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Abstract

Obesity is a critical public-health problem amenable to data-driven risk assessment. We compare eight classical classi-
fiers on the UCI ObesityDataSet (2087 samples, 7 classes) under a leakage-free protocol: stratified 10-fold cross-
validation, randomised-search tuning, pairwise McNemar and Wilcoxon tests with Holm—Bonferroni correction, and
multi-method interpretability (split gain, SHAP, permutation, LIME). XGBoost reached 96.17 % test accuracy (F1 =
0.962, k = 0.955); paired tests show no significant edge over tuned LightGBM, SVM-RBF, Random Forest or Logistic
Regression. All four importance measures rank body weight and height first, and LIME recovers BMI-based thresholds,

supporting gradient boosting for clinical decision support.
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1. Introduction

Obesity and overweight are among the most rapidly
growing health problems of the 21st century. According
to the World Health Organization (WHO), they affect
more than one billion adults worldwide, and their con-
sequences — cardiovascular diseases, type 2 diabetes,
and musculoskeletal disorders — directly reduce both
the quality and the expected length of life [1]. Accurate
and early identification of the level of obesity consti-
tutes the foundation for treatment planning and the de-
velopment of personalised dietary recommendations.

In the era of progressing digitalisation of healthcare,
intelligent Clinical Decision Support Systems (CDSS)
implemented using machine learning (ML) methods are
gaining increasing importance. Classical ML algorithms
are capable of rapidly detecting complex relationships
in structured tabular data, such as medical interview
records that include age, body weight, height, and die-
tary habits [2]. The advantage of tree-based algorithms
over deep learning methods on this type of data is well
documented in the literature [3, 4].

Although machine learning is increasingly used for
obesity-level assessment, existing studies on the Obesi-
tyDataSet rarely combine a leakage-free evaluation
protocol, formal statistical testing of the differences
between models, and a multi-method interpretability
analysis within a single reproducible comparison. The
aim of this study is therefore to provide a methodologi-
cally rigorous and fully reproducible comparison of
classical machine learning algorithms for multi-class
obesity-level classification, and to establish whether the
performance differences commonly reported between
such models are statistically meaningful or merely arte-
facts of a particular data split.

The main contribution of this paper is a methodolog-
ically rigorous empirical comparison of eight classical
machine learning algorithms in the task of multi-class

classification of obesity levels. Specifically, the work

contributes:

e a leakage-free experimental protocol with stratified
10-fold cross-validation (CV) and randomised-
search hyperparameter tuning performed in an inner
cross-validation loop on the training partition only;

e pairwise statistical significance testing using
McNemar’s test on held-out predictions and Wil-
coxon signed-rank tests over CV folds, with Holm—
Bonferroni correction for the 28 pairwise compari-
sons;

e a multi-method interpretability analysis that com-
bines global feature-importance measures (split gain,
SHapley Additive exPlanations (SHAP) values,
permutation importance) with Local Interpretable
Model-agnostic Explanations (LIME) [5] explana-
tions of representative predictions;

e explicit reporting of standard deviations across CV
folds, which makes it possible to dissociate genuine
performance differences from sampling variance.
The research hypothesis under verification states

that ensemble gradient boosting algorithms based on
decision trees (LightGBM, XGBoost) achieve signifi-
cantly higher predictive performance than linear and
probabilistic models on structured medical data, while
maintaining acceptable training and inference times.

2. Literature review

Applications of machine learning in the classification
and diagnosis of metabolic diseases have attracted
growing interest. Chicco and Jurman [6] conducted a
widely cited comparative study of more than a dozen
classifiers on cardiological datasets, identifying Random
Forest and gradient boosting as consistently the most
effective methods. Similar conclusions were drawn by
Fernandez-Delgado et al. [7], who, in a meta-analysis
covering 179 classifiers and 121 datasets, demonstrated
that random forests and boosting methods dominate
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over the remaining algorithms in tabular classification
tasks.

In the context of obesity and overweight classifica-
tion, the ObesityDataSet published by Palechor and de
la Hoz Manotas [2] has become one of the most com-
monly used benchmarks. In the original work, the au-
thors achieved a baseline accuracy of around 80-85%
using distance-based algorithms. Subsequent studies,
such as the work of Ferdowsy et al. [8], analysed this
dataset using decision trees and logistic regression,
obtaining results in the range of 88-93%, but without
considering more recent boosting methods.

Chen and Guestrin [9] demonstrated that the sequen-
tial construction of trees in the XGBoost method yields
exceptional results on tabular datasets, including those
containing categorical variables. Ke et al. [10] further
developed this idea in the LightGBM algorithm by
introducing a leaf-wise tree growth strategy and histo-
gram-based encoding, which substantially accelerates
training while preserving high accuracy. Rokach [11]
and Mienye and Sun [12] provide comprehensive re-
views of ensemble methods, confirming their advantage
over single classifiers through prediction-variance re-
duction.

Of particular relevance is the body of research on the
superiority of tree-based algorithms over deep learning
methods on tabular data. Grinsztajn et al. [3] showed, on
45 datasets, that tree-based models consistently domi-
nate over neural networks when the data contain uncor-
related or irregularly distributed features. These results
were independently confirmed by Shwartz-Ziv and
Armon [4]. Support vector machines have gained wide
application in medical classification [13], although they
require careful hyperparameter tuning and data normali-
sation.

Despite this rich body of work, three gaps persist.
First, most comparative studies on the ObesityDataSet
report only raw accuracy and omit formal significance
testing, leaving it unclear whether the differences be-
tween the leading models are real or attributable to
sampling variability. Second, the evaluation protocols
are frequently vulnerable to data leakage, particularly
when hyperparameter tuning is not isolated from the test
set. Third, interpretability is usually restricted to a single
feature-importance method. The present study addresses
these gaps by combining a leakage-free protocol, pair-
wise statistical testing with multiple-comparison correc-
tion, and a four-method interpretability analysis.

3. Materials and methods
3.1.

The publicly available ObesityDataSet [2] from the UCI
Machine Learning Repository (ID 544) was used. It
comprises 2111 records collected via questionnaires
from inhabitants of Colombia, Peru, and Mexico. Twen-
ty-four exact duplicate rows were removed prior to any
further processing (Section 3.2), leaving 2087 unique
samples. The target variable NObeyesdad takes seven
ordered values reflecting the WHO classification of
body-mass status: Insufficient Weight, Normal Weight,

Dataset

Overweight Level I,  Overweight Level II,  Obesi-
ty Typel, Obesity Type Il, and Obesity Type Ill. The
class distribution is approximately balanced (between
12.8% and 16.8 % per class); the per-class sample co-
unts are reported in Table 1.

Table 1: Class distribution of the ObesityDataSet (2087 unique

samples).

Class Samples (n) Share (%)
Insufficient Weight 267 12.8
Normal Weight 282 13.5
Overweight Level I 276 13.2
Overweight Level I 290 13.9
Obesity Type I 351 16.8
Obesity Type II 297 14.2
Obesity Type 111 324 15.5
Total 2087 100.0

Among the 16 input features, the following groups
were distinguished: 8 numerical (Age, Height, Weight,
FCVC, NCP, CH20, FAF, TUE), 5 binary (Gender,
family _history with_overweight, =~ FAVC, SMOKE,
SCC), 2 ordinal (CAEC, CALC, both encoded on a four-
level ordinal scale from no to Always), and 1 nominal
with five categories (MTRANS). Here, FAVC denotes
frequent consumption of high-caloric food; FCVC,
frequency of vegetable consumption; NCP, number of
main meals; CAEC, consumption of food between
meals; CH20, daily water consumption; SCC, calories
consumption monitoring; FAF, physical activity fre-
quency; TUE, time using technology devices; CALC,
consumption of alcohol; and MTRANS, the means of
transportation used.

3.2. Preprocessing

Two preprocessing pipelines were used, matched to the
inductive bias of the model family. For tree-based mo-
dels (Decision Tree, Random Forest, XGBoost, Li-
ghtGBM), label encoding of the MTRANS variable was
used and scaling was omitted, since tree splits are inva-
riant to monotonic transformations of features. For the
remaining models (Logistic Regression, KNN, SVM,
Naive Bayes), one-hot encoding was applied to
MTRANS (yielding 20 features in total) along with stan-
dardisation of the numerical and ordinal variables using
StandardScaler:

(1

where u and o were determined exclusively on the trai-
ning set, preventing data leakage. The cleaned dataset
was split in a stratified 80/20 ratio (1669 training and
418 test samples).

3.3. Algorithms

Eight classifiers spanning six methodological families
were evaluated. Key formal definitions are summarised
below.

Logistic regression [14] models class probabilities
through the sigmoid of a linear combination of features,
generalised by softmax to the seven-class setting and
trained by cross-entropy minimisation:
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o(z) = 1+e %

The decision surface is linear in the original feature
space.
Gaussian Naive Bayes [15] applies Bayes’ rule

P(X|C)P(C)
PX)

P(C|X) = @)

under conditional independence of features, modelling
each P(X;|C) as a univariate normal. The independence
assumption is clearly violated for our questionnaire data
(Weight and Height are strongly correlated), which
explains the markedly lower accuracy observed in Sec-
tion 4.1.

k-nearest neighbours (KNN) [16] is a lazy learner
whose training stage reduces to memorising the training
set. A new sample is labelled by the (distance-weighted)
majority vote of its k closest neighbours under the Euc-
lidean metric

d(p,q) = @)

Feature standardisation is required because the distance
is dominated by variables of large numerical range.

Support vector machine (SVM) [17] finds the wi-
dest-margin separating hyperplane and lifts the data into
a higher-dimensional space via the Gaussian radial basis
function (RBF) kernel

K(x;, %) = exp(—y Il x; — x; 112), ®)
where y controls the radius of influence of each support
vector. The seven classes are decomposed using the
one-versus-one strategy (21 binary classifiers, majority
vote).

Decision tree [18] recursively partitions the feature
space; at each node the variable and threshold are cho-
sen so as to minimise the Gini impurity

c
G=1- Zpiz, (6)
i=1

L

where p; is the empirical class frequency at the node
and C = 7. The model is highly interpretable but prone
to overfitting at large depths.

Random forest [19] aggregates B decorrelated trees,
each fitted on a bootstrap sample and using a random
subset of features at every split. The ensemble output is
the (soft) majority vote of the individual trees,

B

A 1

F =2 fi @, @
b=1

Bagging combined with feature subsampling substan-
tially reduces the variance component of the generalisa-
tion error relative to a single tree.

XGBoost [9] fits trees sequentially; at iteration t a
new tree f; is added to reduce the residual error of the
current ensemble, with objective

n

LO = Z Lo 9877 + £) + Q)

i=1

®)

where Q(f;) combines ¢/, regularisation on the leaf
weights with a complexity cost on the number of leaves.
Splits are evaluated via second-order Taylor expansion.

LightGBM [10] accelerates gradient boosting
through (i) leaf-wise tree growth (only the leaf with the
largest expected loss reduction is expanded) and (ii)
histogram-based binning of continuous features. The
two modifications cut both the training time and the
memory footprint while preserving accuracy.

3.4. Hyperparameter tuning

To avoid the bias of manual parameter selection and
obtain a fair comparison between models, every algo-
rithm except Naive Bayes was tuned with Randomized-
SearchCV (60 candidate configurations sampled from
the search spaces defined in Table 2). Naive Bayes,
whose only relevant parameter is var_smoothing, was
tuned with an exhaustive GridSearchCV (12 candidates
on a logarithmic grid). To prevent data leakage during
hyperparameter selection, tuning was performed in an
inner stratified 5-fold cross-validation loop run exclu-
sively on the training partition; the held-out test set was
never seen during this stage. The optimisation criterion
was macro-averaged F;, which weights all seven classes
equally. The selected hyperparameters are summarised
in Table 2.

Table 2: Hyperparameter configurations selected by the inner
cross-validation. Continuous parameters were sampled from log-
uniform or uniform distributions and integer parameters from discrete
uniform distributions over typical ranges; the values below are those
of the best-scoring candidate for each model. Parameters not listed
take the Scikit-Learn 1.8 defaults.

Model Selected hyperparameters

Logistic solver: Ibfgs, penalty: L2, C: 63.95,

Regression ~ max_iter: 2000

KNN k = 3, weights: uniform, Minkowski
p = 1 (Manhattan)

Decision criterion: gini, max_depth: 15,

Tree min_samples_split: 2,
min_samples_leaf: 2

Random n_estimators: 229, max_depth: none,

Forest min_samples_split: 3,
min_samples leaf: 1, max features: all

XGBoost n_estimators: 244, max_depth: 5, lear-
ning_rate: 0.058, subsample: 0.90, col-
sample bytree: 0.99, reg alpha: 0.039,
reg lambda: 0.054

LightGBM  n_estimators: 119, num_leaves: 79,
max_depth: 30, learning_rate: 0.055,
subsample: 0.62, colsample bytree:
0.80, reg_alpha: 0.002, reg_lambda:
0.039

SVM (RBF) C:54.57,y:0.0159, kernel: RBF

306



Journal of Computer Sciences Institute

40 (2026) 304-312

Model Selected hyperparameters
Naive Bay-  distribution: Gaussian, var_smoothing:
es 6.6-1077

3.5. Evaluation protocol

Evaluation followed a two-stage protocol. In the first
stage, every tuned model was re-fitted within a stratified
10-fold cross-validation on the training partition. This
yields, for each model, ten accuracy and ten macro-F;
scores from which the mean and standard deviation are
reported; the per-fold scores also serve as paired obse-
rvations for the Wilcoxon signed-rank test (Section 3.6).
The same fold splits, generated with a fixed random
seed, were used for every model so that comparisons are
paired rather than independent. In the second stage, each
model was re-fitted on the full training partition and
evaluated on the held-out test set using the metrics defi-
ned below.

e Accuracy — the proportion of correctly classified

samples:

i TP

N )
where TP; is the number of correct predictions for
class i and N is the total number of samples.

e Macro F;-score — the harmonic mean of precision
and recall, averaged uniformly across classes:

€))

Accuracy =

c
1 2 - Prec; - Rec;

ZN 2T (10)
C ¢ . Prec; + Rec;
i=

Flyacro =

e Cohen’s kappa coefficient (k) — a measure of agre-
ement between predictions and labels that accounts
for the probability of agreement by chance.

e Log-loss — the logarithmic loss function measuring
the calibration of the model’s output probabili-
ties [20].

e ROC-AUC (one-vs-rest, macro) — the area under
the receiver operating characteristic (ROC) curve
computed in a one-vs-rest fashion for each class and
averaged uniformly [20], which measures the mo-
del’s discriminative power independently of any
classification threshold.

3.6. Statistical significance testing

To verify whether the observed differences between
models are systematic or compatible with sampling
variability, two complementary paired tests were ap-
plied to every one of the (2) = 28 pairs of models:

e McNemar’s test [21], applied to the held-out test
predictions. For two classifiers A and B, it analyses
the off-diagonal entries of the contingency table
(samples that one classifier predicts correctly while
the other does not).

e Wilcoxon signed-rank test [22], applied to the ten
paired per-fold scores (accuracy and macro-F; sepa-
rately) obtained from the cross-validation stage.

Both tests were carried out at @ = 0.05. To control the

family-wise error rate across the 28 simultaneous com-

parisons, p-values were adjusted by the Holm—
Bonferroni step-down procedure [23]; pairs are reported
as significant only when pyoim < @.

3.7. Interpretability

Four complementary methods were used to quantify the

role of individual features:

o Split-gain  importance the native featu-
re_importances_ attribute of the gradient-boosting
models, expressing the cumulative loss reduction ob-
tained from all splits performed on a given feature.

o SHAP values [24], computed with the TreeExplainer
on a stratified subsample of 200 test instances,
giving a model-agnostic and theoretically grounded
measure of each feature’s global contribution.

e Permutation importance, computed on the test set
with 10 repeats and the macro-F; scoring function,
which is comparable across model families.

o Local LIME explanations [5]: for each of the seven
obesity classes, one representative test instance was
selected (the correctly classified sample with the hi-
ghest predicted probability for its true class), and a
sparse linear surrogate was fitted in a neighbourhood
of that instance to identify the features most respon-
sible for the local prediction.

3.8. Test environment

The experiments were carried out in the Python 3.12
environment using Scikit-Learn 1.8, XGBoost 3.2, Li-
ghtGBM 4.6, SHAP 0.51 and LIME 0.2. The computa-
tions were performed exclusively on the CPU without
GPU acceleration, which corresponds to typical requi-
rements of e-health systems. The platform specification
is presented in Table 3. The random seed was fixed at
42 throughout the pipeline (train/test split, CV fold
generation, randomised search and stochastic model
initialisation).

Table 3: Hardware and software specification of the test platform.

Component Specification

Processor Intel Core i17-12700H (14 cores,
(CPU) max. 4.7 GHz)

RAM 16 GB LPDDRS (4800 MHz)

GPU NVIDIA RTX 3060 (unused)
Operating Windows 11 Pro (64-bit)

system

ML environ- Python 3.12, Scikit-Learn 1.8, XGBo-
ment ost 3.2, LightGBM 4.6, SHAP 0.51,

LIME 0.2

4. Results and discussion
4.1. Analysis of the main results

Figure 1 presents accuracy and macro-F; on the test set.
The gradient boosting methods — XGBoost (accuracy
96.17 %, F; = 0.962) and LightGBM (accuracy 95.69 %,
F; = 0.956) — achieved the highest results in both me-
trics. Logistic regression, after tuning, reached an accu-
racy of 95.93 % (which approaches the boosting models
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but, as shown below, with substantially worse probabili-
ty calibration), SVM-RBF obtained 95.45 %, and Ran-
dom Forest 94.74 %. Decision Tree (92.58 %) and KNN
(87.80%) are clearly weaker; Naive Bayes, with
55.50%, falls dramatically below the rest, consistent
with the strong feature correlations in the dataset (body
weight and height) that violate the conditional-
independence assumption underpinning the model.

100
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Figure 1: Comparison of Accuracy and Macro F1-score values on the
test set for all evaluated models.

The log-loss column of Table 5 reflects probability
calibration. The boosting models (XGBoost: 0.098;
LightGBM: 0.115), SVM-RBF (0.132) and Logistic
Regression (0.171) are well calibrated, whereas the
Decision Tree (1.769) and KNN (2.053) produce poorly
calibrated probabilities despite their decent accuracy —
a significant drawback in medical applications. Naive
Bayes (3.684) is the worst-calibrated model. The ROC-
AUC ranking is consistent: XGBoost = LightGBM =
0.999, SVM-RBF = 0.998, Logistic Regression = 0.997,
Random Forest = 0.996, while Decision Tree (0.970),
KNN (0.963) and Naive Bayes (0.912) trail noticeably.

Figure 2 illustrates the stability of the models within
the stratified 10-fold cross-validation; the per-fold me-
ans and standard deviations are summarised in Table 4.
XGBoost achieved the highest mean CV accuracy
(97.01 % =% 1.54 percentage points (p.p.)); LightGBM
reached 96.47% = 1.64 p.p., and SVM-RBF 96.11%
+ 0.94 p.p. with the lowest variability among the top
performers. Decision Tree (92.27 % =+ 2.34 p.p.) shows
the largest variability among the tree-based models,
confirming its known susceptibility to overfitting in-
dividual folds. The fact that all eight evaluated models
exhibit  per-fold  standard  deviations  below
2.4 p.p. across ten independent folds is the empirical
justification for the claim that the headline test-set num-
bers reflect genuine performance differences rather than
artefacts of a particular random split.

Table 4: Cross-validation performance on the training partition
(stratified 10-fold CV, hyperparameters from Table 2). Mean +
standard deviation across folds.

Model

CV accuracy

CV macro-F;

XGBoost
LightGBM
SVM (RBF)

Logistic Regression

Random Forest
Decision Tree
KNN

Naive Bayes

0.9701 £ 0.0154
0.9647 + 0.0164
0.9611 £ 0.0094
0.9545 + 0.0180
0.9515 + 0.0199
0.9227 + 0.0234
0.8700 + 0.0222
0.5381 +0.0197

0.9688 + 0.0157
0.9631 + 0.0170
0.9591 + 0.0098
0.9524 + 0.0190
0.9497 + 0.0207
0.9203 + 0.0240
0.8604 + 0.0237
0.4522 + 0.0254
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Figure 2: Distribution of accuracy across stratified 10-fold cross-
validation on the training partition. Individual dots show the ten per-
fold scores; the box widths reflect the prediction stability of each
model.

Figure 3 compares accuracy with training time. Li-
ghtGBM completes a full training pass in 0.58 s while
reaching 95.69% accuracy — a favourable property
when frequent retraining is required. XGBoost (0.88 s,
96.17 %) and SVM-RBF (0.35 s, 95.45 %) offer compa-
rable compromises. Decision Tree (0.03 s, 92.58 %) is

fastest but trades accuracy and calibration for that spe-
ed.

@) o 0 0,4

Test accuracy (%)
o o =N ~ @ o W O
o g o O, (=T N = N ]
@ e

XGBoost Random Forest
Logistic Regression Decision Tree
LightGBM KNN

SVM (RBF) Naive Bayes

@

14)]
a

107" 10
Cross-validation time (s, log scale)

Figure 3: Test-set accuracy vs. cross-validation training time. Bo-
osting models combine high accuracy with short training time.

A complete summary of test-set performance is pre-
sented in Table 5.
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Table 5: Classification results on the held-out test set (n = 418).

Model Acc F, K Log-loss ROC-AUC
XGBoost 0962 0962 0955  0.098 0.999
Log. Regression  0.959 0.958 0.952 0.171 0.997
LightGBM 0957 0956 0950 0.115 0.999
SVM (RBF) 0955 0954 0947 0.132 0.998
Random Forest 0947 0946 0938 0.233 0.996
Decision Tree 0.926 0921 0913 1.769 0.970
KNN 0.878 0.871 0.857  2.053 0.963
Naive Bayes 0.555 0.480 0.483 3.684 0912

The Cohen’s k values reported in Table 5 confirm
the same ordering: XGBoost (k = 0.955) and Li-
ghtGBM (kx = 0.950) reach very high agreement with
the true labels, well above the level of agreement by
chance. Under the Landis and Koch convention, k >
0.80 qualifies as “almost perfect”; seven of the eight
evaluated models fall within this range, the sole excep-
tion being Naive Bayes (x = 0.483).

4.2. Statistical significance of pairwise differences

Applying McNemar’s test to the test-set predictions of
all 28 model pairs, then adjusting the resulting p-values
with the Holm—Bonferroni procedure, yields 12 signifi-
cant pairwise differences at a = 0.05. The detailed
pattern is informative. Naive Bayes is significantly
worse than every other model (all pyom < 1072), and
KNN is significantly worse than each of the five top-
performing models (XGBoost, Logistic Regression,
LightGBM, SVM-RBF, Random Forest). Within the
leading cluster — XGBoost, LightGBM, Random Fo-
rest, SVM-RBF, Logistic Regression and (to a smaller
extent) Decision Tree — no pairwise difference
survives  correction: in  particular, XGBoost
vs. LightGBM gives pyom = 1.000, Random Forest
vs. XGBoost gives pyoim = 1.000, and LightGBM
vs. SVM-RBF gives pyoim = 1.000. Two pairs
involving Decision Tree fall just outside significance
after correction (Pyoim = 0.082 vs. XGBoost; Phoim =
0.159 wvs. LightGBM), which reflects the modestly
lower accuracy of a single tree relative to boosted en-
sembles.

Figure 4 visualises the Holm-adjusted p-values
across all 28 pairs and makes the cluster structure of the
comparison immediately visible: a top performing group
(XGBoost, Logistic Regression, LightGBM, SVM-RBF,
Random Forest) with no significant pairwise differen-
ces, an intermediate Decision Tree, and clearly weaker
KNN and Naive Bayes that are significantly worse than
the top group.

The Wilcoxon signed-rank test on the ten paired per-
fold scores yields no pair that is significant after Holm
correction. This is a power issue rather than an absence

of effect: with only ten paired observations the smallest
two-sided p from a Wilcoxon test is 2/2° =~ 0.002,
which after Holm-correction for 28 comparisons beco-
mes ~ 0.055, just above a. Pairs that are well separated
in mean CV scores — e.g. KNN vs. XGBoost (median
AF;, = —0.115, raw p = 0.002) — therefore approach
but do not reach corrected significance. We treat the
McNemar results as the primary statistical evidence,
with the Wilcoxon test providing a fold-level consisten-
cy check. The converging picture of low per-fold stan-
dard deviations (Table 4), twelve significant McNemar
pairs, and a five-model top cluster (Figure 4) supports
the interpretation that the observed ranking is not an
artefact of the random train/test split.

4.3. Model interpretability

Following the protocol described in Section 3.7, four
complementary feature-importance methods were ap-
plied to the best-performing model on the test set
(XGBoost) and, for comparison, to LightGBM. Figure 5
presents the split-gain importance of LightGBM, which
expresses the cumulative loss reduction resulting from
splits on each feature. The variables with the highest
predictive contribution are body weight (gain 4015) and
height (3534) — directly related to the body mass index
(BMI) — followed by age (2110), physical-activity
frequency FAF (1102), the frequency of vegetable con-
sumption FCVC (1050) and screen-time TUE (1029).
Variables with a marginal contribution (notably tobacco
smoking SMOKE and calorie monitoring SCC) were
practically disregarded by the model.

Weight
Height
Age
FAF
FCVC
TUE
CH20
NCP 705
CALC I35+
Gender 330
CAEC Hl245
MTRANS H234
FAVC 212
family_history_with_overweight [ 184
scc Jeo
SMOKE |14

J4015
] 3534

B 82110
02
B 050
B 029

1019

0 1000 2000 3000 4000
Split gain (cumulative loss reduction)

Figure 5: Split-gain feature importance of the LightGBM model. Body
weight, height and dietary habits dominate as predictors of obesity
level.
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Figure 4: Holm—Bonferroni-corrected p-values from pairwise McNemar tests on the held-out test predictions. Cells with pyg1y, < 0.05 are marked
with an asterisk and shown in green; non-significant cells are shown in red. Models are ordered by test accuracy.

Three additional measures of feature importance we-
re compared with the split-gain ranking. SHAP global
importance (mean |SHAP| aggregated across classes for
XGBoost) places Weight, Height and Gender at the top,
with a clear separation from the behavioural variables.
Permutation importance on the test set with macro-F;
scoring identifies the same top-three; the largest drop —
~ 0.76 in macro-F; — is observed when Weight is
permuted, followed by Height (= 0.25) and Gender (=
0.14). Local LIME explanations for seven correctly
classified test instances (one per obesity class) are
shown in Figure 6; the induced local rules are clinically
consistent — e.g. Insufficient Weight is explained by
Weight < 65.1kg, Overweight Level I by 65.1 < We-
ight < 83.0kg, Obesity Type Il by Weight > 107.2kg
— in each case combined with smaller contributions
from Height, Age, Gender and dietary habits.

All four importance measures place body weight and
height at the top of the ranking; the third position is
gender (SHAP, permutation) or age (LightGBM’s split
gain). The fact that a built-in tree statistic, a Shapley-
value approach, a model-agnostic permutation test, and
a sparse local surrogate independently recover the BMI
definition strengthens the interpretability claim and
demonstrates that tree-based methods can extract clini-
cally interpretable rules from questionnaire data.

4.4. Discussion

The results provide qualified support for the formulated
hypothesis. The XGBoost test-set accuracy of 96.17 %
(k = 0.955) constitutes a substantial improvement over
the baselines of Palechor and de la Hoz Manotas [2]
(80—85 %) and Ferdowsy et al. [8] (88-93 %). The stati-
stical analysis in Section 4.2 reveals, however, that
gradient boosting models are not significantly better
than a properly tuned SVM-RBF, Random Forest or
Logistic Regression on this dataset; the clear separation
predicted by the hypothesis materialises only against
Decision Tree, KNN and Naive Bayes. The likely rea-
son is the highly informative pair of anthropometric
features (Weight, Height), from which BMI — effec-
tively the deterministic generator of the label — is com-
puted: once these features are available, even simple
decision surfaces suffice to reach above 95 % accuracy,
and the inductive advantage of boosting becomes hard
to detect on a dataset of this size. The low effectiveness
of Naive Bayes (55.50%) confirms that conditional
independence is violated, while KNN’s degradation and
the poor calibration of the Decision Tree illustrate how
strongly model assumptions interact with the data struc-
ture.
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Figure 6: Local LIME explanations of LightGBM for one representative test instance per obesity class (seven panels, one per class). Green bars
indicate features pushing the prediction towards the true class; red bars indicate features pushing against it. The numerical thresholds on Weight
match the BMI-based boundaries between adjacent obesity categories.

5. Conclusions

Gradient boosting tree algorithms achieve the numeri-
cally highest classification effectiveness on this dataset
— XGBoost reached 96.17 % accuracy (kx = 0.955) on
the held-out test set and the highest mean CV accuracy
(97.01 %), with LightGBM matching it within sampling
variability. Both models combine short training times
(< 1 s) with excellent probability calibration (log-loss <
0.115, ROC-AUC = 0.999) and are therefore strong
candidates for deployment in clinical decision support
systems running on resource-constrained devices. The
McNemar tests with Holm—Bonferroni correction, ho-
wever, identify a top-performing cluster of five models
(XGBoost, Logistic Regression, LightGBM, SVM-RBF,
Random Forest) between which no pairwise difference
reaches significance — a methodologically important
nuance that a raw-accuracy reading would have missed.
The multi-method interpretability analysis converged on
body weight and height as dominant predictors, and the
local LIME explanations independently recovered we-
ight thresholds consistent with the BMI definition — the
model effectively re-learned a clinical definition from
questionnaire data.

5.1. Directions for further research

Four extensions for future studies appear natural: (i)
addressing residual class imbalance through the Synthe-
tic Minority Over-sampling Technique (SMOTE) [25]
or related oversampling techniques; (ii) replacing the
randomised search by sequential model-based Bayesian
optimisation [26], which typically reaches comparable
configurations within a smaller candidate budget; (iii)
benchmarking against deep tabular architectures such as
the multilayer perceptron (MLP), in line with the open
question raised by [3, 4]; (iv) applying ensemble lear-
ning methods for improving classification metrics [27].
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