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Abstract: Because of the intricate relationships between dietary practices, physical characteristics, and lifestyle, weight-related health issues have
grown to be a global concern. The shortcomings of current machine learning (ML) techniques include inefficient feature selection, imbalanced
datasets, a binary classification focus, decreased accuracy, and inadequate hyperparameter tweaking. This paper uses a clinically validated dataset
of 1,638 patients from Bangladeshi healthcare facilities to provide a complete framework for ML-based multiclass obesity risk prediction in order
to fill these gaps. The proposed approach combines 5-fold cross-validation with GridSearchCV for systematic hyperparameter tuning and ensemble
feature selection. The Synthetic Minority Over-sampling Technique was used just on the training set to address class imbalance and guarantee
balanced learning across the seven weight categories. The proposed XGBoost outperformed the other ML algorithms that were assessed for obesity
risk prediction due to their high accuracy score of 95.4%. According to the results, the proposed method outperformed previous works by at least
5.18% in accuracy increase and 10.30% in F1-score gain. Furthermore, explainable Artificial Intelligence methods based on SHAP offer insights

into the decision-making process through feature contributions.
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1. Introduction

Obesity has been a major worldwide health concern throughout
the last 30 years. Over 2.5 billion people are overweight, up from 25% in
1990, and over one billion people globally suffer from obesity as 02022,
making up over 16% of the adult population [1, 2]. Obesity rates have
tripled or quadrupled in certain countries, and this growth has increased
among children and adolescents. According to projections, by 2055, the
disease related to obesity could increase by an additional 30.7% [3].
Around 9% of individuals worldwide suffer from undernutrition, which
is more common in some South Asian countries and at the other end
of the BMI spectrum [3, 4]. Weakened immunity, osteoporosis, and
compromised reproductive health are intimately associated with this
illness [4, 5]. Bangladesh is a striking example of the “double burden” of
malnutrition, when states such as underweight and overweight coexist.
A study of 2,690 urban schoolchildren and adolescents in Dhaka city
found that 19% were underweight, 15%-17% overweight, and 6%
obese [6]. Models that take into account all body mass index (BMI)
categories and their dynamic interactions are necessary to address the
complicated health demands created by such concurrent changes [7-11].
The number of people with obesity increased from 10% to 24% within
2004 and 2014 [8]. Although BMI is a commonly used classification
tool, it defines categories: normal weight level (18.5 to below 25),
overweight level (25 to below 30), underweight level (<18.5), and
obesity level I-11I (=30) [11]. No appropriate machine learning (ML)
model for predicting obesity was included in some previous publications
[10, 11, 12]. These oversimplified models have poor accuracy and
inadequate handling of imbalances, and they frequently ignore important
components like strict feature selection and interpretability. Limited
geographic datasets were used in the obesity prediction research that
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was previously conducted [13-21]. Across a range of demographic
groups, they mostly concentrated on binary classification schemes and
the uneven application of thorough lifestyle evaluation procedures.
Although existing studies include demographic, physical, and behavioral
characteristics, they frequently overlook important lifestyle drivers
like thorough eating habits, modes of mobility, and family history
aspects because they lack systematic techniques for ensemble feature
selection and relevance ranking. Black-box models predominate without
sufficient interpretability frameworks, restricting clinical applicability
and healthcare provider trust. Additionally, the majority of ML-based
existing works [13-21] concentrate on binary obesity classification
(obese vs. non-obese) rather than comprehensive weight spectrum
analysis encompassing underweight to severe obesity categories. They
did not use any ensemble feature selection techniques, advanced data
preprocessing, class imbalance handling, or hyperparameter tuning
techniques. The prediction accuracy of the existing works is poor.
Additionally, they didn’t create any web or mobile applications for
predicting the health risks associated with obesity. This paper presents a
ML based obesity risk prediction method by using an XGBoost classifier.
This paper investigates different underweight, normal weight, obese,
and overweight categories. The proposed work used ensemble feature
selection approaches to offer higher prediction results. While SHAP-
based explainable Artificial Intelligence (AI) algorithms highlight
the contributions of individual features, the Synthetic Minority Over-
sampling Technique (SMOTE) is utilized to address the imbalance seen
in lower-frequency classes.
The key contributions of this paper are illustrated as follows:

1) A comprehensive dataset of 1,638 people was gathered from
healthcare facilities in Bangladesh, encompassing a variety of real-
world lifestyles across a range of demographic groupings. The
dataset includes 16 physical and lifestyle characteristics that have
been verified by three medical experts.
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2) This paper presents a brand-new five-method ensemble feature
selection architecture for suitable feature selection that combines
Borda Count Aggregation, Recursive Feature Elimination (RFE),
SHapley Additive exPlanations (SHAP), Analysis of Variance
(ANOVA) F-Test, and Chi-Square Test.

3) The proposed ML-based framework enables comprehensive
classification across seven distinct weight categories. This work
selects the best ML model by evaluating the accuracy and F1-score
of the examined ML models.

4) Additionally, advanced preprocessing and hyperparameter
tuning methods were used in the proposed model. Using SHAP
analysis, explainable Al integration offers both local and global
interpretability. React Native was used to create a useful mobile
application for assessing obesity risk in real time.

A synopsis of relevant research is provided in Section 2. The
proposed methodology for classifying obesity risk is explained in
Section 3. The comparison results are displayed in Section 4. The work’s
conclusion, which summarizes its main conclusions, is found in Section 5.

2. Literature Review

The literature on predicting the risk of obesity is highlighted in
this section. Parra et al. [12] employed a binary classification approach
to predict middle-aged persons in Spain who were overweight or obese.
Both normal and obese subjects were evenly distributed throughout the
dataset. After selecting evolutionary features using a genetic algorithm,
researchers tested 10 ML techniques. They achieved 79 percent
accuracy by employing the random forest (RF) algorithm. Although the
study performed well, it was constrained by its binary categorization
method, which did not differentiate between various levels of obesity
severity. Jeon et al. [13] examined age-specific metabolic risk variables
for obesity prediction. The RF showed better accuracy in its work,
while the MLP model had the highest AUC scores.

Calderon-Diaz et al. [14] used multiple ML models for obesity
prediction. Thedatasetincludedlipidprofileandbiochemicalinformation
on 21 variables, including VLDL cholesterol, bilirubin, glycemia,
and total cholesterol. With 100 iterations and 80% cross-validation,
the model’s accuracy was 87.5%. The study’s shortcomings included
the removal of finer-grained obesity stages and the lack of lifestyle-
related indicators, which may have limited the comprehensiveness
of obesity risk modeling even if it demonstrated high performance.
Lim et al. [15] took into account mother characteristics (e.g., BMI
and self-esteem) as well as lifestyle choices (e.g., eating habits and
physical activity). It demonstrated the predictive power of family and
environmental effects with an accuracy of 74%. An ML model utilizing
the Cat Boost algorithm was created by Lin et al. [16] to forecast the
risk of obesity in persons who are overweight. The model made use of
a number of physiological and physical characteristics, such as gender,
systolic blood pressure, and waist and hip size. With an AUC of 0.87
on the test dataset, it performed well and showed good predictive
power. The study was limited, though, in that it only employed the
Cat Boost model, making it unable to compare it to other methods.
Furthermore, the study excluded underweight participants and only
examined overweight and obese people, which limited the prediction
framework’s comprehensiveness. To categorize adults as overweight/
obese or normal weight, Gutiérrez-Gallego et al. [17] suggested a
cascaded ensemble ML model. There were 1,179 Madrid residents in the
dataset. The model’s efficacy in binary classification was demonstrated
by its 79% overall accuracy, 84% precision, and 89% recall. Using
RISKESDAS 2018 data from over 618,898 Indonesian individuals,
a large-scale binary classification study by Thamrin et al. [18] found
that 21.8% of them were obese. The best result was demonstrated by
logistic regression, which had an accuracy of about 72%. The study’s
limitation is its binary result (obese vs. non-obese), which ignores

granularity in obesity levels and underweight classification, even with
the huge dataset and fair model performances. The goal of the study
of Singh and Tawfik [19] was to use ML for youth overweight and
obesity prediction. Eleven thousand one hundred ten samples from
three classes—normal (8,160), overweight (2,126), and obese (824)—
were included in the collection. Despite the use of several algorithms,
the models’ accuracy was often above 80%. Recall for the overweight
class, however, was just 62%, indicating issues with unbalanced
data that the study failed to sufficiently address. Rousset et al. [20]
used behavioral and personal data to create a neural network model
that predicts weight status. Additionally, the study’s relevance was
limited because underweight people were not taken into consideration.
Dirik [21] presented an RF algorithm to predict obesity. The model’s
remarkable accuracy of 95.78% was attained. Although this indicates
significant predictive capacity, the study ignored the underweight
category in favor of focusing primarily on differentiating between
overweight and obese people. The clinical efficacy of thorough weight
health assessments is diminished by this lack of class granularity, which
also ignores the entire range of dietary health hazards. In the articles of
Dutta et al. [22], Gormez et al. [23], and Helforoush and Sayyad [24],
the multiclass obesity prediction problem was not examined. Adaboost
and MLP algorithms were employed in the article of Devi et al. [25]
to predict schoolchildren’s obesity. The issues of handling imbalances
and multiclass were not addressed. Big data analytics was used by
Vemulapalli et al. [26] to anticipate obesity trends. They did offer
comparison results for several ML techniques. DL techniques were
employed in the study of Jeong et al. [27] to predict teenage obesity.
Additionally, they failed to provide an appropriate feature selection
scheme and data validation. The article by Nalini et al. [28] used body
fat percentage data to predict overweight. Titu et al. [29] discussed
the negative effects of advertisements for unhealthy foods using the
Explainable AI approach. The decision tree algorithm, habit, and
health data were used in the paper of Bahrin [30] to forecast the type of
body (healthy or sick). Garcia-d’Urso et al. [31] used an ML algorithm
to predict an individual’s total cholesterol level. It is evident from the
previous discussion that the majority of works concentrate on binary
classification. Their obesity risk prediction accuracy results are also not
proper. They did not use any appropriate feature selection, explainable
Al-based feature impact analysis, hyperparameter tweaking, class
imbalance handling, or advanced preprocessing strategies.

In order to overcome these drawbacks, this study presents an
obesity risk prediction dataset that includes standardized lifestyle
assessment procedures, integrated behavioral and physical profiling,
and rigorous ensemble feature engineering that combines Borda Count
Aggregation, ANOVA F-Test, RFE, SHAP analysis, and Chi-Square.
The objective of this work is to close the gap between algorithmic
performance and practical clinical decision-making in preventive
healthcare and customized obesity risk management by creating
interpretable models with explainable Al approaches and thorough
seven-category weight classification.

3. Proposed ML Framework for Obesity Risk
Prediction

This section presents the overall methodology for ML-based
obesity risk prediction with detail discussion.

3.1. System design

The proposed methodology model for obesity risk prediction
is displayed in Figure 1. This methodical process consists of five
separate stages, each of which adds crucial elements to the finished
prediction system. The approach starts with thorough data gathering
using standardized questionnaires given to participants in different
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Figure 1
Proposed system methodology for multi-class obesity risk prediction
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Bangladeshi healthcare facilities. Demographic data, food habits,
physical work, lifestyle patterns, family, and personal health issues are
all covered in the questionnaire. As seen in the first stage of our approach,
a thorough preprocessing pipeline after data collection guarantees data
quality and consistency. This covers dealing with missing values and
carrying out the necessary data conversions. To confirm the obesity
categories in accordance with accepted clinical recommendations, the
dataset is subsequently annotated by qualified medical professionals.
The framework then moves on to feature selection, employing a
thorough ensemble approach that combines five different techniques:
Borda Count voting for consensus-based aggregation, ANOVA
F-Test, RFE, SHAP Global Importance, and Chi-Square Test. This
multi-method strategy minimizes selection bias while ensuring robust
feature detection, as illustrated in Figure 1. RF, XGBoost, Support
Vector Machine (SVM), and K-Nearest Neighbor (KNN) are among
the ML algorithms that are methodically implemented as the technique
moves on to model training and evaluation. The framework uses cross-
validation approaches to optimize hyperparameters and integrates
evaluation of individual models and ensemble methods. The latter
section uses explainable Al methods, specifically SHAP analysis, to
offer clear insights into how the model makes decisions.

3.2. Dataset collection, dataset preparation

The thorough dataset preparation pathway for the study on obesity
risk prediction is shown in Figure 2. We created a thorough survey using
Google Forms in order to create a solid and clinically useful dataset
for classifying obesity risk. In order to create the questionnaire, items
from well-known research studies on obesity and lifestyle assessment

Figure 2
Data preparation procedure

Questionnaire form Missing data handling
(demographics, diet
habits, physical activity,
family history, lifestyle
question)

Data collection Data annotation

Ordinal encoding,
level encoding,
feature
standardization

Data splitting (train
set60%, test set 20%,
validation set 20%)

Handling class imbalance
using SMOTE

were analyzed and integrated. We developed a thorough questionnaire
by methodically examining overlapping and redundant items through
a thorough evaluation of studies on lifestyle factors and obesity
prediction, drawing on the validated study findings by Dutta et al. [22],
Gormez et al. [23], and Helforoush and Sayyad [24].

The study incorporates key lifestyle characteristics that are
known to affect the risk of obesity, such as eating patterns, physical
work issues, health and disease information, and pertinent demographic
information. Medical experts were consulted during the assessment
and improvement of the questionnaire to guarantee that it was clear
and appropriate for the Bangladeshi population. The Google Form
was disseminated throughout Bangladesh through clinics, community
health centers, and medical facilities. All participants gave their
informed consent in accordance with stringent ethical requirements,
and the questionnaire was completed remotely or during clinical
appointments. One thousand six hundred thirty-eight people in all
took part, offering thorough information on all the features that were
mentioned. Many aspects of lifestyle, physical traits, and behavioral
patterns that may affect the risk of obesity are included in the extensive
feature set gathered by our questionnaire. The collected dataset section
is displayed in Tables 1 and 2. To guarantee dataset quality and clinical
accuracy, a methodical annotation and validation procedure was put
in place after the data gathering phase. In order to validate obesity
diagnoses, the annotation process involves working with trained
healthcare specialists, such as general practitioners and nutritionists,
who examined each participant’s data. In order to guarantee uniformity
and dependability, disagreements among reviewers were settled by a
consensus procedure that included group deliberation and majority
voting. The expert’s comments are taken into account to avoid bias,
sample representativeness, and demographic balance in the final
dataset. Table 3 provides an illustration of the dataset annotation
procedure by experts. Table 3 also shows how weight groups are
given based on BMI thresholds, and expert assessment provides an
illustration of this classification procedure. The obesity risk dataset
gathered for this study includes a thorough sample of 1,638 people
who span a wide range of weight categories, from underweight to
severe obesity.

3.3. Data preprocessing and feature engineering

To change the raw data into a proper format for ML-based prediction
work, the gathered dataset underwent methodical preprocessing. To
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Table 1
Portion of the collected dataset (first part)
Family history  High-calorie food  Vegetable consumption Daily meal
Row  Gender Age Height Weight obesity intake frequency count
1 F 21 1.62 64 Yes No 2 3
2 F 21 1.52 56 Yes No 3 3
3 M 23 1.80 77 Yes No 2 3
4 M 27 1.80 87 No No 3 3
5 M 22 1.78 89.8 No No 2 1
Table 2
Portion of collected dataset (remaining part)
Physical Beverage
Snacks eat Smoking Daily water  Calorie intake activity Screen time consume Mode of
frequency status consumption tracking frequency duration frequency transportation
Sometimes No 2 No Low 1 No Public
Sometimes Yes 3 Yes High 0 Sometimes Motor bike
Sometimes No 2 No Medium 1 Frequently Public
Sometimes No 2 No Medium Sometimes Walking
Sometimes No 2 No Low Sometimes Motor bike
Table 3
Annotation process of the dataset
Target Annotator 1 Annotator 2 Annotator 3 Weight Height Weight category
Normal weight Insufficient weight Normal weight Normal weight 45 1.65 Insufficient weight
Overweight Level I~ Overweight Level I ~ Overweight Level I Normal weight 65 1.70 Normal weight
Insufficient weight Insufficient weight Insufficient weight Normal weight 72 1.75 Normal weight
Obesity Type [ Overweight Level I~ Obesity Type | Obesity type | 91 1.68 Obesity Type [
Obesity Type [ Overweight Level Il Obesity Type | Obesity type | 96 1.60 Obesity Type 11

guarantee the best possible model performance, this preprocessing stage
concentrated on feature scaling, categorical variable encoding, and data
quality verification. Following the analysis, we eliminated the data that
had null values. Using label encoding techniques, categorical features
were methodically converted into numerical representations. Although
allowing ML algorithms to efficiently process the data, this encoding
approach maintained the significant correlations within categorical
categories. Label encoding was used for lifestyle-related categorical
variables based on patterns of intensity or frequency.

A systematic numerical mapping that maintains the clinical
progression from underweight to severe obesity conditions was used to
encode the target variable representing weight categories. To guarantee
consistent contributions throughout model training, continuous
numerical variables were standardized. In order to prevent variables with
greater scales from controlling the learning process, this scaling strategy
converts all numerical features to have a zero mean and unit variance.

Continuous variables such as age, height, weight, daily
water intake, and screen time duration were all subjected to this
standardization process. The scaling procedure guarantees that
gradient descent optimization methods and distance-based algorithms
can function efficiently without favoring features with varying
distributional properties or greater numerical ranges by nature. With
percentages ranging from 5.9% to 27.6% across categories, the
sample exhibits significant class imbalance characteristics. In order
to guarantee balanced representation throughout training procedures,

this imbalance pattern calls for specific handling strategies during
model construction, especially the application of synthetic minority
oversampling approaches.

The class distribution on the training set before and after SMOTE
application is shown in Table 4. Effective pattern recognition across all
weight categories is made possible by the balanced training set, which
also maintains the natural class distribution in the test and validation
sets for accurate performance assessment.

The Chi-Square Test, ANOVA F-Test, RFE, SHAP, and ensemble
aggregation were among the competitive feature selection techniques

Table 4

Class distribution before and after SMOTE apply
Weight category Before SMOTE After SMOTE
Normal weight 271 271
Overweight Level | 185 271
Obesity Type [ 130 271
Overweight Level II 133 271
Insufficient weight 136 271
Obesity Type 11 70 271
Obesity Type 111 58 271

Note: SMOTE = Synthetic Minority Over-sampling Technique.
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used to select the best features for training. We used the Borda count
aggregation technique to aggregate the outcomes of several feature
selection techniques in order to guarantee stable and trustworthy

Table 5
Feature importance score

Features Chi-square ANOVA RFE SHAP
Weight 1,247 89 028 044
High-calorie food intake 734 65 0.07  0.27
Physical activity frequency 658 58 0.08 0.29
Height 892 71 0.14 031
Vegetable consumption 356 44 0.04 0.21
frequency

Snacks eating frequency 467 48 0.08 0.24
Age 589 52 0.03 0.10
Beverage consumption 298 39 0.09 0.14
frequency

Family history of obesity 289 41 0.04 0.12
Screen time duration 225 36 0.03  0.06
Mode transportation 198 28 0.05 0.03
Daily water consumption 41 16 0.03 0.02
Daily meal count 164 32 0.06 0.21
Gender 87 19 0.05 0.03
Calorie intake tracking 76 22 0.08 0.02
Smoking status 52 25 0.02  0.01

Note: ANOVA = Analysis of Variance, RFE = Recursive Feature Elimination,
SHAP = SHapley Additive exPlanations.

Table 6
Feature importance ranking
Chi-
square ANOVA RFE SHAP Ensemble
Features rank rank rank rank rank
Weight 1 1 1 1 1
Height 2 3 2 2 2
High calorie food 3 2 5 4 3
intake
Physical activity 4 4 3 3 4
frequency
Snacks eating 9 6 4 5 5
frequency
Age 5 5 7 10 6
Beverage consumption 8 8 12 8 7
frequency
Vegetable consumption 7 7 9 6 8
frequency
Family history obesity 6 11 8 7 9
Screen time duration 11 9 11 9 10
Mode transportation 10 12 10 12 11
Daily meal count 12 10 6 11 12
Gender 13 15 13 13 13
Calorie intake tracking 16 13 15 14 14

Note: ANOVA = Analysis of Variance, RFE = Recursive Feature Elimination,
SHAP = SHapley Additive exPlanations.

feature selection. Borda count gathers the ranks from every technique
and generates a final rating based on their combined agreement rather
than depending on just one. Every approach (e.g., Chi-Square, ANOVA,
RFE, and SHAP) ranks each characteristic separately. The final Borda
score is calculated by adding the ranks for each feature. Higher priority
is given to features with lower overall scores.

For the selected ML model, the features with the highest rankings
are chosen. Only the chosen features are then used to validate the
model’s performance. Tables 5 and 6, respectively, provide thorough
documentation of the resulting feature subset as well as specific
relevance scores and ranks. We carried out a systematic examination
across various feature subset sizes to ascertain the ideal amount of
features to keep. We assessed model performance at different feature
subset sizes using RF as the basic classifier because features cannot
be removed at random. We determined the saturation point at which
additional feature removal either no longer significantly improves or
starts to damage model performance by tracking the accuracy, F1-
score, precision, recall, and Receiver Operating Characteristic-Area
Under Curve (ROC-AUC) throughout these iterations. The top nine
features are selected. A balanced distribution approach is used in the
dataset splitting strategy: A total of 983 samples, or 60% of the data,
were used for model training, which included both algorithm fitting
and initial parameter learning. Twenty percent (328 samples) was
put aside as a validation set to track model performance throughout
training and inform choices about hyperparameter adjustment. The
test set containing the remaining 20% (327 samples) was kept for
the last, objective assessment of the model’s generalization ability.
In our methodology, the validation set has two functions: it facilitates
hyperparameter adjustment through cross-validation techniques and
tracks training progress to avoid overfitting.

3.4. Model selection, hyperparameter tuning, and
SHAP-based model explain ability

This paper used the Grid Search CV hyperparameter tuning
strategy to maximize the performance of the proposed ML models
regarding obesity risk category prediction, along with & cross-
validation (k = 5). Based on the highest weighted F1-score, the optimal
hyperparameters were chosen. Table 7 shows the whole hyperparameter

Table 7
Hyperparameter grid for ML model

Model
XGBoost

Values
100, 5, .05

Parameters

N_estimators, max depth,
learning rate
Random forest 100, 20, 10, 4,

true

N_estimators, max depth, min
samples split, min samples
leaf, bootstrap

Decision tree Max depth, min samples split,

min samples leaf, criterion

20, 10, 4, gini

Logistic C, penalty, solver, max iter 1, 12, Ibfgs, 200

regression

Catboost Iterations, depth, learning rate 200, 8, .05

SVM C, kernel, gamma 1, linear, auto

KNN N_neighbors, weight, metric 9, uniform,
minkowski

Adaboost N _ estimator, learning rate, 100, .05, DT

estimator classifier

(max depth = 3)

Note: KNN = K-Nearest Neighbor, ML = machine learning, SVM = Support
Vector Machine.
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grid for each of the ML models that were studied (XGBoost, RF, DT,
CatBoost, AdaBoost, LR, KNN, and SVM). We used sophisticated
ensemble approaches to take advantage of the combined power of several
algorithms, going beyond the optimization of individual ML models.

In order to investigate different elements of model performance
and robustness in obesity risk prediction, two separate ensemble
approaches were used: the Bagging Classifier (XGBoost, RF, and
AdaBoost) and the Soft Voting Classifier (XGBoost, CatBoost, and
SVM). This study looked into eight individual ML models and two
ensemble models to determine which one was better for the obesity
risk prediction task. A thorough comparison of several ML algorithms
was carried out after the most informative features were chosen by
incorporating the proposed ensemble feature selection technique
(Table 8). This study assesses the performance of the ML models using
a number of significant criteria, including accuracy value and F1-score
value. The ratio of all correct predictions to all instances is used to
calculate accuracy for multiple classes.

The ratio of true positives to the total number of positives (true
and false positives) is used to determine the precision for a specific class.
The true positive rate, which provides the ratio of real positives to both

Table 8
Performance comparison among ML model

F1- ROC-
Model Accuracy Precision Recall score AUC
XGBoost 0.954 0.944 0.963 0.953 0.981
Random forest 0.942 0.923 0.962 0.947 0971
CatBoost 0.942 0.965 0.927 0945 0974
SVM 0.931 0.918 0.953 0.933 0971
AdaBoost 0.926 0.908 0.941 0.924 0.967
Logistic 0918 0.891 0.932 0913 0.956
regression
Decision tree 0.845 0.813 0.872 0.841 0.897
KNN 0.812 0.788 0.847 0.815 0.873
Ensemble 1 0.941 0.933 0.943 0938 0971
(XGBoost,
CatBoost, SVM)
Ensemble 2 0.943 0.939 0.931 0.934 0973
(XGBoost,
random forest,
AdaBoost)

Note: KNN = K-Nearest Neighbor, ML = machine learning, ROC-AUC =
Receiver Operating Characteristic - Area Under Curve, SVM = Support Vector
Machine.

true positives and false negatives, is what defines recall. The harmonic
mean of recall and precision is the F1-score. The total multi-class ROC-
AUC is often calculated by averaging these per-class AUC scores,
commonly via macro or weighted averaging. For multi-class issues, this
work initially determined the precision and recall values for each class.
The final macro-averaged precision and recall scores are then obtained
by averaging the accuracy and recall across all classes. The XGBoost
model emerged as a suitable ML model for the obesity risk prediction
task (Table 8) with the highest Fl-score value (95.3%) and highest
accuracy value (95.4%). Out of the seven weight categories in the
dataset, XGBoost offered the most accurate and balanced classification
performance. For both common and minority classes, the model
continuously produced good precision and recall values, demonstrating
its capacity to differentiate between various obesity risk levels while
preserving clinical dependability. The model’s accurate categorization
across all weight categories is demonstrated by the confusion matrix in
Figure 3 illustrates that the proposed XGBoost model is most suitable
for the obesity risk prediction task. Figure 4 illustrates the SHAP-based
explanation of how important each feature regarding obesity prediction
process. A discrete hierarchy of feature relevance is revealed by the
investigation, with lifestyle and demographic factors playing different
roles. With a mean SHAP value of almost 0.20, weight is the most
significant predictor, which is consistent with its primary function in
calculating BMI and classifying obesity in general. With a mean SHAP
value of 0.17, height comes in second place, emphasizing how crucial
anthropometric measurements are in determining weight category. With
a mean SHAP value of 0.13, High Caloric Food Intake had the highest
predictive power among lifestyle factors, highlighting the clear link
between dietary practices and the risk of obesity. With a value of 0.11,
Physical Activity Frequency comes in at number four, highlighting the
protective effect of consistent exercise against weight-related health
problems.

3.5. Mobile app development

The architecture of the mobile application adheres to an organized
user journey that places a high value on usability while upholding
scientific rigor in data collecting. Figure 5 shows the flowchart for our
suggested mobile application.

Through several stages of data collecting, the process flow
illustrates the application’s systematic approach to obesity risk
prediction. Following authentication, users proceed through the
evaluation of their food habits, physical activity, and basic information
entry (demographics and physical measures). After finishing, the system
uses contributing factor analysis to generate weight category forecasts,
and users can store their results in the Firebase database for further
usage and progress monitoring. React Native and Firebase technologies
are used in the development of the application. As shown in Figure 6(a),
the program starts with a thorough welcome screen that acts as the

Figure 3
Confusion matrix for the proposed XGBoost model

Insufficient 1 1 0 0 0 0

Normal ¢ 88 1 1 0 0 0

Actual Overweightlevel 1|0 1 2 0 0 0

Level Overweightlevelll| O 0 1 1 0 0
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Obesity Type 1l |0 0 0 0 1 0

Obesity Typeln |0 0 0 0 0 1

Insufficient  Normal Overweight Overwelght Obesity Obesity Obesity
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Figure 4
Global interpretation using SHAP
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Figure 5
Mobile app flowchart model

Openapp
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Figure 6
Mobile app welcome screen and sign in screen

(b)

Obesityrisk prediction app

Getstarted by answering Password:

some question

Signin (login account)
Signin (login account)

Create account new

main gateway to the health prediction system. The application’s user-
centric design approach is evident in the welcome screen layout,
which has simple navigation elements and clear typography. With
options for both new user registration and existing user sign-in, the
authentication system offers safe user account management (see
Figure 6(b)). Figure 7 displays the Basic Information and Family
History Data Collection Screens. As seen in Figure 8, the last phases
of data collection focus on specific lifestyle aspects such as nutritional
consumption habits, frequency of physical activity, screen time, and
preferred modes of transportation. The smooth transition between ML
methodology and mobile application functionality is exemplified by the
prediction processing phase. User input is converted into standardized
features via the system’s implementation of real-time data processing
capabilities (Figure 9). Figure 10 shows how the application’s user-
friendly interface ranks lifestyle factors according to their impact on
the prediction outcome, providing a full study of contributing factors.
An advanced application of explainable Al concepts in mobile health
applications is the factor analysis interface. Complex longitudinal

Figure 7
Basic information and family history info of the proposed app
(a) (b)
'F9.41 9.41 .
Predictobesity Give family history habits

Give Basic information

Gender: Male Family history overweight: no

Height(cm): 175
Daily water intake: & glass

Figure 8
Diet and physical activity information screen of the mobile app
(a) (b)
9.41 9.41
Diet and activity Physical activity

Exercise regularly: no

Daily screen time (hour): 6

How do you travel: bike
Regulargym time: ni

Continue

Figure 9
Data analysis and result display page of the mobile app

9.41
Final type prediction
Type: Overweightlevell

==t
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Figure 10 Interestingly, our proposed XGBoost-based obesity risk
Main contributing factors and result saving interface of the mobile  prediction framework performs better than most previous research, with
app an accuracy of 95.4%, Fl-score of 95.3%, and ROC-AUC of 0.981,

9.41
Main contributingfactors

High calorie food intake
Low physical activity
High screen time

Family history

View history

Figure 11
Progress tracking and assessment history interface of the mobile
app

9.41
Assessmenthistory

Overweightlevell (15 march, 2023
Normal weight (10 august, 2022)
Normal weight (5 April, 2022)

Normal weight (12 April, 2021)

Table 9

Comparison results (proposed method vs. existing method)
Reference F1- Used ROC-
name Accuracy Precision Recall score method AUC
Limetal.  79.6% 78.1%  80.7% 78.8% Logistic .864
[15] regression
Lin et al. 89.2% 87.8% 85.1% 86.4% CatBoost 0.894
[16]
Gutiérrez-  90.7% 88.3% 86.4% 85.8% Random .903
Gallego forest
etal. [17]
Thamrin 81.3% 83.7% 84.9% 84.2% Decision  0.823
etal [18] tree
Our 95.4% 94.4%  96.3% 95.3% XGBoost 0.981
Proposed
Model

Note: ROC-AUC = Receiver Operating Characteristic - Area Under Curve.

health data is effectively converted into easily comprehensible visual
representations by the progress tracking interface, which encourages
users to stay engaged (Figure 11).

4. Evaluation Results

Table 9 shows how well our proposed model performs in contrast
to important literature works by investigating metrics, such as accuracy
value along with F1-score gain. The performance of the proposed ML-
based obesity prediction system was compared with different existing
and important literary works (e.g., Lim et al. [15], Lin et al. [16],
Gutiérrez-Gallego et al. [17], and Thamrin et al. [18]). All compared
models are evaluated under the same dataset used by the proposed
model.

whereas the majority of existing studies show accuracy between 79.6%
and 90.7%, Fl-scores between 78.8% and 86.4%, and ROC-AUC
between 0.823 and 0.894. In both binary and multiclass scenarios, our
suggested system performs noticeably better than previous research.
The existing works did not use suitable data preprocessing, feature
selection, hyperparameter tuning, and cross-validation like the proposed
method. Its powerful and generalizable method for real-world obesity
risk prediction that includes the capacity to manage imbalanced classes,
include diverse behavioral and lifestyle characteristics, and provide
interpretable insights via SHAP values.

5. Conclusion

This paper delivers a ML based obesity risk prediction system by
taking seven weight categories into account. Prior to using an ensemble
feature selection strategy that combined Chi-Square, ANOVA F-test,
RFE, SHAP, and Borda Count aggregation, the proposed work used
label encoding and standardization for preprocessing. SMOTE was
used to correct class imbalance on the training set, and GridSearchCV
was used to carry out systematic hyperparameter optimization.
The best prediction model is chosen for the obesity prediction by
investigating 10 ML classifiers perfromance. The proposed XGBoost
method outperforms other ML methods by achieving the highest
accuracy (95.4%) and F1-score value (95.3%) for the prediction task.
The results show that at least 5.18% gain in accuracy and 10.30% gain
in Fl-score is achieved in the proposed XGBoost-based obesity risk
prediction scheme over previous works. Additionally, a SHAP-based
feature importance analysis for predicting the risk of obesity was
reported in this work. This research also presents the React Native-
based obesity risk prediction mobile application, which includes
features like lifestyle data input, real-time obesity risk prediction,
SHAP-based factor analysis, assessment history monitoring, and user
registration. In the future, sophisticated feature engineering utilizing
new lifestyle factors and real-time data gathering based on Internet of
Things and Deep Learning will also be included for the prediction of
obesity risk.

Future research will also look at block chain-based obesity risk
data security management systems, FL and Al-based obesity reason
determination, Large Language Model-based obesity related problem
suggestion generation, among others. The limitations of synthetic
oversampling and validate robustness through external or cross-
population testing will also be investigated in future. Future research
scope would also focus on larger dataset scale, larger geographic scope,
reliance on SMOTE, and more precise external validation, among
others.

Recommendations

Our research discussed that XGBoost model is suitable for multi-
class obesity risk prediction.
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