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Abstract. This study investigates the performance of machine learning models for
seven-class obesity classification using Synthetic Minority Over-sampling Technique for
Nominal and Continuous features (SMOTE-NC) and model-based feature selection. The
UCI obesity dataset initially contained 2,111 records from Colombia, Peru, and Mexico.
After removing 24 exact duplicates, 2,087 unique records were retained and divided using
a stratified 80:20 training-test split. To prevent data leakage, SMOTE-NC was applied
exclusively to the training folds within the cross-validation pipeline. Feature selection
was performed using Random Forest-based SelectFromModel with a median importan-
ce threshold, reducing 31 encoded features to 16 selected features. Logistic Regression,
Support Vector Machine, and Random Forest were evaluated using repeated stratifi-
ed five-fold cross-validation with ten repetitions. The ablation analysis produced mean
macro Fl-scores of 93.21% for the baseline, 93.27% for SMOTE-NC only, 93.69% for
feature selection only, and 93.89% for the combined SMOTE-NC and feature-selection
pipeline. The combined pipeline significantly outperformed the baseline after Holm cor-
rection (adjusted p < 0.001), whereas SMOTE-NC alone did not produce a significant
improvement (adjusted p = 0.527). After GridSearchCV optimization, Random Forest
achieved 94.98% accuracy and a macro Fl-score of 94.84% on the untouched test set.
These findings demonstrate that the combined pipeline improves multiclass obesity clas-
sification, with feature selection providing the primary performance contribution and
SMOTE-NC serving as a complementary class-balancing technique.
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1. Introduction

Obesity is a complex health condition characterized by excessive body-fat
accumulation that may increase the risk of cardiovascular disease, diabetes, mu-
sculoskeletal disorders, and other chronic health problems. It differs from overwei-
ght, which refers to body weight above the recommended range without necessarily
meeting the clinical threshold for obesity. Body Mass Index (BMI), calculated as
body weight in kilograms divided by the square of height in meters, is widely used
to screen and classify weight status [1, 2]. The World Health Organization defines
obesity as having a Body Mass Index (BMI) of at least 30 kg/m? and overweight
as having a BMI of 25 kg/m? or above. The World Health Organization classifies
adults with a BMI of 25 kg/m? or higher as overweight and those with a BMI of
30 kg/m? or higher as obese [1, 3]. Although BMI provides a practical screening
measure, it does not fully represent the behavioral, environmental, and hereditary
factors associated with obesity [4].

Obesity is influenced by interacting factors such as dietary habits, physical
activity, water consumption, technology use, transportation patterns, smoking
behavior, alcohol consumption, and family history of overweight. The nonlinear
relationships among these variables make machine learning suitable for identifying
complex patterns associated with different obesity levels [5, 6]. Machine learning
models can process demographic, behavioral, and physical-condition attributes
simultaneously, enabling multiclass classification beyond a simple obese and non-
obese distinction.

Previous studies have demonstrated the potential of machine learning for obe-
sity classification. One study reported that Random Forest achieved an accuracy
of 92.29% and outperformed K-Nearest Neighbors, Naive Bayes, Decision Tree,
and Support Vector Machine in predicting obesity levels [7]. Another study using
anthropometric parameters obtained through bioelectrical impedance analysis re-
ported that Random Forest achieved an accuracy of 84.2%, with BMI, Fat Mass
Index, and Fat-Free Mass Index identified as influential predictors [8]. These
findings indicate that ensemble-based methods can effectively capture nonlinear
patterns in obesity-related data.

Nevertheless, several methodological gaps remain in the studies reviewed.
First, model comparisons have primarily emphasized aggregate accuracy, provi-
ding limited evidence regarding performance across individual obesity classes and
the statistical reliability of differences among algorithms. Second, the separate
and combined contributions of class-balancing and feature-selection techniques
have not been sufficiently isolated through controlled ablation experiments. Con-
sequently, it remains unclear whether reported improvements originate from the
classifier, the resampling procedure, feature reduction, or their combination. Thi-
rd, insufficient reporting of when resampling and feature selection are performed
may reduce reproducibility and create a risk of data leakage if information from
the test set influences model development.

This study addresses these gaps through a leakage-controlled and reproducible
evaluation framework for seven-class obesity classification. The methodological
contribution consists of four elements. First, the original data are divided into
training and testing subsets before resampling, and SMOTE-NC is applied exclu-
sively within the training folds to accommodate the combination of numerical
and categorical predictors. Second, Random Forest-based model selection is used
to implement an explicit and verifiable feature-selection procedure. Third, four
configurations, consisting of a baseline, SMOTE-NC only, feature selection only,
and their combination, are evaluated to quantify the contribution of each tech-
nique. Fourth, repeated stratified cross-validation, paired statistical testing with
multiple-comparison correction, complete class-level evaluation, and an untouched
test set are used to provide a more reliable assessment of model performance.

Accordingly, this study aims to compare Logistic Regression, Support Vector
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Machine, and Random Forest for multiclass obesity classification; evaluate the
individual and combined effects of SMOTE-NC and model-based feature selection;
identify the most influential obesity-related predictors; and determine whether
the observed performance differences are statistically significant. This structured
evaluation is expected to provide a more transparent and reproducible basis for
selecting machine learning methods for obesity classification.

2. Material and Methods

2.1. Dataset and Data Integrity

The Estimation of Obesity Levels Based on Eating Habits and Physical Con-
dition dataset was retrieved directly from the UCI Machine Learning Repository
using dataset identifier 544 [6]. The dataset contains 2,111 records, 16 predi-
ctor variables, and one target variable named NObeyesdad. The target represents
seven obesity classes: Insufficient Weight, Normal Weight, Overweight Level I,
Overweight Level II, Obesity Type I, Obesity Type II, and Obesity Type III.
The predictors consist of eight numerical variables, namely Age, Height, Wei-
ght, FCVC, NCP, CH20, FAF, and TUE, and eight categorical variables, namely
Gender, family history with_ overweight, FAVC, CAEC, SMOKE, SCC, CA-
LC, and MTRANS. The original dataset contained no missing values. Before
model development, 24 exact duplicate records were identified and removed, re-
sulting in 2,087 unique observations. No observations were removed based on the
values of Height or Weight.

The unique observations were divided using a stratified 80:20 training-test
split with random_state = 42. This process produced 1,669 training observations
and 418 testing observations while maintaining similar class proportions in both
subsets. The test subset was isolated at this stage and was not involved in re-
sampling, preprocessing fitting, feature selection, hyperparameter optimization,
or model selection [9].

2.2. Leakage-Controlled Fxperimental Design

All data-dependent operations were implemented within an imbalanced-learn
pipeline to prevent information from the validation or test observations from in-
fluencing model training [9]. During cross-validation, each training fold indepen-
dently fitted the resampling, preprocessing, and feature-selection procedures. The
corresponding validation fold was transformed using parameters learned exclusi-
vely from its paired training fold [10]. The experimental sequence was therefore
defined as follows: duplicate removal, stratified training-test split, cross-validation
of the training subset, SMOTE-NC resampling of each training fold, numerical
standardization and categorical encoding, model-based feature selection, classifier
training, validation-fold prediction, hyperparameter optimization, refitting on the
complete training subset, and final evaluation on the untouched test subset.

Four configurations were evaluated to isolate the contributions of resampling
and feature selection:

1. Baseline: preprocessing and classification without SMOTE-NC or feature
selection.

2. SMOTE-NC only: preprocessing and classification with SMOTE-NC but
without feature selection.

3. Feature selection only: preprocessing and classification with feature selection
but without SMOTE-NC.

4. Combined configuration: preprocessing and classification with both SMOTE-
NC and feature selection.

This ablation design allowed the performance contribution of each technique
to be evaluated separately and in combination.
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2.8. Preprocessing and SMOTE-NC

SMOTE-NC was selected because the dataset contains both numerical and ca-
tegorical predictors [11]. Unlike conventional SMOTE, SMOTE-NC distinguishes
categorical attributes when identifying neighboring observations and generating
synthetic samples. The categorical feature names were explicitly supplied to the
sampler. The sampling strategy parameter was set to auto, k_neighbors was
set to 5, and random_state was fixed at 42.

SMOTE-NC was applied only to the training portion of each cross-validation
fold. Validation observations and the independent test subset were never resam-
pled. When SMOTE-NC was applied to the complete training partition for dis-
tribution verification, each of the seven classes contained 281 observations. The
training partition increased from 1,669 to 1,967 observations, corresponding to
298 synthetic samples. During cross-validation, however, synthetic samples were
generated independently within each training fold.

After resampling, the eight numerical predictors were standardized using

StandardScaler. The eight categorical predictors were transformed using OneHotEncoder

with handle_unknown set to ignore. The preprocessing stage produced 31 enco-
ded predictors. Both StandardScaler and OneHotEncoder were fitted only using
the relevant training-fold observations.

2.4. Model-Based Feature Selection

The correlation matrix was used only as an exploratory analysis of relation-
ships among numerical variables and was not used to remove predictors. The pri-
mary feature-selection procedure was implemented using SelectFromModel with
a RandomForestClassifier containing 150 trees and random_state = 42 [12].
The selector used impurity-based feature-importance scores and a median thre-
shold. Because the selector was included within the pipeline, feature importance
and the selection threshold were recalculated using only the training observations
of each cross-validation fold.

After the final pipeline was fitted to the complete training subset, the median
importance threshold was 0.016579. Of the 31 encoded predictors, 16 predictors
met or exceeded the threshold and were retained, while 15 predictors were elimi-
nated. Tabel 1 presents the complete feature-selection results.

Tabel 1. Features retained and eliminated by Random Forest-based
SelectFromModel

Selected encoded Importance Eliminated encoded Importance

feature (%) feature (%)
Weight 28.955 MTRANS = Public 1.480
Transportation
Age 9.275 MTRANS = Automobile 1.454
Height 8.311 FAVC = No 1.271
FCVC 8.121 FAVC = Yes 1.092
NCP 5.263 SCC = No 0.523
FAF 4.584 CALC = Frequently 0.447
CH20 4.352 SCC = Yes 0.439
TUE 4.290 CAEC = Always 0.317
Gender = Female 3.452 CAEC = No 0.291
Gender = Male 3.188 MTRANS = Walking 0.261
family_history = No 2.241 SMOKE = Yes 0.198
family_history = Yes 2.186 SMOKE = No 0.177
CALC = Sometimes 2.103 MTRANS = Motorbike 0.0465
CALC = No 2.034 MTRANS = Bike 0.032
CAEC = Sometimes 1.955

CALC = Always 0.004
CAEC = Frequently 1.658 - -

The selected encoded predictors represented 12 of the 16 original variables.
All encoded categories associated with MTRANS, FAVC, SCC, and SMOKE were
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eliminated. Weight had the highest selection importance, followed by Age, Height,
and FCVC.

2.5. Classification Models and Hyperparameter Optimization

Three multiclass classifiers were evaluated: Logistic Regression, Support Ve-
ctor Machine, and Random Forest. Logistic Regression was configured with a
maximum of 3,000 iterations. The Support Vector Machine used the radial basis
function kernel with C = 1.0. RandomForestClassifier was used as the underlying
estimator for the feature-selection procedure because tree-based models provide
impurity-based feature-importance measures that can be used for model-based
feature selection [13].

The initial model and ablation comparisons were conducted using stratified
five-fold cross-validation with shuffling and random_state = 42. Accuracy, macro
precision, macro recall, and macro F1-score were recorded. Macro F1-score was
treated as the primary metric because it assigns equal importance to each of the
seven classes.

After the combined Random Forest configuration produced the highest cross-
validation performance, its classifier hyperparameters were optimized using Gri-
dSearchCV [14]. The resampling, preprocessing, and feature-selection procedures
remained inside the pipeline during every GridSearchCV fold. GridSearchCV
evaluated 72 parameter combinations using five-fold stratified cross-validation,
resulting in 360 model fits. The estimator was refitted according to the highest
macro F1l-score.

Tabel 2. Random Forest hyperparameter search space and selected values

Hyperparameter Values evaluated Selected value
n_estimators 200, 300, 500 300

max_depth None, 10, 20 None
min_samples_split 2,5 2
min_samples_leaf 1,2 1

max_features sqrt, log2 sqrt

The selected configuration contained 300 trees, unrestricted maximum depth,
sqrt feature sampling, a minimum of two observations to split an internal no-
de, and a minimum of one observation per leaf. This configuration produced a
cross-validation macro Fl-score of 93.91%, accuracy of 94.13%, macro precision of
94.13%, and macro recall of 93.89%. GridSearchCV used only the training subset.
The selected pipeline was subsequently refitted using the complete training subset
and evaluated once on the untouched test subset.

2.6. Fvaluation Metrics and Statistical Analysis

Model performance was evaluated using accuracy, macro precision, macro
recall, macro Fl-score, and weighted Fl-score [15]. Macro Fl-score was selected
as the primary evaluation metric because it calculates the F1-score independently
for each of the seven target classes and assigns equal weight to every class [15].
The weighted Fl-score was additionally reported for the final test evaluation to
account for differences in class support.

The stability of the experimental configurations was evaluated using repeated
stratified five-fold cross-validation with ten repetitions, producing 50 paired vali-
dation scores for each configuration. The same cross-validation splits were used
across all configurations and classifiers to ensure paired comparisons.

Statistical differences among the four ablation configurations were first exa-
mined using the Friedman test. The Friedman test was used to assess whether
statistically significant differences existed among the multiple experimental con-
figurations based on the paired cross-validation results [16]. When the overall
test indicated a significant difference, pairwise comparisons were performed using
the Wilcoxon signed-rank test on the corresponding 50 paired macro F1-scores.
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The Wilcoxon signed-rank test was subsequently used for pairwise comparisons
between configurations, following the recommended non-parametric approach for
comparing classifier performance across repeated experimental results [16]. The
same procedure was applied to compare Random Forest, Support Vector Machine,
and Logistic Regression under the combined configuration. Holm correction was
applied to control the family-wise error rate across multiple pairwise comparisons
[17]. Statistical significance was determined at an adjusted significance level of
0.05. Rank-biserial correlation was reported as the effect-size measure for the

Wilcoxon comparisons.

3. Results

3.1. Ablation Analysis of SMOTE-NC and Feature Selection

The contribution of SMOTE-NC and model-based feature selection was exa-
mined through four Random Forest configurations. Tabel 3 presents the macro
F1l-scores obtained from repeated stratified five-fold cross-validation with ten re-

petitions.

Tabel 3. Repeated cross-validation results of the Random Forest ablation study

Configuration Mean macro F1 SD Min Max
(%) (%) (%) (%)
Baseline 93.210 1.336  90.212 95.657
SMOTE-NC only 93.268 1.118 91.065 96.011
Feature selection only 93.690 1.458 90.344 96.905
SMOTE-NC and feature selection 93.886 1.466 90.953 97.228

The combined configuration obtained the highest mean macro F1l-score of
93.886%, compared with 93.210% for the baseline, representing an absolute imp-
rovement of 0.676 percentage points. Feature selection alone improved the mean
macro Fl-score by 0.479 percentage points, whereas SMOTE-NC alone produced

a smaller improvement of 0.058 percentage points.

The Friedman test identified an overall difference among the four configura-
tions (y? = 17.140, p = 0.000661). Therefore, pairwise Wilcoxon signed-rank
tests with Holm correction were conducted, as presented in Tabel 4.

Tabel 4. Pairwise Wilcoxon signed-rank comparisons among the ablation configurations

Config. A Config. B Mean diff. A-B (%) W Holm-adj. p Rank-biserial Sig.
SMOTE-NC only Baseline 0.058 571 0.527279 0.104 No
Feature selection only  Baseline 0.479 338 0.013259 0.470 Yes
Combined Baseline 0.676 242 0.000358 0.620 Yes
Combined SMOTE-NC only 0.618 230 0.000241 0.639 Yes
Combined Feature selection only 0.196 422 0.116196 0.311 No
Feature selection only SMOTE-NC only 0.421 365 0.023533 0.427 Yes

The combined configuration significantly outperformed the baseline and the
SMOTE-NC-only configuration. Feature selection alone also significantly outper-
formed both the baseline and SMOTE-NC alone. However, SMOTE-NC alone did
not significantly outperform the baseline, and adding SMOTE-NC to feature sele-
ction did not produce a statistically significant improvement over feature selection
alone. These findings indicate that feature selection was the primary statistically
supported contributor to the observed improvement, while SMOTE-NC provided
a small complementary improvement when used in the combined pipeline.

3.2. Comparison of Classification Models

Random Forest, Support Vector Machine, and Logistic Regression were sub-
sequently compared using the combined SMOTE-NC and feature-selection confi-

guration. The results are shown in Tabel 5.
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Tabel 5. Repeated cross-validation performance of the classification models

Model Mean macro F1 (%) SD (%) Min (%) Max (%)
Random Forest 93.886 1.466 90.953 97.228
Support Vector Machine 91.120 1.473 87.526 95.669
Logistic Regression 87.038 1.964 83.439 91.845

Random Forest achieved the highest mean macro Fl-score, exceeding Sup-
port Vector Machine by 2.766 percentage points and Logistic Regression by 6.848
percentage points. Pairwise Wilcoxon tests with Holm correction indicated that
all model differences were statistically significant.

Tabel 6. Pairwise statistical comparisons among the classification models

Model A Model B Mean diff. A-B (%) W Holm-adj. p Rank-biserial
Random Forest Support Vector Machine 2.766 5 < 0.001 0.992
Random Forest Logistic Regression 6.848 0 < 0.001 1.000
Support Vector Machine Logistic Regression 4.082 1 < 0.001 0.998

These results support the selection of Random Forest for hyperparameter
optimization and final evaluation.

3.3. Random Forest Hyperparameter Optimization

GridSearchCV evaluated 72 Random Forest hyperparameter combinations
through 360 cross-validation fits. The selected classifier used 300 trees, unres-
tricted maximum depth, sqrt feature sampling, a minimum of two observations
required to split an internal node, and one observation per leaf. The selected
configuration produced a cross-validation macro Fl-score of 93.91%, accuracy of
94.13%, macro precision of 94.13%, and macro recall of 93.89%. The optimized
pipeline was subsequently refitted on the complete training subset before being
evaluated on the untouched test subset.

3.4. Performance on the Untouched Test Subset

The optimized Random Forest pipeline correctly classified 397 of the 418 test
observations. It achieved an accuracy of 94.98%, macro precision of 94.97%, macro
recall of 94.79%, macro Fl-score of 94.84%, and weighted F1-score of 95.05%. The
complete class-wise results are presented in Tabel 7.

Tabel 7. Classification report of the optimized Random Forest model on the
untouched test subset

Class Precision (%) Recall (%) Fl-score (%) Support
Insufficient Weight 100.00 96.23 98.08 53
Normal Weight 82.54 91.23 86.67 57
Obesity Type I 98.55 97.14 97.84 70
Obesity Type II 100.00 100.00 100.00 60
Obesity Type III 100.00 98.46 99.22 65
Overweight Level 1 89.09 89.09 89.09 55
Overweight Level 11 94.64 91.38 92.98 58
Macro average 94.97 94.79 94.84 418
Weighted average 95.20 94.98 95.05 418

3.5. Selected Features and Feature Importance

After fitting the optimized pipeline to the complete training subset, 16 of the
31 encoded predictors were retained. These predictors represented 12 original
variables, while all encoded categories associated with MTRANS, FAVC, SCC,
and SMOKE were eliminated.

Based on the aggregated importance scores of the final Random Forest clas-
sifier, Weight had the largest contribution at 35.03%, followed by Age at 9.81%,
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Height at 9.71%, Gender at 7.90%, and FCVC at 7.78%. The dominance of
Weight and Height should be interpreted carefully because the target labels rep-
resent weight-status categories that are closely related to body-mass characteris-
tics. Consequently, the importance results describe the predictive behavior of the
model and should not be interpreted as evidence of causal relationships.

4. Discussion

The experimental results demonstrate that the leakage-controlled Random
Forest pipeline provided consistently higher classification performance than Sup-
port Vector Machine and Logistic Regression. Its superiority was observed across
50 paired cross-validation folds and was supported by Wilcoxon signed-rank tests
after Holm correction. The optimized model also maintained strong performance
on the untouched test subset, obtaining a macro Fl-score of 94.84%.

The ablation analysis provides a more specific interpretation of the contribu-
tions of SMOTE-NC and feature selection. Although the combined configuration
achieved the highest mean macro Fl-score, the results do not support the con-
clusion that SMOTE-NC alone produced a significant performance improvement.
SMOTE-NC increased macro Fl-score by only 0.058 percentage points relative
to the baseline, and this difference was not statistically significant. In contrast,
feature selection produced a significant improvement of 0.479 percentage poin-
ts. Therefore, the main empirically supported improvement was associated with
feature selection, while SMOTE-NC served as a complementary mechanism for
balancing the training folds.

The relatively small independent contribution of SMOTE-NC may be explai-
ned by the moderate initial class imbalance. Before resampling, the training-class
counts ranged from 214 to 281 observations, meaning that the minority classes
were not extremely underrepresented. Nevertheless, applying SMOTE-NC within
the training folds ensured that all classes received balanced representation without
exposing validation or test observations to synthetic samples.

The class-wise evaluation showed that Obesity Type II was classified perfect-
ly, while most remaining errors occurred among Normal Weight, Overweight Level
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I, and Overweight Level II. These categories represent adjacent weight-status le-
vels and may contain observations with similar physical and behavioral profiles.
This overlap helps explain why Normal Weight obtained the lowest class-specific
precision and F1-score.

Weight was the most influential predictor in the final model, followed by Age,
Height, Gender, and FCVC. However, these importance values reflect predictive
associations rather than causal effects. In addition, because the target categories
are closely associated with body-weight characteristics, the strong importance of
Weight and Height should be considered when interpreting the practical value of
the model.

5. Conclusion

This study evaluated the individual and combined contributions of SMOTE-
NC and Random Forest-based feature selection to seven-class obesity classification
within a leakage-controlled experimental pipeline. Random Forest consistently
outperformed Support Vector Machine and Logistic Regression across repeated
stratified cross-validation, and the combined SMOTE-NC and feature-selection
configuration achieved the highest mean macro Fl-score. Statistical testing sho-
wed that feature selection was the primary, statistically significant contributor to
performance improvement, while SMOTE-NC alone did not produce a significant
gain and instead served as a complementary class-balancing mechanism within the
combined pipeline. After hyperparameter optimization, the final Random Forest
model achieved an accuracy of 94.98% and a macro Fl-score of 94.84% on the
untouched test subset, with Weight, Age, Height, Gender, and FCVC identified
as the most influential predictors. These findings confirm that careful feature
selection, rather than resampling alone, provides the more reliable pathway to
improved multiclass obesity classification. A limitation of this study is that the
dataset originates from a specific regional population (Colombia, Peru, and Me-
xico), which may limit the generalizability of the model to other populations.
Future research may extend this framework to external or more diverse datasets
and explore additional feature-selection or ensemble strategies to further improve
classification of adjacent weight-status categories.
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