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Abstract

Obesity is a major public health concern because of its high prevalence and association with
cardiometabolic comorbidities. This study compared nine ensemble and meta-ensemble
learning models for multiclass obesity-status classification using the Obesity Dataset, com-
prising 1610 records, 14 predictors, and four body-weight status classes. To ensure a
leakage-aware evaluation, all preprocessing and resampling steps were embedded within
the validation workflow. Standardization, one-hot encoding, and RandomOverSampler
were applied only within the training folds; SMOTE and no-resampling configurations
were retained as configurable alternatives but were not used to generate the reported
results. Model performance was assessed using complementary classification, discrimina-
tion, agreement, and calibration metrics, including accuracy, balanced accuracy, weighted
F1-score, macro Fl-score, weighted ROC-AUC, Matthews correlation coefficient, Brier
score, and multiclass expected calibration error. Overall, the ensemble models achieved
strong discriminative performance, with eight of nine classifiers exceeding 82% accuracy
and obtaining weighted ROC-AUC values close to or above 94%. LightGBM showed the
strongest mean metric-based profile, with an accuracy of 85.41 £ 2.85%, weighted F1-
score of 85.25 £ 2.88%, weighted ROC-AUC of 95.58 + 1.52%, and MCC of 0.779 £ 0.042.
Random Forest and Stacking achieved comparable classification performance, although
Stacking presented poorer calibration. The Friedman test detected significant global dif-
ferences among classifiers, x2 = 38.7733, p = 0.000005. However, the Nemenyi post hoc
test indicated that Stacking, Random Forest, LightGBM, Voting, Gradient Boosting, and
Extra Trees belonged to the same high-performance statistical group. Therefore, LightGBM
was selected as the final model based on its practical balance of predictive performance,
calibration behavior, stability, and implementation feasibility, rather than on unequivo-
cal statistical superiority. On the independent holdout set, LightGBM maintained strong
generalization, achieving accuracy = 0.8447, weighted F1-score = 0.8435, MCC = 0.7653,
and weighted ROC-AUC = 0.9464. Calibration was moderate, with Brier score = 0.2575
and multiclass ECE = 0.1070, indicating that predicted probabilities should be interpreted
cautiously when used to support threshold-based decisions.

Informatics 2026, 13, 80

https://doi.org/10.3390/informatics13060080


https://crossmark.crossref.org/dialog?doi=10.3390/informatics13060080&domain=pdf&date_stamp=2026-06-03
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/informatics
https://www.mdpi.com
https://orcid.org/0000-0002-0861-9663
https://orcid.org/0000-0003-4026-9832
https://doi.org/10.3390/informatics13060080

Informatics 2026, 13, 80

2 of 22

Keywords: obesity; risk stratification; machine learning; ensemble learning; stacking;
Random Forest; Gradient Boosting; explainable Al

1. Introduction

Obesity has emerged as a critical global public health challenge because of its sus-
tained rise, multifactorial etiology and pathogenesis, and close association with chronic
noncommunicable diseases [1], including type 2 diabetes mellitus [2], hypertension [3], dys-
lipidemia, and several types of cancer [4]. Its impact spans the life course, affecting adults,
adolescents, and children, and varies across countries and regions according to social,
environmental, and behavioral determinants [5]. Consequently, obesity is not only highly
prevalent but also a central risk factor for the progression of cardiometabolic comorbidities
and systemic complications [6].

Beyond its clinical consequences, obesity imposes a substantial and growing socioeco-
nomic burden. Associated metabolic disorders, including insulin resistance [7], metabolic
syndrome, low-grade chronic inflammation, and atherosclerotic cardiovascular disease,
increase healthcare utilization, productivity losses, and healthcare expenditures, thereby
compromising the sustainability of health systems [8]. Prevalence is projected to continue
rising in the coming decades [9]. Recent estimates indicate that more than 1 billion people
worldwide are living with obesity, including approximately 650 million adults, 340 million
adolescents, and 39 million children [10]. If current trends persist, the annual economic
impact of overweight and obesity could reach USD 4.32 trillion by 2035, equivalent to
approximately 3% of global GDP [11], and nearly 3.8 billion adults are expected to be obese
by 2050 [12]. This scenario underscores the need for cost-effective strategies focused on
prevention, early detection, and risk stratification.

In response to this crisis, many countries have implemented population-wide in-
terventions; however, despite their relevance, the benefits have generally been modest
and difficult to sustain [13]. In turn, highly effective clinical strategies, such as advanced
pharmacotherapy and bariatric surgery, face significant barriers related to cost, access,
and scalability, particularly in low- and middle-income countries [14]. Overall, the global
response remains fragmented and insufficient relative to the magnitude and pace of the
problem [15]. This reinforces the need for comprehensive, multisectoral, and syndemic
approaches, supported by analytical tools that can identify at-risk subgroups and prioritize
interventions with greater precision.

In this context, machine learning (ML) provides a methodological framework for inte-
grating clinical, biochemical, behavioral, and sociodemographic data to capture nonlinear
interactions and generate individualized predictions that support screening and prevention
strategies [16]. Recent literature from 2023 to 2025 shows a growing use of predictive appli-
cations in cardiometabolic health, particularly models for tabular data and explainability
frameworks designed to enhance clinical interpretability [17,18]. However, individual
models, such as artificial neural networks (ANNSs) [19], support vector machines [20], and
decision trees (DTs) [21], have shown important limitations in real-world scenarios charac-
terized by heterogeneity, noise, uncertainty, and class imbalance [22]. Recurrent challenges
include overfitting [23], sensitivity to outliers [24], and optimization difficulties, including
convergence to local optima in non-convex, high-dimensional spaces, which may reduce
performance stability and generalization ability [25].

The challenge is therefore not purely algorithmic. A methodological gap persists in
the clinical application of ML to obesity, particularly the lack of standardized frameworks
for evaluating the robustness, traceability, and transparency of black-box models trained on
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heterogeneous and imbalanced data [26]. This gap may introduce bias when global metrics
are prioritized over more informative indicators for multiclass and imbalanced classifica-
tion, such as the Fl-score, area under the curve (AUC)-ROC, and per-class metrics [27].
This problem is further compounded by limited external validation [28], which restricts
model transferability to new population contexts. Moreover, the limited integration of
interpretability methods, such as SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations), into standardized evaluation pipelines hinders
the systematic linkage of variable contributions to clinical knowledge, the detection of
inconsistencies, the auditing of potential biases, and the assessment of the true utility of
these models in public health settings [29].

In light of these limitations, ensemble learning approaches have emerged as effec-
tive alternatives for improving predictive stability and generalization [30]. By integrating
multiple classifiers through strategies such as bagging, boosting, or stacking [31], ensem-
ble models can reduce variance, mitigate bias, and increase robustness when data are
incomplete, heterogeneous, or noisy [32]. Several randomized-tree ensembles also offer
relative advantages in interpretability, which is essential for clinical acceptance and po-
tential implementation in public health programs [33]. For contemporary tabular data,
gradient-boosting baselines such as XGBoost and LightGBM are necessary competitive
benchmarks because they can model nonlinearities and interactions, handle heterogene-
ity, and maintain strong performance under class imbalance. Therefore, they should be
included in methodologically balanced comparisons [34,35].

Within this framework, the present study aims to develop, evaluate, and compare nine
ensemble and meta-ensemble models for multiclass obesity-status classification. Model per-
formance was assessed using a two-stage evaluation design consisting of an independent
stratified holdout set for final generalization testing and nested stratified cross-validation
within the development set. Specifically, the development data were evaluated using a
10-fold outer loop for performance estimation and a 3-fold inner loop for hyperparameter
optimization. Performance was quantified using complementary classification, discrimina-
tion, agreement, and calibration metrics, including accuracy, balanced accuracy, weighted
and macro F1-scores, weighted ROC-AUC, Matthews correlation coefficient, Brier score,
and multiclass expected calibration error.

To strengthen the comparison, the analytical framework will incorporate non-
parametric statistical tests, including the Friedman test and Nemenyi post hoc analysis,
to detect significant differences among models. In addition, global interpretability using
SHAP and local explainability using LIME will be integrated to assess clinical coherence,
identify relevant predictors, explain individual-level decisions, and explore potential pat-
terns of bias.

Accordingly, this study proposes a predictive, explainable, and interpretable architec-
ture organized around three main contributions. First, it presents a reproducible, leakage-
aware methodological protocol for multiclass obesity-status classification, integrating
preprocessing, class-imbalance handling, hyperparameter optimization, nested stratified
cross-validation, and independent holdout testing. Second, it compares nine ensemble
learning methods—LightGBM, Random Forest, Stacking, Voting, Gradient Boosting, Extra
Trees, Bagging, XGBoost, and AdaBoost—that span bagging, boosting, and meta-ensemble
strategies, using a comprehensive set of performance and agreement metrics, including the
Matthews correlation coefficient (MCC). Third, it incorporates a global-local interpretability
framework based on SHAP and LIME, aimed at auditing clinical consistency, identifying
relevant population-level predictors, explaining individual predictions, and facilitating
model transfer to applied screening and clinical decision-support scenarios.

https://doi.org/10.3390/informatics13060080


https://doi.org/10.3390/informatics13060080

Informatics 2026, 13, 80

4 0f22

2. Literature Review

Obesity remains a major challenge for contemporary public health because of its
multifactorial and multisystemic etiology. In this context, machine learning (ML) offers a
robust alternative for early risk prediction, particularly when nonlinear relationships, high-
dimensional interactions, collinearity, noise, and class imbalance limit the performance of
conventional statistical approaches. By modeling complex patterns across heterogeneous
data sources, ML can support clinically meaningful risk stratification and early preventive
decision-making.

Dugan et al. [36] provided one of the earliest examples of predicting childhood obesity
before age two using clinical cohorts and classical algorithms, including ID3, Random
Forest, and Naive Bayes. Although innovative, the study relied primarily on conventional
performance measures and did not include comparative statistical testing, thereby limiting
the inferential strength of its findings.

Since 2020, the literature has shown a marked increase in methodological complexity,
with greater emphasis on interpretable ML, electronic health records (EHRs), and large-
scale clinical data. Fu et al. [37] incorporated LightGBM and SHAP analysis in a cohort of
preterm infants, identifying early body mass index (BMI) trajectories and maternal BMI
as relevant predictive factors. Complementarily, Colmenarejo [2] examined the use of ML
and deep learning in pediatric EHRs, reporting superior performance relative to classical
statistical regression while also emphasizing persistent deficiencies in clinical validation.

Other studies expanded both the scale and methodological diversity of obesity predic-
tion. Ferdowsy et al. [3] reported that Logistic Regression achieved the highest accuracy
(97.09%) among the evaluated classifiers, whereas Gradient Boosting showed the lowest
performance, with an accuracy of 64.08% and lower values across the remaining metrics.
Shi et al. [38] applied a Bagging-based Feature Selection framework integrating MapReduce
(BFSMR) and weighted feature voting to identify informative clinical factors among more
than 426,000 patients. Pang et al. [39] used XGBoost on more than 800,000 pediatric visits
and achieved an AUC of 0.81 for future obesity prediction. Safaei et al. [7], through a
systematic review of 93 studies, further confirmed the heterogeneity of algorithms, datasets,
and validation strategies in the field. Despite their scale and relevance, these studies
generally did not incorporate adjusted p-values or multiple statistical comparisons.

By 2022, research had shifted toward more advanced architectures. Cheng et al. [40]
employed long short-term memory (LSTM) networks to predict BMI in pediatric cohorts
with missing values, whereas Liu et al. [41] used deep reinforcement learning to identify
gut microbiome biomarkers associated with obesity. These contributions illustrate the
expansion of obesity prediction beyond classical classifiers toward sequential, biological,
and reinforcement learning frameworks.

Recent studies from 2023 onward provide further evidence for the predictive value
of ensemble and hybrid models. Solomon et al. [42] proposed a hybrid majority-voting
model combining Gradient Boosting, XGBoost phylogenetic tree algorithms, and multi-
layer perceptron (MLP) artificial neural networks, achieving 97.16% accuracy on intensive
care unit (ICU) datasets. Abnoosian et al. [43] evaluated multiple classifiers in patients with
diabetes and reported an AUC close to 1.0, a promising result that nevertheless underscores
the need for external validation and bias assessment. Matt et al. [44] compared 10 algorithms
and identified Random Forest and Logistic Regression as the most robust models. Overall,
these studies report high predictive performance, but their validity remains constrained
by limited multicenter external validation and insufficient statistical testing to determine
whether differences between algorithms are significant.

More recent work has increasingly focused on hybrid modeling and interpretabil-
ity. Helforoush and Sayyad [45] proposed an ANN-particle swarm optimization (PSO)
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approach enhanced with SHAP, reporting improvements over conventional regression
methods. Sun et al. [46] applied Gradient Boosted Decision Trees (GBDT) to large in-
ternational cohorts, including the China Health and Nutrition Survey (CHNS) and the
National Health and Nutrition Examination Survey (NHANES), identifying physical inac-
tivity and alcohol consumption as key determinants in obesity prediction. Airlangga [17]
evaluated eight ML algorithms using self-reported data from Mexico, Peru, and Colombia,
showing that Gradient Boosting achieved the best performance (96.49%) and effectively
captured complex demographic, behavioral, and lifestyle interactions, while simpler classi-
fiers such as Naive Bayes and AdaBoost performed less favorably. In addition, Chatterjee
et al. [47] developed a hybrid ensemble Stacking model that achieved 98.58% accuracy,
with consistent F1-score, AUC, and kappa values (kappa = 0.9834), demonstrating supe-
rior performance over individual classifiers and potential applicability in public health
decision-support systems.

Overall, the reviewed literature shows a clear shift from classical algorithms toward
more complex, hybrid, and interpretable architectures, generally accompanied by im-
provements in predictive performance, robustness, and generalizability. However, this
evolution remains constrained by methodological heterogeneity that limits comparability
and inferential scope. Adjusted agreement metrics, particularly the Matthews correlation
coefficient (MCC), remain underreported despite their relevance in imbalanced or mul-
ticlass classification settings. Likewise, nonparametric procedures such as the Friedman
test with Nemenyi post hoc comparisons are rarely used to assess whether observed differ-
ences among algorithms, including contemporary Gradient Boosting-based baselines, are
statistically significant under a comparable evaluation protocol.

Accordingly, a comprehensive benchmarking framework is needed to rigorously,
reproducibly, and comparably assess the performance of machine learning models for the
multiclass classification of obesity-status classification. Such a framework should include
competitive ensemble models, such as XGBoost, LightGBM, and other approaches based
on bagging, boosting, and meta-ensemble strategies; complementary performance and
agreement metrics, including the Matthews correlation coefficient (MCC); non-parametric
statistical tests, such as the Friedman and Nemenyi tests, to compare differences among
models; and a global-local interpretability scheme based on SHAP and LIME. Such an
integrated approach would enable comparable, and clinically interpretable conclusions,
thereby strengthening the utility of these models in screening and clinical decision-support
scenarios related to obesity-status classification.

3. Methodology
3.1. Study Design and Data Source

The dataset analyzed in this study was obtained from a publicly available Kaggle
resource on obesity-status classification: https:/ /www.kaggle.com/code/zachorwin/data-
science-for-change#Introduction-and-Problem-Statement. The resource was accessed on 27
June 2025. The analytical file used in this study contained 1610 observations, 14 predictors,
and one multiclass target variable. No new data were generated. The variable structure
and data-collection context are consistent with the obesity dataset described by Koklii and
Sulak in the Sinop University Journal of Natural Sciences (2024) [48].

3.2. Outcome Definition and Predictor Variables

The analytical dataset comprised 15 variables: 14 predictors and one multiclass
target variable. The predictors included demographic, anthropometric, family his-
tory, dietary, behavioral, and transportation-related variables: Sex, Age, Height, Over-
weight_Obese_Family, Consumption_of_Fast_Food, Frequency_of_Consuming_Vegetables,
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Number_of Main_Meals_Daily, Food_Intake_Between_Meals, Smoking, Liquid_Intake_
Daily, Calculation_of_Calorie_Intake, Physical Exercise, Time_Spent_on_Technology, and
Type_of_Transportation_Used. The target variable, Class, represented body-weight sta-
tus with four ordered categories: Underweight = 1, Normal = 2, Overweight = 3, and
Obesity = 4. The class distribution was 73 underweight cases (4.5%), 658 normal-weight
cases (40.9%), 592 overweight cases (36.8%), and 287 obesity cases (17.8%). This distribu-
tion motivated the use of stratified data partitioning, imbalance-aware resampling, and
performance metrics that are more informative than overall accuracy alone.

3.3. Reproducible Computational Environment

All experiments were conducted in Python version 3.10.12 (Python Software Foun-
dation, Wilmington, DE, USA) within a cloud-based computational environment using
Google Colaboratory, also known as Google Colab (Google LLC, Mountain View, CA, USA).
The analyses were implemented using a reproducible pipeline architecture designed to
ensure consistency across preprocessing, model training, hyperparameter optimization,
and evaluation.

To support reproducibility and ensure a fair comparison across models, the same
Google Colab environment configuration and a fixed random seed (random_state = 42)
were used across all experiments. Computational runtime, measured in seconds, included
model fitting, hyperparameter search, and evaluation within the implemented pipeline.

3.4. Data Cleaning and Preprocessing

Column names were standardized before analysis by removing leading/trailing spaces
and replacing spaces, hyphens, slashes, parentheses, percentage signs, and periods with
machine-readable tokens. Duplicate records were removed using drop_duplicates(), and
completely empty columns, constant predictors, and identifier-like columns with very high
cardinality were excluded to reduce the risk of spurious predictive signals. The target
column was validated explicitly and encoded with LabelEncoder. Categorical predictors
were preserved as categorical variables, whereas explicitly defined continuous or ordinal
predictors were coerced to numeric format. Although the exploratory inspection did not
indicate substantive missingness in the target, preprocessing transformers were retained
inside the modelling pipeline to guarantee robustness, and reproducibility should missing
predictor values be encountered during resampling or cross-validation.

3.5. Leakage-Controlled Preprocessing Pipeline

To prevent information leakage, all transformations were embedded within a sin-
gle imbalanced-learn pipeline and fitted exclusively within the training partition of each
validation fold. Numerical predictors were processed using a median imputer followed
by StandardScaler. Categorical predictors were processed using a most-frequent imputer
followed by OneHotEncoder with handle_unknown = ‘ignore’. These transformations
were implemented through a ColumnTransformer and applied identically to all candidate
models. Embedding preprocessing within the cross-validation pipeline ensured that impu-
tation, scaling, one-hot encoding, resampling, and model fitting were estimated only from
the training data within each fold and then applied to the corresponding validation fold.

3.6. Handling of Class Imbalance

Class imbalance was addressed exclusively within the training folds to prevent infor-
mation leakage and to preserve the validity of out-of-sample estimates. In the reported
experimental configuration, RandomOverSampler was used as the resampling strategy,
whereas SMOTE and no-resampling settings were retained only as configurable alternatives
and were not used to generate the results reported in this study. This clarification ensures
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consistency between the methodological description, the experimental pipeline, and the
reported performance estimates.

Standardization, one-hot encoding, and resampling were embedded within a single
imbalanced-learn pipeline, ensuring that each preprocessing and balancing step was fitted
only on the training subset of each cross-validation fold. Consequently, replicated observa-
tions produced by RandomOverSampler were generated exclusively from the training data
and were never introduced into the validation folds or the independent holdout set. This
leakage-controlled design preserved the independence of validation and holdout samples,
reduced the risk of selection-induced optimism, and strengthened the reproducibility and
methodological transparency of the evaluation workflow.

3.7. Candidate Learning Algorithms

A broad set of ensemble and gradient-boosting algorithms was evaluated to capture
nonlinear relationships, high-order interactions, and heterogeneous predictor effects. The
candidate models included AdaBoost, Gradient Boosting, Random Forest, Extra Trees,
Bagging, soft Voting, Stacking, XGBoost and LightGBM. AdaBoost was included as a
boosting-based ensemble that sequentially reweights misclassified observations and com-
bines weak learners into a stronger classifier [49-51]. Gradient Boosting was evaluated
because it builds additive models by sequentially minimizing a differentiable loss function
and correcting residual errors from previous learners [50]. Random Forest was included as
a bootstrap-aggregation method based on randomized decision trees, which can reduce
variance and mitigate overfitting [52,53]. Extra Trees introduced additional randomization
at the split-threshold level to increase tree diversity and improve robustness to noise [54].
Bagging was evaluated as a variance-reduction strategy based on bootstrap sampling and
majority voting [55].

3.8. Hyperparameter Optimization

Hyperparameter tuning was performed within the inner loop of the nested validation
procedure. For each model, the search space was defined a priori and passed to either
GridSearchCV or RandomizedSearchCV. Small, bounded spaces were evaluated with
grid search, whereas larger spaces were evaluated with randomized search using up to
50 candidate configurations. The primary tuning metric was F1-score for binary tasks and
weighted Fl-score for multiclass tasks. Weighted F1 was selected for the present multiclass
obesity setting because it accounts for class support while balancing precision and recall.
The search was refitted on the corresponding training fold using the best-performing
hyperparameter configuration before evaluation on the held-out outer fold.

3.9. Evaluation Design: Nested Cross-Validation and Independent Holdout Testing

A two-stage evaluation design was implemented to separate model selection from
final generalization assessment. First, the complete dataset was split via stratified sampling
into a development set comprising 80% of observations and an independent holdout set
comprising 20%. The holdout set was kept isolated from all preprocessing decisions,
resampling, hyperparameter tuning, model selection, and calibration. Second, all model
development and benchmarking procedures were conducted only within the development
set using nested stratified cross-validation. The outer loop used 10 folds to obtain an
approximately unbiased estimate of model performance, whereas the inner loop used
3 folds for hyperparameter optimization.

3.10. Performance Metrics

Model performance was quantified using complementary discrimination, agreement,
and probabilistic calibration metrics. Discrimination metrics included accuracy, balanced
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accuracy, and weighted and macro Fl-score, precision, and recall, as well as weighted
and macro one-vs-rest ROC-AUC when applicable. Agreement was assessed using the
Matthews correlation coefficient (MCC), which is particularly useful when class distribu-
tions are imbalanced or when multiclass errors must be summarized beyond accuracy.
Probabilistic performance was evaluated with the Brier score and expected calibration error
(ECE). For multiclass classification, ROC-AUC was computed using a one-vs-rest strategy
with macro and weighted averaging, and multiclass ECE was based on the maximum
predicted class confidence. Cross-validation results were summarized as mean + standard
deviation across outer folds, whereas holdout results were reported as single independent
estimates for the final selected model.

3.11. Statistical Comparison of Algorithms

To avoid interpreting differences among algorithms solely from average performance,
nonparametric statistical comparisons were conducted across the outer cross-validation
folds. The Friedman test was applied to the weighted Fl-score distributions to assess
whether statistically significant differences existed among the candidate models evaluated
under the same fold partitions. When post hoc analysis was available, Nemenyi pairwise
comparisons were computed to identify which model pairs differed significantly while
controlling the family-wise error rate. Average ranks were reported to summarize the
relative ordering of models across folds, and compact letter displays were generated to
facilitate interpretation of statistically indistinguishable model groups.

3.12. Model Interpretability and Explainability

Model interpretability was assessed after model development and final fitting, rather
than during hyperparameter tuning. SHAP analysis was implemented using class-specific
one-vs-rest binary LightGBM models, and SHAP values were computed on the log-odds
scale for real observations from the independent test/holdout partition, after transformation
by the fitted preprocessing workflow. LIME was used as a complementary local explanation
method for the multiclass LightGBM model. The analyzed LIME instance was selected
from the test/holdout partition using the 85th confidence quantile of the calibrated class
probabilities. The probability panel reported post hoc calibrated probabilities, whereas
the LIME contribution plot approximated the local behavior of the underlying multiclass
LightGBM classifier.

Oversampling was applied only during model training and not to the observations
analyzed with SHAP or LIME. Thus, the interpretability analyses were performed on real,
non-synthetic test/holdout observations. Nevertheless, because the models were trained
on a rebalanced training distribution and the LIME explainer used the upsampled training
representation, the resulting attribution patterns may still have been indirectly influenced
by the upsampling procedure. SHAP and LIME outputs were therefore interpreted as
model-dependent predictive associations rather than causal effects or clinically validated
decision rules.

4. Results

The proposed ensemble and meta-ensemble benchmarking framework enabled a
structured evaluation of multiclass obesity-status classification under a unified, repro-
ducible, and leakage-controlled experimental protocol. The analysis was conducted on a
heterogeneous clinical-epidemiological feature space composed of demographic, anthropo-
metric, familial, dietary, lifestyle, and transportation-related predictors. Given the expected
presence of nonlinear associations, high-order interactions, and class-imbalanced distribu-
tions in obesity-related data, the evaluation emphasized ensemble-based strategies with
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the potential to improve discrimination stability, variance control, and robustness when
compared with single-estimator approaches. Model performance was assessed within a
nested stratified cross-validation framework, and the independent holdout set was reserved
exclusively for the final assessment of generalization performance.

The data integrity procedure confirmed that the analytical workflow was applied con-
sistently across all predictors, including Sex, Age, Height, Overweight_Obese_Family, Con-
sumption_of Fast_Food, Frequency_of_Consuming Vegetables, Number_of Main_Meals_
Daily, Food_Intake_Between_Meals, Smoking, Liquid_Intake_Daily, Calculation_of _Calorie
_Intake, Physical_Exercise, Time_Spent_on_Technology, and Type_of_Transportation_Used.
Prior to model training, column names were standardized, duplicate observations were
removed, empty variables were excluded when detected, and identifier-like variables
were screened to reduce the risk of spurious memorization. The target variable, Class,
was encoded as a multiclass outcome. Although the exploratory missingness assessment
indicated complete data, imputation procedures were retained within the preprocessing
pipeline as a reproducibility safeguard. Numerical predictors were processed using median
imputation followed by standardization, whereas categorical predictors were processed
using most-frequent imputation followed by one-hot encoding with unknown categories
ignored during transformation. This design ensured that the same preprocessing logic was
applied within each cross-validation split and during final holdout evaluation.

To preserve the validity of out-of-sample estimates, preprocessing, resampling, and
classification were encapsulated in a single imblearn pipeline. Class imbalance was ad-
dressed with RandomOverSampler in its default configuration, and the resampling step
was fitted only on the training portion of each cross-validation split. This prevented in-
formation from validation or holdout observations from influencing imputation, scaling,
encoding, resampling, hyperparameter tuning, or model fitting. As a result, the bench-
marking process provided a leakage-controlled comparison of the candidate models and
reduced the risk of overly optimistic performance estimates.

The evaluated algorithms were grouped by their ensemble learning strategy. Bagging-
based methods included Random Forest, Extra Trees, and Bagging with decision trees, while
boosting-based methods included AdaBoost, Gradient Boosting, XGBoost, and LightGBM,
when the corresponding libraries were available. Meta-ensemble approaches included
Stacking, implemented with a regularized Logistic Regression meta-learner, and soft Voting,
based on probabilistic aggregation of predictions from Random Forest, Extra Trees, and
Gradient Boosting. This classification provides a more accurate methodological interpreta-
tion of the evaluated algorithms, particularly because gradient-boosted tree methods are
themselves ensemble models and should not be described as non-ensemble baselines.

The predictive performance of the models was evaluated using complementary metrics
capturing discrimination, class-balance sensitivity, agreement, and probabilistic reliability.
Accuracy was considered together with balanced accuracy, macro and weighted F1-score,
macro and weighted precision and recall, macro and weighted ROC-AUC, Matthews
correlation coefficient, Brier score, and expected calibration error. This metric set allowed
the analysis to move beyond overall accuracy and to account for multiclass imbalance,
agreement beyond chance, and the reliability of predicted probabilities. Unless otherwise
specified, cross-validation results should be interpreted as mean =+ standard deviation
across the outer folds.

Hyperparameter optimization was performed within the inner loop of the nested cross-
validation design. The outer loop used ten-fold stratified cross-validation for unbiased
performance estimation, whereas the inner loop used three-fold stratified cross-validation
for model-specific tuning. GridSearchCV was used for small, bounded search spaces,
whereas RandomizedSearchCV was used for larger spaces, evaluating up to fifty config-
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urations when appropriate. For the multiclass task, the weighted F1-score was used as
the primary optimization criterion. Final model selection followed a predefined hierar-
chical rule, first based on the mean weighted F1-score, then on the Matthews correlation
coefficient, and finally on the weighted ROC-AUC.

After model selection, the final estimator was refitted on the development data and
evaluated once on the independent holdout set. When probabilistic calibration was enabled,
the selected model was calibrated using sigmoid calibration with three-fold cross-validation
on the development data. Calibration performance was assessed using the multiclass Brier
score, expected calibration error, global reliability diagrams based on maximum predicted
confidence, and class-wise reliability diagrams. These analyses provided evidence on
whether the predicted probabilities were numerically consistent with observed outcomes,
which is particularly relevant for clinical and public-health decision-support scenarios.

Model interpretability for tree-based estimators was assessed using SHAP values com-
puted on a predefined sample of observations. Mean absolute SHAP values were used to
rank the most influential transformed features, thereby complementing the discrimination
and calibration results with evidence on model transparency. This interpretability analysis
allowed the benchmarking framework to assess whether the most relevant predictors were
clinically plausible and consistent with obesity-related demographic, anthropometric, famil-
ial, dietary, and lifestyle factors. Overall, the framework integrates predictive performance,
robustness, probabilistic reliability, and interpretability, providing a rigorous basis for
evaluating ensemble and meta-ensemble models in multiclass obesity-status classification.

As illustrated in Table 1, the results obtained for each model are accompanied by a
critical analysis that examines their relative performance in terms of accuracy, robustness,
and generalizability. This analysis provides a solid foundation for determining optimal
configurations in practical applications and future lines of research.

Table 1. Main results by model in nested cross-validation. For Brier score and ECE, lower values
indicate better calibration.

F1 Weighted AUC

Modelo Accuracy (%) BalAcc (%) (%) F1 Macro (%) Weighted (%) McCC Brier ECE mc
LightGBM 85.41 +£2.85 81.29 £2.69 85.25 +2.88 83.30 +2.58 95.58 £1.52 0.779 £0.042  0.2451+0.0469  0.1083 +0.0281
RandomForest 85.17 £2.02 8323 £3.71 85.07 £2.01 83.99 +3.50 95.29 £1.52 0.777 £0.031  0.2495+0.0216  0.1242 +0.0208
Stacking 85.10 £2.79 81.51+4.23 84.97 +2.84 83.36 +3.91 95.12+1.49 0.775+£0.042 04061 £0.1586  0.2965 + 0.2100
Voting 84.63 +£3.04 81.96 +£3.23 84.54 £3.05 82.91+3.44 95.11+1.52 0.769 £0.045  0.2480 £0.0262  0.0971 % 0.0265
GradientBoosting 84.32 +4.08 81.88 +4.36 84.26 £4.10 82.69 +4.34 94.75 £1.65 0.764 £0.061  0.2603 +0.0618  0.1115 +0.0344
ExtraTrees 83.85+3.18 79.69 +5.37 83.70 £3.18 81.21 £5.27 94.83 £1.52 0.757 £0.047  0.2489 £0.0266 ~ 0.0842 +0.0189
Bagging 83.78 +£2.65 80.56 +4.12 83.62 +£2.67 81.84 +3.80 9494 +191 0.756 £0.039  0.2681 +0.0250  0.1370 + 0.0292
XGBoost 82.77 £2.91 80.42 £3.42 82.76 +2.82 80.15 +3.96 94.78 +£1.59 0.742+£0.042  0.2532+£0.0371  0.0748 - 0.0118
AdaBoost 66.46 +3.12 67.83 £5.07 67.12+£3.16 61.02+3.52 85.88 +1.37 0519 £0.041  0.7291 £0.0025  0.4022 4 0.0312

Note. Table 1 summarizes the predictive performance of the evaluated ensemble and meta-ensemble learning
models under the nested cross-validation scheme. Overall, most classifiers showed strong and stable discrimina-
tive performance, with accuracy values above 82% for eight of the nine models and weighted ROC-AUC values
close to or above 94%. These findings indicate that ensemble-based methods provided robust discriminative
capacity for the multiclass obesity-status classification task.

Among the evaluated algorithms, LightGBM achieved the strongest overall metric-
based profile, obtaining the highest accuracy of 85.41 + 2.85%, the highest weighted
F1-score of 85.25 + 2.88%, a macro F1-score of 83.30 & 2.58%, the highest weighted ROC-
AUC of 95.58 £ 1.52%, and the highest MCC value of 0.779 £ 0.042. In addition, LightGBM
obtained the lowest Brier score among the evaluated models, 0.2451 £ 0.0469, suggesting
a favorable balance between discrimination, agreement, and probabilistic performance.
These results support LightGBM as the model with the most favorable overall metric-based
profile under the proposed nested cross-validation framework.

Random Forest ranked second and showed the strongest class-balanced behavior. It
achieved an accuracy of 85.17 & 2.02%, the highest balanced accuracy among all mod-
els, 83.23 £+ 3.71%, the highest macro Fl-score, 83.99 £ 3.50%, a weighted F1-score of
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85.07 + 2.01%, and an MCC of 0.777 & 0.031. Although its global accuracy was slightly
lower than that of LightGBM, Random Forest demonstrated a particularly robust ability to
maintain performance across the four obesity-status classes. This is relevant in multiclass
settings, where balanced class-level performance is preferable to high accuracy driven
mainly by majority classes.

The Stacking ensemble also achieved highly competitive discrimination metrics, with
an accuracy of 85.10 £ 2.79%, a weighted F1-score of 84.97 & 2.84%, a macro F1-score of
83.36 £ 3.91%, a weighted ROC-AUC of 95.12 + 1.49%, and an MCC of 0.775 £ 0.042.
However, its calibration metrics were notably weaker, with a Brier score of 0.4061 £ 0.1586
and a multiclass ECE of 0.2965 £ 0.2100. This indicates that, despite its strong discriminative
performance, the probability estimates produced by Stacking were less reliable than those of
other high-performing models. Therefore, its use in threshold-based clinical or operational
decisions would require additional calibration assessment.

The Voting ensemble ranked fourth and showed a favorable compromise between
predictive performance and calibration. It achieved an accuracy of 84.63 + 3.04%, a
balanced accuracy of 81.96 + 3.23%, a weighted F1-score of 84.54 £ 3.05%, a weighted
ROC-AUC of 95.11 % 1.52%, and an MCC of 0.769 =+ 0.045. Its calibration profile was also
favorable, with a Brier score of 0.2480 4 0.0262 and a multiclass ECE of 0.0971 4 0.0265.
However, Voting did not obtain the lowest Brier score, since LightGBM showed a slightly
lower value. Thus, Voting should be interpreted as one of the best-calibrated alternatives,
but not as the best model according to the Brier score criterion.

Gradient Boosting ranked fifth, with an accuracy of 84.32 + 4.08%, a balanced accu-
racy of 81.88 + 4.36%, a weighted Fl-score of 84.26 & 4.10%, a weighted ROC-AUC of
94.75 £ 1.65%, and an MCC of 0.764 &+ 0.061. Although its discriminative performance
remained high, the larger standard deviations suggest greater variability across validation
folds compared with LightGBM and Random Forest. This indicates that Gradient Boosting
was competitive but somewhat less stable under the evaluated resampling partitions.

Extra Trees and Bagging showed competitive but slightly lower performance than the
leading models. Extra Trees achieved an accuracy of 83.85 & 3.18%, a weighted F1-score of
83.70 £ 3.18%, a macro Fl-score of 81.21 & 5.27%, a weighted ROC-AUC of 94.83 & 1.52%,
and an MCC of 0.757 & 0.047. Bagging obtained an accuracy of 83.78 & 2.65%, a weighted
Fl-score of 83.62 + 2.67%, a macro Fl-score of 81.84 + 3.80%, a weighted ROC-AUC of
94.94 + 1.91%, and an MCC of 0.756 £ 0.039. Although neither model reached the top-ranked
performance levels, both maintained weighted ROC-AUC values close to 95%, confirming
their capacity to distinguish among obesity-status categories with reasonable reliability.

XGBoost ranked eighth in terms of global predictive performance, with an accuracy of
82.77 £ 2.91%, a balanced accuracy of 80.42 £ 3.42%, a weighted F1-score of 82.76 £ 2.82%, a
macro Fl-score of 80.15 £ 3.96%, a weighted ROC-AUC of 94.78 £ 1.59%, and an MCC of
0.742 £ 0.042. Despite its lower position in the global performance ranking, XGBoost achieved
the lowest multiclass ECE among all models, 0.0748 & 0.0118. This suggests that XGBoost
provided the most favorable calibration according to expected calibration error, although this
advantage did not translate into the highest discrimination or agreement metrics.

In contrast, AdaBoost showed the weakest performance across all evaluated metrics.
It obtained an accuracy of 66.46 £ 3.12%, a balanced accuracy of 67.83 &= 5.07%, a weighted
Fl-score of 67.12 4 3.16%, a macro Fl-score of 61.02 =+ 3.52%, and the lowest MCC value,
0.519 £ 0.041. It also presented the poorest calibration, with the highest Brier score,
0.7291 £ 0.0025, and the highest multiclass ECE, 0.4022 + 0.0312. These results suggest
that AdaBoost was less effective in capturing the nonlinear and multiclass structure of the
obesity-status classification problem.

https://doi.org/10.3390/informatics13060080


https://doi.org/10.3390/informatics13060080

Informatics 2026, 13, 80

12 of 22

Overall, LightGBM achieved the strongest mean metric-based profile, with the high-
est accuracy, weighted F1-score, weighted ROC-AUC, MCC, and the lowest Brier score.
Random Forest showed the strongest class-balanced behavior, whereas XGBoost obtained
the lowest multiclass ECE. Voting also displayed favorable calibration, although it did not
achieve the best Brier score or the lowest ECE. These results indicate that model preference
depends on the intended use: LightGBM may be selected when overall predictive perfor-
mance and balanced probabilistic behavior are prioritized; Random Forest when balanced
class-level performance is required; XGBoost when minimizing multiclass ECE is the main
priority; and voting when a balanced compromise between discrimination and calibration
is desired. However, descriptive differences in mean metrics are insufficient to establish
statistical superiority; therefore, Friedman and Nemenyi post hoc analyses were conducted
to formally compare the classifiers, as summarized in Table 2.

Table 2. Friedman ranking and Nemenyi post hoc grouping of ensemble models based on weighted

Fl-score.

Position Model Mean Flw SD Average Rank  Nemenyi Group
1 Stacking 0.850 0.028 3.450 A
2 RandomForest 0.851 0.020 3.500 A
3 LightGBM 0.853 0.029 3.800 A
4 Voting 0.845 0.031 3.950 A
5 GradientBoosting 0.843 0.041 4.100 A
6 ExtraTrees 0.837 0.032 5.000 A
7 Bagging 0.836 0.027 5.800 A-B
8 XGBoost 0.828 0.028 6.400 A-B
9 AdaBoost 0.671 0.032 9.000 B

Note. Mean Flw denotes the mean weighted Fl-score across the outer cross-validation folds. Average ranks were
derived from the Friedman test, and statistical groups were obtained using the Nemenyi post hoc comparison.
Lower average ranks indicate better relative performance across folds. Models sharing at least one letter in the
Nemenyi group column are not significantly different under the post hoc comparison.

The Friedman test showed statistically significant global differences among the evalu-
ated classifiers in terms of the weighted F1-score, x? = 38.7733, p = 0.000005. This result
indicates that the classifiers did not perform equivalently across the cross-validation folds
and justifies using a post hoc Nemenyi analysis to identify groups of statistically compara-
ble models.

The Nemenyi ranking analysis showed that Stacking achieved the best average rank
among the evaluated methods, with an average rank of 3.450, followed closely by Ran-
domForest (3.500), LightGBM (3.800), Voting (3.950), and GradientBoosting (4.100). These
models were assigned to the same Nemenyi group, group A, indicating that their rank
differences were not statistically significant under the post hoc comparison. ExtraTrees
also belonged to group A, with an average rank of 5.000, suggesting that its fold-wise
performance was not significantly different from that of the leading classifiers.

Although Stacking achieved the most favorable average rank, LightGBM obtained the
highest mean weighted F1-score (0.853 £ 0.029), followed by RandomForest (0.851 + 0.020)
and Stacking (0.850 £ 0.028). The differences among these top-performing models were
small, supporting the presence of a compact high-performance cluster rather than a single
classifier with unequivocal statistical dominance. Therefore, the apparent superiority of
LightGBM should be interpreted as a practical advantage in terms of mean weighted F1-
score, rather than as statistically significant dominance over the other high-ranking models.

Voting and GradientBoosting also showed competitive performance, with mean
weighted Fl-scores of 0.845 &+ 0.031 and 0.843 & 0.041, respectively. Both models remained
within Nemenyi group A, reinforcing the conclusion that their predictive performance
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was statistically comparable to that of the leading algorithms. ExtraTrees achieved a mean
weighted Fl-score of 0.837 £ 0.032 and was also included in group A, although its average
rank was less favorable than those of Stacking, RandomForest, LightGBM, Voting, and
GradientBoosting.

Bagging and XGBoost occupied intermediate positions. Bagging obtained a mean
weighted F1-score of 0.836 £ 0.027 and an average rank of 5.800, whereas XGBoost achieved
0.828 4 0.028 with an average rank of 6.400. Both models were assigned to the overlapping
A-B group, indicating that their performance was not clearly separated from either the
higher-performing group or the lower-performing group. This overlapping classification
suggests that, although their average ranks were less favorable, there was insufficient
evidence to classify them as significantly worse than all group A models.

By contrast, AdaBoost showed the weakest performance, with the lowest mean
weighted Fl-score, 0.671 £ 0.032, and the worst average rank, 9.000. It was the only
model assigned exclusively to group B, confirming its consistently poorer relative perfor-
mance across folds. This result indicates that AdaBoost was statistically separated from
the strongest-performing classifiers and was less suitable for the multiclass prediction task
considered in this study.

Overall, the non-parametric analysis supports the presence of significant differences
among classifiers, while the Nemenyi grouping indicates that the best-performing models
formed a statistically comparable high-performance cluster. In this context, LightGBM
was selected as the final model on practical grounds, as it achieved the highest mean
weighted F1-score while maintaining a competitive average rank and belonging to the top
Nemenyi group. However, this selection should not be interpreted as evidence of statisti-
cally significant superiority over Stacking, RandomForest, Voting, GradientBoosting, or
ExtraTrees. Rather, LightGBM was preferred because it provided the best balance between
mean predictive performance, ranking stability, and practical model selection criteria.

The final LightGBM model was subsequently trained on the nested-training set and
evaluated once on the independent holdout set. This strategy preserved the indepen-
dence of the test set and reduced the risk of selection-induced optimism. In the holdout
evaluation, the model maintained strong predictive performance, with an accuracy of
0.8447, a weighted F1-score of 0.8435, a macro Fl-score of 0.8022, an MCC of 0.7653, and a
weighted ROC-AUC of 0.9464. These results indicate that the selected model retained good
discrimination and generalization ability when assessed on previously unseen data.

The final model calibration yielded a multiclass Brier score of 0.2575 and a multiclass
ECE of 0.1070, suggesting a moderate overall calibration performance. The reliability
diagram showed that the predicted probabilities were reasonably consistent with the
observed accuracy in the highest-confidence interval (0.8-0.9). However, discrepancies
were identified in the intermediate-confidence bins.

As shown in Table 3, the calibration analysis by confidence bins revealed heteroge-
neous local calibration patterns across probability intervals. Specifically, the 0.6-0.7 confi-
dence interval showed an observed accuracy higher than the mean confidence, indicating
a local tendency to underestimate predictive certainty. A similar pattern was observed
in the 0.5-0.6 interval, where empirical accuracy exceeded the average predicted proba-
bility. In contrast, the 0.4-0.5 interval exhibited an observed accuracy substantially lower
than the mean confidence, suggesting overconfidence in lower-certainty predictions. The
smallest absolute gaps were observed in the 0.7-0.8 and 0.8-0.9 intervals, indicating com-
paratively better local calibration in higher-confidence predictions. Overall, these findings
indicate that the model remains suitable for classification purposes; however, its predicted
probabilities should be interpreted with caution when used to support threshold-based
decision-making.
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Table 3. Calibration by confidence bins.

Confidence Bin n Mean Confidence Observed Accuracy Absolute Gap

0.4-0.5 12 0.471 0.250 0.221
0.5-0.6 45 0.567 0.756 0.189
0.6-0.7 37 0.641 0.892 0.251
0.7-0.8 23 0.763 0.696 0.068
0.8-0.9 205 0.851 0.912 0.061

Note. The table summarizes calibration across confidence intervals. Mean confidence corresponds to the average
predicted probability within each bin, observed accuracy represents the empirical proportion of correct predictions
in that bin, and the absolute gap is the absolute difference between mean confidence and observed accuracy.
Smaller absolute gaps indicate better local calibration.

Integrating explainability techniques, such as SHAP and LIME, with calibration anal-
yses improves the interpretability of predictive outputs and supports their assessment
in applied contexts. As shown in Figure 1, the SHAP beeswarm plot provides a global
interpretation of the Class 4 one-vs-rest LightGBM model by ranking predictors according
to their mean absolute contribution to the model output. These global feature importance
patterns, together with the local explanations provided by LIME, allow model predictions
to be decomposed into variable-level contributions. This facilitates model traceability and
provides insight into how the trained classifier uses the available predictors to generate
both individual and aggregate predictions. This approach enhances the transparency of the
predictive system and supports the evaluation of the stability, consistency, and clinical plau-
sibility of the model outputs. Importantly, these feature contributions should be interpreted
as model-based predictive associations rather than as evidence of causal relationships.
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Figure 1. SHAP beeswarm plot for Class 4 in the one-vs-rest multiclass LightGBM model. Note.
Each point represents a test-set observation, and the horizontal axis shows the SHAP value on the
log-odds scale for the Class 4 one-vs-rest classifier. Positive values increase the model output toward
Class 4, whereas negative values reduce it. Feature colors indicate low-to-high feature values, and
variables are ranked by mean absolute SHAP value, reflecting their relative contribution to the
prediction. Clustered patterns may result from preprocessing procedures such as one-hot encoding
or standardization and should not be interpreted as clinical thresholds.

The SHAP analysis showed that the Class 4 prediction was mainly driven by a small
subset of variables, with frequency_of_consuming_vegetables, number_of _main_meals_daily,
and age contributing the greatest overall influence. Lower vegetable consumption was
consistently associated with positive SHAP values, indicating an increased model-estimated
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overweight_obes

likelihood of Class 4, whereas higher vegetable consumption contributed negatively. In
contrast, higher values of number_of _main_meals_daily and age tended to shift the model
output toward Class 4. Additional predictors, including smoking_no, liquid_intake_daily,
overweight_obese_family_no, height, physical_exercise, consumption_of_fast food_no, and
schedule_dedicated_to_technology, showed smaller but non-negligible contributions, with
effects varying across individual observations.

These findings indicate that the LightGBM model relied primarily on dietary behav-
ior, meal frequency, age, smoking status, familial overweight/obesity background, and
lifestyle-related variables to discriminate Class 4 from the other classes. Because SHAP
values quantify feature contributions to the model output rather than causal effects, the
observed patterns should be interpreted strictly as model-dependent predictive associa-
tions. Moreover, clustered or discontinuous SHAP distributions may reflect preprocessing
procedures, such as one-hot encoding and standardization, and should not be interpreted
as clinical thresholds. External validation is required before translating these attribution
patterns into clinical or public health conclusions.

As shown in Figure 2, the SHAP waterfall plot provides a local explanation for an
individual observation classified as Class 4 by the one-vs-rest multiclass LightGBM model.
The model output is on the log-odds scale. The explanation begins at the baseline value,
E[f(x)] = —6.83, representing the expected model output for Class 4 before accounting
for the specific transformed feature values of the observation. The SHAP contributions
are then added sequentially, showing how each predictor shifts the model output from
the baseline toward the final prediction. In this case, the cumulative effect of the feature
contributions yields a final model output of approximately f(x) = 15.4, corresponding to a
predicted probability close to 1.000 for Class 4.

SHAP waterfall — Class 4 sample #117. p = 1.000

f(x)=15.4

I +772

P
D

E[f(x)]=-6.83

SHAP contribution log-odds. one-vs-rest

Figure 2. Local SHAP waterfall plot for the predicted class in the one-vs-rest multiclass Light GBM
model. Note. The plot shows the local contribution of each feature to the prediction of a single
observation. The explanation starts from the expected model output, E[f(x)], which represents the
baseline log-odds for the corresponding class. Each bar indicates the SHAP contribution of one
feature: positive values increase the model output toward the predicted class, whereas negative
values reduce it. The cumulative sum of the baseline value and feature contributions produces the
final model output, f(x), which can be converted into a predicted probability through the logistic
function. Because categorical variables were one-hot encoded, apparent category indicators or
cutoff-like values should be interpreted as model-processing artifacts rather than clinical thresholds.
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For this observation, most local feature contributions were positive, indicating
that the specific combination of transformed predictor values strongly supported as-
signing the observation to Class 4. The largest positive contribution came from
number_of main_meals_daily, followed by frequency_of_consuming_vegetables, over-
weight_obese_family_no, age, consumption_of fast_food_no, and calculation_of calorie_
intake_no. These features increased the model-estimated log-odds for Class 4, shifting the
prediction away from the baseline toward the obesity class. In contrast, height produced a
negative SHAP contribution, reducing the estimated log-odds for Class 4 in this case. The
remaining features had comparatively smaller local effects on the prediction.

This interpretation should be understood as local, predictive, and model-dependent.
The SHAP values describe how the trained LightGBM classifier used the transformed
representation of this specific observation to generate its prediction; they do not establish
causal effects, biological mechanisms, or generalizable clinical rules. Likewise, variables
derived from one-hot encoding, such as category-specific indicators, and standardized
numerical values should not be interpreted as clinically meaningful thresholds. Broader
conclusions about predictor relevance should be based on complementary global SHAP
analyses, stability checks via repeated model refitting or bootstrapping, and external
validation in independent populations.

As shown in Figure 3, LIME was used to provide a local approximation of the multi-
class LightGBM prediction for an individual observation selected from the upper end of the
holdout distribution’s confidence range. Although the instance corresponded to the 85th
percentile of the model-confidence distribution within the evaluated sample, the maximum
calibrated probability remained moderate. In Figure 3a, the calibrated classifier assigned
the highest probability to Class 2 (pcal = 48.4%), with non-negligible probabilities for the
remaining classes. Therefore, this example should not be interpreted as a high-confidence
prediction but rather as a case of local model traceability under classification uncertainty.

Local explainability with LIME (LightGBM, multiclass)
Instance at the 85th confidence quantile; calibrated LightGBM model with LIME-based local explanation.

) b)
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Predicted class: 2 (p_cal = 48.4%)

100%
175 < overweigitt obese family{  -0.24|
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Figure 3. Local explainability with LIME for the multiclass LightGBM classifier. Note. Panel (a) shows
the calibrated class probabilities for the analyzed observation, with the predicted class identified
by the highest probability. Panel (b) presents the LIME-based local explanation for that prediction.
Positive contribution weights support the predicted class, whereas negative weights oppose it. The
displayed intervals and cutoff-like values result from LIME discretization and preprocessing of
standardized predictors; therefore, they should be interpreted as model-explanation artifacts rather
than clinical thresholds.

Figure 3b presents the LIME explanation for the predicted class. The largest local
contribution was associated with family history of overweight/obesity, which had a nega-
tive weight and therefore contradicted the assignment to Class 2 for this instance. Smaller
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positive or negative contributions were observed for height, age, number of main meals
per day, and type of transportation used. These contribution weights describe how the
trained LightGBM classifier used the feature values of this particular observation within
the local neighborhood generated by LIME. Accordingly, they should be interpreted as
local, model-dependent predictive contributions rather than as generalizable effects.

The inequalities and cutoff-like values shown in the LIME plot reflect the technical
discretization of standardized predictors and do not correspond to clinically validated
thresholds. Similarly, the sign and magnitude of the LIME weights indicate whether each
feature locally supported or contradicted the predicted class, but they do not imply causal ef-
fects, clinical mechanisms, or population-level associations. This clarification is particularly
important because the predicted class probability was moderate, indicating that the local
explanation describes the model’s decision process in an uncertain classification scenario.

To minimize interpretability bias from synthetic data, oversampling was applied only
during model training, not during the generation of local explanations. SHAP and LIME
explanations were computed using real observations from the test or holdout set, thereby
preserving the original data distribution at the explanation stage. Nevertheless, because the
classifier was trained on a rebalanced distribution, the learned decision boundaries—and
consequently the resulting local attributions—may still have been indirectly influenced by
the oversampling procedure.

Overall, the LIME results should be interpreted as exploratory, predictive, and model-
dependent. Their purpose is to assess local traceability and the plausibility of the classifier’s
decision for an individual observation, rather than to establish causal or clinical mecha-
nisms. In the analyzed instance, the Class 2 prediction resulted from the combined influence
of several predictors, with one dominant contradictory contribution and several smaller
supporting or opposing effects. Because the winning-class probability was only moderate,
this case is best understood as an illustration of how LIME can help audit model behavior
when class membership is uncertain. Further validation in independent datasets, together
with study designs specifically intended for causal inference, would be required before
drawing mechanistic or clinical conclusions.

5. Discussion

The present findings do not support the existence of a single classifier with statistically
demonstrable superiority over the remaining models. Although the Friedman test identified
significant global differences in weighted F1-score among the evaluated algorithms, the
Nemenyi post hoc analysis showed that the best-performing methods formed a statistically
comparable group. Specifically, Stacking, Random Forest, LightGBM, Voting, Gradient
Boosting, and Extra Trees were assigned to Group A, indicating that their differences
were not statistically significant after adjustment for multiple comparisons. Therefore, the
observed ranking should be interpreted as evidence of relative performance trends rather
than definitive statistical dominance.

This distinction is methodologically relevant. In nested cross-validation, model perfor-
mance may vary across folds due to data heterogeneity, class imbalance, and model-specific
sensitivity to training partitions. Consequently, average ranks provide a robust summary
of relative behavior across resampling iterations, whereas Nemenyi groupings prevent
the overinterpretation of small numerical differences. Under this inferential framework,
Stacking showed the most favorable average rank, while LightGBM achieved the highest
mean weighted Fl-score. However, neither model demonstrated statistically significant
superiority over the other top-tier classifiers. Thus, the empirical evidence supports the
existence of a compact cluster of high-performing and statistically indistinguishable models
rather than a single optimal classifier.
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From an applied perspective, the selection of LightGBM as the final model can be
justified on practical grounds. LightGBM combined the highest mean weighted F1-score
with competitive ranking stability and membership in the best statistical group. This is
consistent with previous evidence showing the effectiveness of gradient-boosted tree mod-
els in structured biomedical and obesity-related prediction tasks, including applications
based on electronic health records and clinical cohorts [39,42]. Nevertheless, its selection
should not be interpreted as proof of inferential superiority over Stacking, Random Forest,
Voting, Gradient Boosting, or Extra Trees, but rather as a pragmatic decision supported by
its balance between predictive performance, robustness, and implementation feasibility.

The strong performance of Stacking is also noteworthy. As a meta-ensemble, Stacking
can exploit complementary predictive patterns among heterogeneous base learners, which
may explain its favorable average rank. This finding is consistent with prior studies
suggesting that hybrid or ensemble combination strategies can improve predictive stability
by integrating models with diverse error profiles [43]. However, the absence of statistically
significant differences within Group A indicates that the advantage of Stacking is relative
rather than conclusive. In addition, its higher computational complexity and potentially
weaker calibration profile should be considered before recommending it as the preferred
option in operational settings.

The intermediate position of Bagging and XGBoost, both assigned to the overlapping
A-B group, further reinforces the importance of cautious interpretation. Their performance
was not clearly separated from either the highest-performing group or the lower-performing
group, suggesting moderate but less stable competitiveness. In contrast, AdaBoost was the
only classifier assigned exclusively to Group B, confirming its inferior relative performance
for the multiclass obesity classification task. This result is consistent with the broader
observation that more robust ensemble and boosted-tree approaches generally outperform
less adaptive classical ensemble configurations in complex clinical prediction problems.

Beyond discrimination, clinical and public-health applications require models that
are interpretable and probabilistically reliable. The use of explainability methods such as
SHAP, TreeSHAP, and LIME is therefore essential to assess whether model predictions
are traceable, clinically plausible, and consistent with known obesity-related predictors.
Previous studies have emphasized the value of SHAP-based interpretation in LightGBM
and other machine-learning models for obesity-status classification, particularly when
translating model outputs into understandable risk profiles [39,40,46,47]. However, these
explanations should be interpreted as model-dependent predictive associations and not as
evidence of causal effects.

Calibration is another critical consideration. In clinical decision-support contexts,
reliable probabilities are often more useful than class labels alone, particularly when
predictions inform screening, prioritization, or risk stratification. Therefore, discrimination
metrics such as weighted F1-score, accuracy, and ROC-AUC should be complemented with
calibration measures, including the Brier score, expected calibration error, and reliability
plots. This recommendation is aligned with prior methodological guidance emphasizing
the joint reporting of discrimination and calibration in obesity and overweight prediction
models [55]. Accordingly, even when a model shows strong classification performance, its
practical utility depends on whether its predicted probabilities are sufficiently reliable for
decision-making.

Overall, the results indicate that model selection should not be based solely on the
highest rank or marginal differences in predictive metrics. Instead, when several classifiers
are statistically comparable, the final choice should incorporate additional criteria such as
calibration quality, interpretability, computational cost, robustness, and ease of deployment.
In this study, LightGBM represents a well-supported practical choice, while Stacking
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remains a highly competitive meta-ensemble alternative. Random Forest, Voting, Gradient
Boosting, and Extra Trees also constitute viable options when implementation simplicity,
stability, or interpretability are prioritized. Thus, the main contribution of the comparative
analysis is not the identification of a universally superior model, but the demonstration of a
statistically supported set of robust alternatives for multiclass obesity-status classification.

6. Conclusions

This study provides a comparative evaluation of ensemble and meta-ensemble learn-
ing methods for multiclass obesity-status classification using a leakage-aware validation
framework. The statistical analysis showed significant global differences among classifiers;
however, the Nemenyi post hoc test did not identify a single model with clear statistical su-
periority. Instead, the best-performing algorithms formed a statistically comparable group,
indicating that model selection should be interpreted in terms of inferential equivalence
rather than absolute dominance.

Within this statistically comparable group, LightGBM was selected as the final model
because it achieved the highest mean weighted F1-score and showed a favorable overall
profile across discrimination, agreement, and calibration-related measures. Nevertheless,
this selection should be understood as a practical and methodological decision, rather
than as evidence of statistically significant superiority over Stacking, Random Forest,
Voting, Gradient Boosting, or Extra Trees. Stacking also showed competitive predictive
performance, supporting the usefulness of meta-ensemble strategies; however, its higher
computational complexity and weaker calibration profile should be considered before
practical implementation.

The main limitations of this study include the use of a single publicly available dataset,
the absence of independent external validation, the potential influence of oversampling
on learned decision boundaries, and the fact that SHAP- and LIME-based explanations
reflect model-dependent predictive associations rather than causal mechanisms. Moreover,
because the dataset was derived from a specific population and data-collection context,
the findings should not be directly generalized to other clinical or public-health settings
without further validation.

Future research should evaluate these models in independent, multicenter, and de-
mographically diverse cohorts; examine subgroup-level performance and fairness; assess
calibration across different populations; analyze the stability of SHAP- and LIME-based
explanations; and monitor model behavior under real-world deployment conditions. These
additional analyses are necessary to determine whether the observed performance patterns
remain consistent beyond the dataset analyzed in this study.
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