data points while guarding against 

over fitting [19]. To achieve this, SVM employs kernel functions like linear, polynomial, or radial basis functions to transform 

input data into higher-dimensional spaces. Within these transformed spaces, SVM constructs a hyper plane that efficiently 

segregates data points into their respective classes, relying solely on a subset of training data points known as support vectors 

[20]. 

 

II. METHODOLOGY 

To develop the SVM model, we have utilized the dataset from an open-source website (Kaggle-Obesity Levels Dataset), 

which includes several physical features such as gender, age, physical activity, height, weight, etc. In the Obesity Category 

section, the target variable classifies individuals into four categories: underweight, Normal weight, Overweight, and Obese. This 

dataset was refined by using label encoding, normalization, etc. The development of the algorithm starts with the data pre-

processing, in which the data is encoded in categorical features using Label Encoding, through which all string values are 

converted into numeric values. Further, a dataset was analysed for class imbalance. Since the Kaggle dataset is relatively 

balanced, no oversampling or under sampling was applied. The whole processed dataset was divided into three parts, 70% 

training, 15% testing and 15% validation to improve model performance. 
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In the decision-making process of the linear SVM model, the feature importance was analysed based on the absolute values 

of the model’s coefficients. The bar chart shown in Fig. 3 illustrates that the input variables had the greatest influence on the 

classification decision. The Support Vector Machine classifier is utilised for its robustness in binary and multiclass classification 

tasks. The various kernel options, i.e., Linear Kernel, RBF Kernel, Sigmoid Kernel and Polynomial Kernel are studied and the 

Linear Kernel was chosen for its simplicity and interpretability. 

The model’s performance was evaluated on the test and validation dataset using the accuracy score and confusion matrix. 

Additionally, decision boundaries were visualized for the selected features (BMI and Age) to provide an intuitive understanding 

of model predictions. 

To improve computational efficiency and potentially enhance model generalization, Principal Component Analysis (PCA) 

was applied to reduce the feature space before training the SVM model. PCA helped in projecting the original features onto a 

lower-dimensional space while retaining maximum variance. The number of components was selected based on explained 

variance. This step also assisted in visualizing the dataset in a 2D space for explanatory analysis [21]. 

 

 

Fig. 3: Importance of features based on average absolute values of the SVM linear model 

The model was implemented using the Scikit-learn Python library, proposed by Pedregosa et al [22]. A linear support 

vector machine was used for the classification of obesity levels using labelled data from the obesity dataset. The model was 

trained by using the soft margin SVM formulation with a regularization parameter C=10, which balances the trade-off between 

margin maximization and classification. 

A soft margin linear SVM can be expressed as: 

                       Min ½ ∥w∥² + C ∑ ξᵢ  
Subject to:  

                    yᵢ  (wᵗ  xᵢ  + b) ≥ 1 − ξᵢ  ≥ 0 

Where, w is weight vector, B is bias term, ξi is slack variables (for misclassification), C is 10 (regularization parameter), xi ∈  

Rd input vectors and yi ∈  {1, 2, 3, 4} is the multiple labels for obesity category. 

The data is linearly separable, so we used a linear kernel. 

K (xi ,xj) =  xi
T  xj 

The decision function is also in linear form. 

f(x)  =  wT x+ b 

To manage the four obesity classes, such as underweight, normal, overweight and obese, we used a one-vs-one method, 

where each classifier distinguishes between a pair of classes. During prediction, a voting mechanism is used to decide the final 

output class. 

III. RESULTS AND DISCUSSION 

The principal component analysis is utilized to visualise the high-dimensional obesity and understand the natural grouping 

of different obesity categories. In this, we reduce the dimensionality of data while preserving most of the variance. As shown in 

Fig. 4, each point represents a data sample projected onto the new coordinate system refined by Principal Component 1 (PC1) 

and Principal Component 2 (PC2). The samples are color-coded based on their obesity category: Underweight (yellow), Normal 

weight (purple), Overweight (green), and Obese (blue). It is visible in Fig. 4 that the Underweight individuals are mostly located 

on the far left, whereas Obese individuals are spread across the right region of the plot, Normal and Overweight category lies in 

between. 
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The scatter plot is also plotted which represents the clustering of the dataset based on the output of the trained Linear SVM 

model as shown in Fig. 5. Each colour denotes a distinct obesity class: Underweight, Normal, Overweight, and Obese. The clear 

class separation observed in the plot reaffirms that the data is linearly separable, justifying the use of a linear kernel.  

 
Fig. 4: PCA- based 2D  projection of the dataset showing separation by obesity categories. 

 

 
Fig. 5: Scatter plot of BMI versus weight, color-coded by obesity category, represents the features are well separated. 

In this study, the multiple SVM kernels are tested, including Linear, Polynomial, Radial Basis Function (RBF), and 

Sigmoid, to evaluate their performance on the given dataset. All these SVM kernels visualization on Obesity Dataset are shown 

in Fig. 6. While each kernel was tested under similar conditions to ensure a fair comparison, the linear kernel consistently yielded 

the highest accuracy and performed best in terms of classification metrics. As a result, the linear kernel was selected for detailed 

analysis and interpretation throughout this research. 
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Fig. 6: Different SVM kernels visualization on Obesity Dataset, i.e., 1. Linear Kernel, 2. RBF Kernel, 3. Poly Kernel and 4. 

Sigmoid Kernel 

Support vector machine model is trained with the help of a linear kernel and this linear kernel trained on the obesity dataset 

achieved an outstanding accuracy. The high performance of a model indicates that the data is likely linearly separable to a large 

extent, validating the choice of a linear kernel. The regularization parameter C=10 effectively balanced maximum distance 

between two classes with minimal misclassification. A higher C value restricts the margin to better fit the data points, 

contributing to this strong accuracy. 

Artificial intelligence models can be evaluated using a variety of metrics to assess their performance [23, 24]. The 

commonly used metrics such as Precision (P), Recall (R), F-measure (F), and Accuracy (AC) were utilized to evaluate the 

performance of artificial intelligence models. The computation of these metrics for a two-class confusion matrix is as follows; 

Accuracy: refers to the total number of correctly classified records by a classifier. It is measured as the percentage of correctly 

classified test sets based on the model, defining how accurate the classifier is [24]. 

Accuracy (%) = TP + TN/ TP + FP + FN + TN ×100 

Where, TP, TN, FP and FN are the True Positive, True Negative, False Positive and False Negative, respectively. 

Precision (P) = The proportion of true positive samples to all samples that are classified as positive [14, 24].  

Recall(R) = As a measure of accurate identification of positive samples, it refers to the true positive rate [24, 26]. 

Recall (%) = TP TP + FN ×100 

F1-Score (F) = F-measure is calculated by combining precision and recall metrics to evaluate the model's performance [27].  

F1− Score = 2 × TP /2×TP+FP + FN ×100 

A four-class confusion matrix was utilized in this study due to the presence of four classes in the dataset. Table 1 depicts 

the Precision, Recall, F1-Score and Support values of the four-class confusion matrix.  

Table 1: The various parameters of the Linear SVM model 

Kernel: Linear 
Precisi

on 
Re-call 

F1-

score 

suppor

t 

Normal weight 0.97 0.97 0.97 72 

Obese 1.00 0.97 0.98 32 

Overweight 0.95 0.97 0.96 65 

Underweight 1.00 1.00 1.00 31 
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A confusion matrix is a tabular representation implemented for evaluating the accuracy of classification 

in artificial intelligence methods. The table contains four distinct values, and based on these values, the 

accuracy of the model can be calculated. The classification using the support vector machine provides an 

accuracy of ≈ 94.6%. Which shows that the developed model for the dataset can automatically able to 

predict the obesity in the body with high accuracy.  

 

Fig. 7: Confusion matrix output obtained from the developed SVM algorithm to recognize the different types of class, i.e., 

Normal Weight, Obese, Over Weight and Under Weight. 

IV. CONCLUSION 

 In this paper,  Support Vector Machine model is classified the obesity levels based on individual health features such as BMI, 

weight, height, physical activity etc. This SVM model trained and tested on a dataset of 1001 individuals, enabling reliable 

generalization across a diverse set of obesity. The visual clustering of classified data provided interpretability and clear 

separation between the four obesity categories. The different kernel are studied to improve and implement of the best fit type of 

Kernel. Performance evaluation metrics including precision, recall, F1-score, and a confusion matrix further validated the 

robustness of the model which confirms that the model has an accuracy of more than 94%. An attempt to implement the machine 

learning on the obesity dataset has been made and discovered that the machine learning enabled tool can replace the high-cost 

and end-moment prediction. It is possible to develop a powerful and interpretable tool for obesity classification, particularly in 

healthcare scenarios where transparency, speed, and accuracy are essential. 
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