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Abstract

Obesity represents a significant public health concern, attributable to its high prevalence and its
association with cardiometabolic comorbidities. This study compared a set of ensemble learning
models—including canonical ensembles, meta-ensembles, and baselines for tabular data—in a
multiclass obesity status prediction task using the “Obesity Dataset” (n = 1,610; 14 predictors; 4
classes). To ensure methodological rigor, a pipeline was implemented using ColumnTransformer,
standardization, one-hot encoding, and rebalancing via SMOTENC applied exclusively to the
training folds, thereby preventing data leakage. The performance of the system was evaluated using
several evaluation metrics, including accuracy, Fl-score, precision, recall, Cohen’s kappa, and
Matthews correlation coefficient. This evaluation was supplemented by a computational cost
analysis. Inferential comparisons were executed using the Friedman test and the Nemenyi post-hoc
test (a = 0.05). The findings indicated a high level of overall performance (=89-90.5% precision),
identifying a leading group of models that were statistically indistinguishable (Group A). This group
included LightGBM (90.49% + 1.38), Random Forest (90.16% + 1.70), Stacking (90.21% + 1.70), and
Extra Trees (89.69% + 1.55). It has been demonstrated that models such as XGBoost, Bagging, and
CatBoost demonstrate competitive performance with partial statistical overlap. Conversely, Gradient
Boosting and AdaBoost exhibited significantly lower performance. In summary, a single dominant
model was not identified; rather, a set of equivalent solutions was identified. The selection of a model
should be based on a balance between accuracy, computational cost, and interpretability. Random
Forest and Extra Trees are efficient options, and Stacking is a valid alternative when maximizing
predictive performance is prioritized.

Keywords: obesity; risk stratification; machine learning; ensemble learning; stacking; random forest;
gradient boosting; explainable Al

1. Introduction

Obesity has emerged as a critical public health challenge on a global scale. This is due to three
factors: its sustained growth, its complex etiology and pathogenesis, and its close association with
chronic noncommunicable diseases [1]. These include type 2 diabetes mellitus [2], hypertension [3],
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dyslipidemia, and various types of cancer [4]. The impact of the disease is distributed across the entire
life course, encompassing adults, adolescents, and children. Furthermore, the impact is
heterogeneous across different countries and regions, reflecting variations in social, environmental,
and behavioral determinants [5]. In this regard, obesity is not only a highly prevalent condition but
also a central risk factor for the progression of cardiometabolic comorbidities and systemic
complications [6].

Beyond the clinical harm it causes, obesity imposes a growing socioeconomic burden.
Associated metabolic disorders, including insulin resistance [7], metabolic syndrome, low-grade
chronic inflammation, and atherosclerotic cardiovascular disease [8], have been shown to increase
the utilization of healthcare services, productivity losses, and healthcare expenditures, thereby
compromising the sustainability of healthcare systems [9]. Projections indicate that prevalence will
continue to rise over the coming decades [10]. According to recent estimates, more than 1 billion
people are living with obesity, including approximately 650 million adults, 340 million adolescents,
and 39 million children [11]. If current trends persist, the economic impact of overweight and obesity
could reach USD 4.32 trillion annually by 2035 (=3% of global GDP) [12], and by 2050, it is estimated
that nearly 3.8 billion adults will be obese [13]. This scenario underscores the necessity for cost-
effective approaches that prioritize prevention, early detection, and risk stratification.

In response to this crisis, numerous countries have implemented population-wide interventions,
including taxes on sugary beverages, front-of-package labeling, regulations on food advertising, and
community programs. These measures have yielded modest and often unsustainable benefits [14].
Concurrently, the most efficacious clinical strategies, including advanced pharmacotherapy and
bariatric surgery, encounter substantial barriers related to cost, access, and scalability, particularly in
low- and middle-income countries [15]. Indeed, an examination of the extant evidence suggests that
the global response remains fragmented and insufficient, given the magnitude and speed of the
problem [16], requiring a comprehensive, multisectoral, syndemic approach, complemented by
analytical tools that enable the identification of at-risk subgroups and the prioritization of
intervention actions with greater precision.

In this context, machine learning (ML) has emerged as a methodological approach with the
potential to analyze clinical, biochemical, behavioral, and sociodemographic data, capturing
nonlinear interactions and generating individualized predictions that support screening and
prevention strategies [17]. Recent literature (2023-2025) demonstrates an augmentation in the
utilization of predictive applications in the domain of cardiometabolic health, with a particular focus
on models for tabular data and explainability frameworks designed to enhance clinical
interpretability [18,19]. However, individual models—for example, artificial neural networks
(ANNSs) [20], support vector machines [21], and decision trees (DTs) [22] —have demonstrated
significant limitations in real-world scenarios, characterized by heterogeneity, noise, uncertainty, and
class imbalance [23]. The literature identifies several recurring problems, including overfitting [24],
sensitivity to outliers [25], and optimization difficulties—including convergence to local optima in
non-convex, high-dimensional spaces—which can result in unstable performance and reduced
generalization ability [26].

The challenge, therefore, is not solely algorithmic; a methodological gap persists in the clinical
application of ML to obesity. Specifically, there is an absence of standardized frameworks that
comprehensively evaluate the robustness, traceability, and transparency of “black-box” models
trained on heterogeneous data with class imbalance [27,28]. This phenomenon engenders bias when
global metrics are accorded precedence over more informative indicators for multiclass and/or
imbalanced classification, such as Fl-score, area under the curve (AUC)-ROC, or per-class metrics
[29]. This limitation is further compounded by the dearth of external validation [30], which curtails
the transferability of these models to novel population contexts. Additionally, the incorporation of
interpretability methods based on feature attribution—for example, SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) is still in its early stages.
This makes it challenging to systematically link the contribution of variables to clinical knowledge,
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detect inconsistencies, and audit potential biases. As a result, uncertainty remains regarding the
actual utility of the models in public health settings [31].

In light of these limitations, ensemble learning approaches have emerged as effective
alternatives for enhancing stability and predictive performance [32]. The integration of multiple
classifiers, employing methodologies such as bagging, boosting, or stacking [33], enables ensemble
models to regulate variance, mitigate bias, and enhance robustness in scenarios where data are
incomplete, heterogeneous, or noisy [34]. Furthermore, several ensembles based on randomized trees
offer advantages in terms of interpretability, a key aspect for their clinical acceptance and eventual
implementation in public health programs [35]. In the context of contemporary tabular data,
contemporary baselines such as XGBoost, LightGBM, and CatBoost are imperative competitive
benchmarks due to their capacity to model nonlinearities and interactions, manage heterogeneity,
and sustain high performance under class imbalance. Consequently, they must be incorporated into
methodologically equitable comparisons [36,37].

Within this framework, the objective of this study is to develop and evaluate a set of canonical
ensembles (e.g., Random Forest, Extra Trees, and AdaBoost/Gradient Boosting) and Stacking-based
meta-ensembles for a multiclass classification scenario for obesity risk/status, comparing their
performance using stratified cross-validation. The performance of these models is quantified using
several metrics, including accuracy, precision, recall, Cohen’s kappa (Cohen’s k), and Matthews
correlation coefficient (MCC). All metrics are reported as the mean (%) + standard deviation (SD)
across the cross-validation folds, while computational time is expressed in seconds (s). This approach
enables a comprehensive characterization of the discriminative power, performance stability, and
degree of agreement of the evaluated models.

To support the inferential robustness of the benchmarking, a comparative framework will be
used that includes nonparametric analysis (Friedman test) and Nemenyi post-hoc tests, enabling the
identification of significant differences between models. Furthermore, agreement metrics (Cohen’s k
and MCC) will be incorporated to quantify predictive consistency and alignment with the diagnostic
reference. Additionally, global interpretability (SHAP) and local explainability (LIME) will be
integrated to assess clinical coherence, identify determining variables, and explore potential bias
patterns.

In accordance with the preceding framework, the study proposes a predictive, explainable, and
interpretable architecture. This study offers three principal contributions, providing verifiable
evidence for the aforementioned assertions: (i) it proposes a reproducible methodological protocol
for the multiclass prediction of obesity risk/status that integrates preprocessing, handling of
heterogeneity and data imbalance, hyperparameter optimization, and stratified cross-validation; (ii)
it establishes a comparative benchmark against canonical ensembles and contemporary baselines
based on Gradient Boosting (XGBoost, LightGBM, and CatBoost), supported by statistical inference
using Friedman and Nemenyi post-hoc tests, and incorporating complementary metrics—MCC and
Cohen’s k—to quantify stability, reliability, and agreement in performance; and (iii) it incorporates
an integrated global-local interpretability framework—combining SHAP and LIME—to audit the
model’s clinical consistency, identify key predictors at the population level, and explain individual
decisions, facilitating its transfer to applied scenarios for screening and clinical decision support.

2. Literature Review

Obesity represents a significant challenge to contemporary public health, owing to its
multifactorial and multisystemic etiology. In this context, ML algorithms have demonstrated their
efficacy as a robust methodological alternative for early risk prediction. These algorithms enable
nonlinear modeling, capture high-order interactions, and integrate high-dimensional data with
collinearity, noise, and class imbalance. By doing so, they overcome the limitations of traditional
statistical approaches and facilitate clinically useful risk stratification.

One of these early studies is that of Dugan et al. [38], which presented an early prediction of
childhood obesity before the age of two by analyzing clinical cohorts and classical algorithms (ID3,
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Random Forest, Naive Bayes). First, although the study was innovative, it did not provide a
comparative statistical analysis, and only conventional measures were evaluated.

A marked increase in methodological complexity has been observed since 2020. Fu et al. [39]
incorporated interpretable modeling techniques (LightGBM and SHAP analysis) into a cohort of
preterm infants while examining early body mass index (BMI) trajectories, along with maternal BMI,
as important predictive factors. Concurrently, Colmenarejo [2] has voiced concerns regarding the
application of ML and deep learning in the context of pediatric electronic health records (EHRs),
concluding that these tools demonstrate superior performance in comparison to classical statistical
regression methods. Furthermore, the author has identified deficiencies in the clinical validation
process.

Concurrently, Ferdowsy et al. [3], reported that the Logistic Regression algorithm attained the
highest level of accuracy (97.09%) in comparison to the other classifiers evaluated. Conversely, the
Gradient Boosting algorithm exhibited the least optimal performance, with an accuracy of 64.08%,
and also demonstrated the lowest values across the other metrics analyzed. The approaches
underwent diversification. Shi et al. [40] applied the Bagging-based Feature Selection framework
integrating MapReduce (BFSMR), an ensemble learning model combined with weighted feature
voting. This approach was used to identify informative clinical factors among more than 426,000
patients. Pang et al. [41] applied XGBoost to a dataset comprising over 800,000 pediatric visits and
achieved an AUC of 0.81 in their prediction of future obesity. In local areas, Ferdowsy et al. [3]
provided complementary evidence, while Safaei et al. [7] conducted a systematic review of 93 studies.
Notwithstanding their magnitude, these studies did not take into account adjusted p-values or
multiple statistical comparisons.

In 2022, research concentrated on advanced architectures. Cheng et al. [8] employed long short-
term memory (LSTM) networks to predict BMI in pediatric cohorts with missing values, and Liu et
al. [42] utilized deep reinforcement learning to identify gut microbiome biomarkers for obesity.

Recent studies conducted in 2023 offer additional evidence that lends further credence to the
efficacy of ensemble models. Solomon et al. [43] proposed a hybrid majority-voting model composed
of Gradient Boosting and XGBoost phylogenetic tree algorithms, as well as multi-layer perceptron
(MLP) ANNSs, achieving 97.16% accuracy on intensive care unit (ICU) datasets. In a similar vein,
Abnoosian et al. [44] employed a set of multiple classifiers for patients with diabetes, achieving an
AUC close to 1.0. Additionally, Matt et al. [45] conducted a comparative analysis of 10 algorithms,
determining that Random Forest and Logistic Regression emerged as the most resilient. However,
the validity of these studies is constrained by the absence of multicenter external validation through
rigorous statistical analysis to ascertain the statistical significance of the observed differences between
algorithms.

Recent research has centered on the development of hybrid models and the integration of
interpretability techniques. Helforoush and Sayyad [46] presented a novel approach that integrates
an ANN-Please check whether the included term expansion is appropriate: particle swarm
optimization (PSO) method, enhanced by the use of SHAP. This approach has been shown to yield
significant advancements in comparison to conventional regression methods. In a similar vein, Sun
et al. [47] employed Gradient Boosted Decision Tree (GBDT) on large international cohorts (China
Health and Nutrition Survey [CHNS] and National Health and Nutrition Examination Survey
[NHANES]) to identify physical inactivity and alcohol consumption as key determinants in
predicting obesity. In a similar vein, Airlangga [18] investigated the potential of obesity classification
through the utilization of self-reported data from Mexico, Peru, and Colombia. This study involved
the evaluation of eight ML algorithms. The study demonstrated the effectiveness of ensemble
techniques, particularly Gradient Boosting, with an accuracy of 96.49%, in capturing complex
interactions among demographic, behavioral, and lifestyle variables. It also highlighted the
limitations of simpler classifiers, such as Naive Bayes and AdaBoost. Conversely, Cizmeci and
Incekara [58] developed a hybrid model based on ensemble Stacking that achieved 98.58% accuracy,
with consistent metrics in terms of F1-score, AUC, and a k-value of 0.9834. This model demonstrated
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superior performance in comparison to individual classifiers and exhibited considerable promise for
incorporation into public health decision-support systems. Consequently, it provided substantial
evidence supporting the efficacy of hybrid and ensemble approaches in obesity risk classification.

In summary, the reviewed literature demonstrates a persistent transition from classical
approaches toward more complex architectures, accompanied by documented enhancements in
accuracy, robustness, and generalizability. However, this evolution is accompanied by a
methodological gap that limits the comparability and inferential scope of the results. First, there is a
largely unsystematic incorporation of adjusted agreement metrics—in particular, Cohen’s x and
MCC—despite their utility for evaluating performance in multilabel contexts and potential
imbalance. Indeed, these metrics are explicitly reported only in the study by Cizmeci and Incekara
[19] Second, the application of nonparametric statistical procedures (e.g., Friedman with Nemenyi
post-hoc comparisons) to rigorously establish whether the observed differences between
algorithms—including contemporary Gradient Boosting-based baselines—are statistically significant
under a comparable evaluation protocol is uncommon.

Moreover, there is a paucity of systematic analyses of interpretability and explainability
employing model-agnostic approaches, such as SHAP for global interpretation and LIME for local
explanation of predictions. The dual absence of sufficient inferential support and constrained
explanatory auditing impedes the generalizability of findings, hinders the critical evaluation of
clinical coherence, and undermines the formulation of standardized methodological
recommendations. Consequently, the development of a benchmarking framework is imperative. This
framework should not only facilitate comparisons between models and competitive benchmarks,
such as XGBoost, LightGBM, and CatBoost, but also incorporate methods such as Friedman-
Nemenyi, Cohen’s k/MCC, and a SHAP/LIME scheme. This integrated approach will empower
researchers to draw comparative and clinically interpretable conclusions, thereby enhancing the
understanding of the field.

3. Methodology

The development of the model was informed by the methodology employed in ML design,
which is outlined below.

3.1. Data Source

A publicly available dataset on Kaggle was utilized from the “Obesity Dataset” repository
(Sulak, 2024; accessed June 27, 2025; URL: https://www kaggle.com/code/zachorwin/data-science-
for-change#Introduction-and-Problem-Statement), whose source, collection protocol, and structure
are documented in the source article by Koklii and Sulak published in the Sinop University Journal of
Natural Sciences (2024). In the aforementioned study, data were collected via an online survey
administered to 1,610 participants residing in Turkey, with institutional ethical approval (decision
2023/201, Necmettin Erbakan University). For this study, the version with 15 variables was utilized.
The model comprises 14 predictors and 1 target variable, designated as “Class.” The predictor
variables in question were as follows: Sex, Age, Height, Overweight_Obese_Family,

Consumption_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; while the target variable (Class) defines a multiclass outcome of body
weight status into four categories coded as 1-4 (Underweight =1, Normal =2, Overweight =3, Obesity
= 4), with distributions of 73 (4.5%), 658 (40.9%), 592 (36.8%), and 287 (17.8%), respectively. In
conclusion, given that the source article has been published under a Creative Commons Attribution—
NonCommercial 4.0 (CC BY-NC 4.0) license, the dataset was reused in accordance with the terms of
that license. This ensured proper attribution and restricted its use to noncommercial purposes.
Consequently, access to and utilization of the data were executed in accordance with the stipulated
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terms of use of the repository on Kaggle, encompassing the prevailing conditions for downloading,
employing, and redistributing the data.

3.2. Data Preprocessing

An initial exploratory analysis of the dataset was conducted using descriptive statistics to
identify missing values, data type inconsistencies, and potential anomalies in the distribution of
variables relevant to obesity prediction. This analysis verified the structural integrity of the database,
revealing no missing values, which ensured the completeness of the dataset from the outset.

As no missing values were identified, the application of imputation techniques was rendered
unnecessary. To address the presence of outliers, Z-score analysis was employed to retain only those
records that were plausible within the context of the risk prediction model and/or obesity levels.
Furthermore, the drop_duplicates() function was employed to eliminate redundant observations,
thereby preventing potential biases in the training process and ensuring the accuracy of predictive
performance estimates.

Categorical variables were transformed using one-hot encoding with the OneHotEncoder and
pandas.get_dummies() functions, ensuring they were properly represented in ML algorithms.
Furthermore, normalization and standardization techniques—specifically StandardScaler—were
employed to standardize scales and enhance numerical stability during model optimization.

3.2.1. Partitioning Protocol, Hyperparameter Tuning, Preprocessing, and Handling of Imbalance

To obtain an unbiased estimate of out-of-sample performance and prevent information leakage,
a two-stage protocol was adopted. Initially, the complete dataset was partitioned using stratified
sampling, allocating 80% to the development set and 20% to the independent test set. A random seed
(random_state = 42) was employed to ensure reproducibility. The test set remained fixed during the
training, preprocessing, balancing, and hyperparameter selection processes, ensuring it did not
influence any modeling decisions.

Second, hyperparameter tuning and model selection were performed exclusively on the
development set using stratified cross-validation (k = 3) implemented within RandomizedSearchCV.
The Fl-score was used as the primary metric due to its suitability for multiclass classification with
potential class imbalance. To guarantee the integrity of the data and forestall cross-validation
contamination, a preprocessing pipeline was implemented. This pipeline entailed the integration of
a ColumnTransformer (one-hot encoding for categorical variables and standardization for numerical
variables) into an imblearn Pipeline. The imblearn Pipeline comprises the balancing method and the
classifier. In this design, the parameters of one-hot encoding, scaling, and SMOTENC are optimized
solely on the training data of each fold and subsequently applied to the validation fold without
undergoing additional retraining. This approach guarantees that the validation (and testing) sets
remain uncontaminated by information leakage.

3.3. Selection of a Learning Algorithm

The selection of ensemble learning models for obesity prediction is based on their ability to
increase the system’s accuracy and robustness by integrating multiple base classifiers within a unified
framework. This approach is particularly relevant in clinical and population-based settings
characterized by high heterogeneity and the presence of nonlinear and high-order relationships
among demographic, anthropometric, family, and behavioral variables that influence body weight
and the risk of obesity.

In this context, the selected algorithms are particularly useful for capturing synergies and
complex interactions among predictors, even in the presence of noisy or partially collinear data. This
facilitates the development of generalizable and clinically relevant models for potential integration
into public health decision support systems aimed at detecting and stratifying obesity risk.
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3.3.1. AdaBoost Classifier

The Adaptive Boosting (AdaBoost) algorithm is a boosting-based ensemble learning technique
that combines multiple weak classifiers to form a more robust and accurate predictive model for
obesity classification tasks [48]. The operation of the system is centered on the iterative allocation of
weights to observations, with the objective of augmenting the weight of misclassified instances in
each cycle. This approach ensures that subsequent classifiers are oriented toward identifying and
rectifying the errors made [49]. The contribution of each classifier to the final model is determined
inversely proportional to its error rate, favoring the most accurate estimators in the joint decision [50].

3.3.2. Gradient Boosting Classifier

The Gradient Boosting Classifier is an ensemble learning algorithm that sequentially builds
additive models, progressively minimizing a loss function using gradient descent in the functional
space [51]. In the context of obesity prediction tasks, the incorporation of a new base classifier into
the system entails the correction of residual errors from previous models. This iterative process serves
to progressively enhance the system’s predictive capacity. In contrast to AdaBoost, which adjusts the
weights of the samples based on their error, Gradient Boosting constructs a sequential model by
adjusting each new estimator to the residual gradients, offering flexibility through different loss
functions for classification [52].

3.3.3. Random Forest Classifier

The Random Forest Classifier algorithm was implemented, an ensemble learning method based
on DTs that combines multiple classifiers built on random subsets of data and features [53]. In the
context of obesity prediction, this approach enhances accuracy, reduces variability, and mitigates the
risk of overfitting. The implementation was executed using the sklearn.ensemble module,
incorporating hyperparameter tuning via grid search and stratified cross-validation [54].

3.3.4. Extra Trees Classifier

The Extra Trees Classifier (Extremely Randomized Trees) is a variant of Random Forest that
introduces a higher degree of randomization into the construction of trees [55]. In contrast to the
Random Forest method, which determines optimal split thresholds, the Extra Trees method assigns
these thresholds randomly within the subset of features at each node. In the context of obesity
prediction, this strategy has been shown to enhance diversity among trees, reduce variance, and
improve stability against noise and overfitting [56].

3.3.5. Bagging Classifier

The Bagging Classifier enhances stability and accuracy by reducing variance through training
on multiple subsets generated by bootstrap sampling [57]. In the context of obesity classification and
prediction, the ultimate prediction is derived through majority voting, a method that mitigates the
risk of overfitting and enhances the generalizability of the model.

3.4. Performance Metrics

The model’s performance is evaluated using metrics derived from the confusion matrix, which
summarizes the agreement between true labels and predictions in obesity classification tasks. As
errors may manifest as false positives or false negatives, the following terms are defined: true positive
(TP), false negative (FN), false positive (FP), and true negative (TN). Key metrics are derived from
these values.
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3.4.1. Accuracy

The proportion of accurate predictions derived from the total number of observations. In obesity
prediction, accuracy may be insufficient if there is class imbalance or if minimizing FNs is prioritized.

3.4.2. Precision

Accuracy of positive predictions; controls for FPs (e.g., classifying someone as obese who is not).

3.4.3. Sensitivity (Recall)

In the context of obesity prediction, this model quantifies the ability to correctly identify
individuals with obesity (the positive class). An FN diagnosis can result in the failure to identify a
genuine case, consequently delaying the implementation of preventive or therapeutic measures.

3.4.4. Specificity

The capacity to precisely ascertain individuals who are not obese, thereby reducing
overdiagnosis and unnecessary interventions, is paramount.

3.4.5. F1-Score

This metric has proven to be a valuable tool in the analysis of unbalanced scenarios frequently
observed in obesity prediction models. It integrates precision and recall, though in clinical practice,
recall is often prioritized to minimize FN results.

3.5. Statistical Tests

To ensure valid comparisons among multiple obesity prediction algorithms, it is essential not to
interpret differences in performance solely based on averages. Therefore, nonparametric rank-based
tests are used across multiple cross-validation partitions and/or multiple datasets.

3.5.1. Friedman Test

The nonparametric Friedman test will be used to compare the performance of three or more
models evaluated under the same partitions (e.g., stratified k-fold) and/or across multiple datasets.
This will allow for the determination of whether there are overall differences in the ranges of relevant
metrics (e.g., AUC, Fl-score, sensitivity, or k).

3.5.2. Nemenyi Post-Hoc Test

In the event that the Friedman test yields a significant result, Nemenyi post-hoc analysis will be
implemented to identify which pairs of models differ statistically significantly. This analysis will
control for the error of multiple comparisons using the critical difference based on the average ranks.

3.6. Interpretability and Explainability

Probabilistic calibration and local explainability procedures are incorporated to improve the
interpretability and reliability of the model’s outputs. Class probabilities are calibrated using
multinomial regression (softmax) applied to probabilities previously regularized via Jeffreys
smoothing (a = 0.5), with the aim of correcting overconfidence biases and ensuring probabilistic
consistency. This methodological approach has been demonstrated to yield more precise probability
estimates, thereby enhancing their interpretability and facilitating their utilization in decision-
making scenarios.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.0697.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 April 2026

4. Results

The application of ensemble models to a heterogeneous clinical-epidemiological dataset
revealed varying performance in obesity risk classification. A systematic comparison of algorithms
in the presence of complex patterns of multimorbidity and lifestyle behaviors demonstrated a
consistent advantage of ensemble approaches over individual classifiers, particularly in terms of
discrimination stability and the identification of TPs under class-imbalanced distributions.

To ensure data integrity and reproducibility, a standardized protocol was implemented for the
following variables: Sex, Age, Height, Overweight Obese_Family, Consumption_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. During the
quality control stage, the completeness of the dataset was verified, confirming the absence of missing
values; consequently, imputation was unnecessary. Subsequently, records were deduplicated to
mitigate overfitting associated with pattern replication. Categorical or ordinal variables were
transformed using one-hot encoding (excluding the first category to avoid perfect collinearity), while
numerical variables were standardized with StandardScaler to homogenize scales and promote the
stability/convergence of models sensitive to the magnitude of the variables. Finally, class imbalance
was addressed using SMOTENC, applied exclusively to the training set following the train/test split,
with the aim of preventing information leakage and preserving a valid estimate of out-of-sample
performance. This workflow enabled the management of prevalent sources of bias in predictive
studies based on demographic, anthropometric, familial, and behavioral variables, thereby
enhancing the comparability across algorithms.

Modeling and metrics. A total of five canonical ensembles were evaluated: AdaBoost, Gradient
Boosting, Random Forest, Extra Trees, and Bagging. In addition, two meta-ensembles were assessed:
Stacking and Voting. To contextualize performance relative to contemporary benchmarks on tabular
data, the comparison also included gradient boosting-based baselines: XGBoost, LightGBM, and
CatBoost. The performance of the model was evaluated using several quantitative metrics, including
accuracy, Fl-score, precision, recall, Cohen’s k, and MCC. This approach ensured that the overall
accuracy of the model was supported by metrics that were robust to class imbalance and sensitive to
agreement that was not attributable to chance.

Hyperparameter optimization was performed using RandomizedSearchCV with stratified
cross-validation across three partitions. In cases where appropriate, up to 10 configurations per
algorithm were evaluated. The combination that maximized the study’s target metric was selected
based on inter-partition stability criteria. In bagging-based methods, both Random Forest and Extra
Trees converged to configurations with a high number of trees, a loose minimum split threshold, and
controlled depth (n_estimators = 500, min_samples_split = 2, max_depth = 20). This was consistent
with an effective reduction in variance through averaging without a disproportionate increase in bias.
In the boosting approach, Gradient Boosting achieved its optimal performance with a conservative
learning regime offset by a substantial number and moderate depth of trees (n_estimators = 500,
max_depth = 10, learning rate = 0.05), favoring the capture of nonlinear interactions while
maintaining stability. Concurrently, AdaBoost was optimized with a more aggressive update scheme
and a reduced need for extensive aggregation (n_estimators = 100, learning_rate = 1.0).

In second-level ensembles, Stacking selected a Logistic Regression with regularization as its base
estimator (final_estimator__C =1.0), while the Voting scheme performed better in hard mode (voting
= “hard”), suggesting greater discrimination in contexts of disagreement among classifiers. In both
cases, the search space was bounded, so the random search effectively evaluated all available
combinations. This circumstance was taken into account when interpreting the stability of the
optimum.

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
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generalizability. This analysis provides a solid foundation for determining optimal configurations in
practical applications and future lines of research.

Table 1. Overall predictive performance (mean (%) + SD) and computational time.

Model Acc. (%) | F1 (%) Prec. (%) | Rec. (%) | x (Cohen) | MCC Time
(s)

AdaBoost 75.62 + 7543 + 7572 + 75,63 + 0.675 + 0676 = 1097
3.42 3.39 3.32 343 0.046 0.045

Gradient 90.16 + 90.14 + 9025 + 90.16 = 0.869 + 0.869 + 371.77

Boosting 2.24 2.26 227 2.24 0.030 0.030

Random Forest 90.87 + 90.82 =+ 9087 + 90.88 =+ 0.878 + 0879 =+ 16.73
2.39 2.44 2.40 2.38 0.032 0.032

Extra Trees 8983 + 8980 =+ 8986 + 89.84 <+ 0.864 + 0.865 =+ 14.81
1.90 1.97 1.96 1.89 0.025 0.025

Bagging 89.26 + 89.19 + 8927 + 89.27 <+ 0.857 + 0.857 + 3.11
2.66 2.70 2.65 2.65 0.035 0.035

Stacking 9125 + 9124 + 9128 + 9126 =+ 0.883 + 0.884 + 2153.11
1.73 1.75 1.74 1.73 0.023 0.023

Voting 90.87 + 9084 + 9091 <+ 9087 =+ 0.878 + 0.879 + 410.56
2.05 2.07 2.06 2.05 0.027 0.027

XGBoost 8945 + 8940 =+ 8949 + 8945 =+ 0.859 + 0.860 =+ 13.94
2.38 2.42 2.41 2.38 0.032 0.032

LightGBM 90.78 + 90.74 + 9087 + 90.78 <+ 0.877 + 0878 =+ 177.77
2.39 2.43 2.39 2.39 0.032 0.032

CatBoost 89.16 + 89.08 =+ 89.13 + 89.16 =+ 0.855 + 0856 + 4842
2.63 2.67 2.66 2.63 0.035 0.035

Note: Acc.=accuracy; Prec.=precision; Rec.=recall; k=Cohen’s kappa; MCC=Matthews correlation coefficient. All

values are reported as mean (%) + SD across cross-validation folds. Computational time is expressed in seconds

(s)-

A comparative evaluation of ensemble learning algorithms for obesity prediction revealed high
and consistent overall performance across discrimination and agreement metrics. Ensemble-based
models demonstrated consistent performance, with accuracy, F1-score, precision, and recall values
ranging from 89 to 91%, indicating adequate generalization ability for the multiclass classification
problem.

A comparison of the extensively utilized boosting models (XGBoost, LightGBM, and CatBoost)
with the best meta-ensemble reveals that they attain competitive performance, though they do not
surpass the latter. Specifically, LightGBM achieved an accuracy of 90.78% =+ 2.39 (F1 = 90.74% + 2.43;
Kk =0.877 + 0.032; MCC = 0.878 + 0.032), followed by XGBoost (accuracy = 89.45% + 2.38; 1« = 0.859 +
0.032) and CatBoost (accuracy = 89.16% = 2.63; « = 0.855 + 0.035). These results indicate that, while
boosting methods are considered robust baselines, their performance exhibits slight inferiority to that
of more complex ensemble strategies.

In this particular context, the Stacking model was identified as the most optimal method,
demonstrating the highest levels of performance across all key metrics. These metrics include
accuracy of 91.25% + 1.73, F1-score of 91.24% =+ 1.75, precision of 91.28% + 1.74, and recall of 91.26% =
1.73. The study demonstrated the highest levels of agreement (x = 0.883 + 0.023; MCC = 0.884 + 0.023),
indicating substantial to high levels of agreement between predictions and actual values, with robust
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resistance to randomness. This outcome aligns with the extant literature, wherein meta-ensembles
are known to frequently capture nonlinear relationships and complementarities among base models.

Random Forest (accuracy = 90.87% * 2.39; x = 0.878 + 0.032), Voting (accuracy = 90.87% =+ 2.05; «
=0.878 £0.027), and Extra Trees (accuracy = 89.83% + 1.90; 1 = 0.864 + 0.025), with accuracy differences
of less than 1 percentage point (pp) compared to the best model. Gradient Boosting also showed solid
performance (accuracy = 90.16% + 2.24; x = 0.869 + 0.030), establishing itself as a competitive
alternative. For its part, Bagging achieved slightly lower results (accuracy = 89.26% + 2.66; k= 0.857 +
0.035), although still within an acceptable range of performance.

Conversely, AdaBoost exhibited the least optimal performance (accuracy = 75.62% + 3.42; x =
0.675 + 0.046; MCC = 0.676 + 0.045), indicating its inadequacy in discerning the underlying patterns
in this problem, a deficiency that may be attributable to its susceptibility to noise and intricate class
distributions.

The computational cost analysis yielded a discernible discrepancy in efficiency. Bagging was the
most efficient method (3.11 s), followed by AdaBoost (10.97 s), XGBoost (13.94 s), Extra Trees (14.81
s), and Random Forest (16.73 s), all of which combine short processing times with high predictive
performance. CatBoost (48.42 s) and LightGBM (177.77 s) fell into an intermediate category, while
Gradient Boosting (371.77 s) and Voting (410.56 s) substantially increased computational cost. It is
noteworthy that the Stacking model exhibited the longest execution time (2153.11 s), which
significantly exceeded the execution times of the other models.

When considered as a whole, these results allow for the identification of a clear trade-off between
performance and cost. While the Stacking method enhances the predictive power and agreement, it
does so at the expense of a high computational cost, which limits its applicability in real-time
scenarios. Conversely, models such as Random Forest and Extra Trees exhibit a notably
advantageous performance—efficiency ratio, exhibiting only marginal losses in accuracy compared to
the optimal model, while concurrently demonstrating substantial reductions in computation time.

From a clinical-operational perspective, the high degree of correlation between k and MCC in
the highest-performing models (=0.86-0.88) suggests stability in classification even in the presence of
potential class imbalances, which is critical in screening and risk stratification applications. In this
regard, Random Forest and Extra Trees emerge as preferred candidates for implementation in
environments with computational constraints, while Stacking stands out as an optimal solution when
the goal is to maximize predictive performance in offline or batch processing contexts.

In summary, meta-ensembles are establishing themselves as the gold standard for obesity
prediction. Nevertheless, the selection of a model must be predicated on an explicit balance between
performance and computational cost. To that end, Stacking should be regarded as the option offering
maximum accuracy, while Random Forest or Extra Trees should be considered as robust, efficient,
and more viable alternatives for practical implementation. These findings are consistently reflected
in the results summarized in Table 2, which details the statistical comparison of the evaluated
ensemble learning models.

Table 2. Ranking of ensemble models for predicting obesity. The average accuracy is reported as the average

ranks are derived from the Friedman test, and the statistical groups correspond to the Nemenyi post-hoc test.

Model Mean (%) + SD Average rank Group (Nemenyi)
LightGBM 90.49 +1.38 2.90 A

Random Forest 90.16 £ 1.70 3.45 A

Stacking 90.21+1.70 3.70 A

Extra Trees 89.69 £ 1.55 4.05 A

XGBoost 89.54+1.70 4.45 AC

Bagging 89.59 +1.87 5.45 AC

CatBoost 89.31+1.54 5.55 AC
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Voting 88.17+2.44 6.85 AB
Gradient Boosting 85.84 +3.03 8.60 BC
AdaBoost 75.48 +4.20 10.00 B

Note. The mean (%) + SD corresponds to cross-validation. The average ranks are derived from the Friedman test,
and the groups from the Nemenyi post-hoc test (a = 0.05). Models sharing the same letter do not differ
significantly.

To ensure complete statistical traceability, Table 3 presents the significant post-hoc comparisons
derived from the Nemenyi test. This table enables the explicit identification of pairs of models that
exhibit statistically significant differences. It also quantifies the magnitude of these differences in
terms of rank and precision, thereby complementing the overall summary presented in Table 2.

Table 3. Significant post-hoc comparisons (Nemenyi, a = 0.05).

Best (rank) Worst (rank) P A A precision | Conclusion

(Nemenyi) | rank | (pp)

LightGBM (2.90)  AdaBoost (10.00) 6.99 x 106 7.10 15.02 Best >
Worst*

Random  Forest AdaBoost (10.00) 5.75 x 10~ 6.55 14.69 Best >
(3.45) Worst*

Stacking (3.70) AdaBoost (10.00) 1.42 x 10+ 6.30 14.73 Best >
Worst*

Extra Trees (4.05)  AdaBoost (10.00) 4.71 x 10+ 5.95 14.21 Best >
Worst*

LightGBM (2.90) Gradient Boosting 0.001062 5.70 4.66 Best >
(8.60) Worst*

XGBoost (4.45) AdaBoost (10.00) 0.0017 5.55 14.07 Best >
Worst*

Random  Forest Gradient Boosting 0.005554 5.15 4.32 Best >
(3.45) (8.60) Worst*

Stacking (3.70) Gradient Boosting 0.01104 4.90 4.37 Best >
(8.60) Worst*

Bagging (5.45) AdaBoost (10.00) 0.02692 4.55 14.11 Best >
Worst*

Extra Trees (4.05)  Gradient Boosting 0.02692 4.55 3.85 Best >
(8.60) Worst*

CatBoost (5.55) AdaBoost (10.00) 0.03417 4.45 13.83 Best >
Worst*

*Significant difference according to Nemenyi post-hoc test (a = 0.05). A precision in pp; ranks are from the

Friedman test (lower = better).

Tables 2 and 3 offer a synopsis of the comparative evaluation of the performance of ensemble
learning models in predicting obesity. As illustrated in Table 2, the mean accuracy (mean (%) = SD)
was obtained via stratified cross-validation. The average rank, derived from the Friedman test (where
lower values indicate better performance), is also reported. The homogeneity groups were defined
based on the post-hoc contrast of the Nemenyi post-hoc test (a = 0.05). This analytical framework
facilitates the coherent integration of absolute performance, stability across partitions, and inferential
evidence under a controlled multiple comparison scheme.
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It is important to acknowledge that the minor discrepancies observed between the average
metrics reported in the cross-validation and those considered in the Friedman-Nemenyi analysis are
attributable to variations in the aggregation procedure. Specifically, the nonparametric test is
predicated on per-fold rankings and a strictly aligned evaluation matrix across models, which may
introduce marginal variations in the aggregated metrics. However, these differences are negligible
and do not compromise the validity or consistency of the inferential conclusions derived from the
statistical analysis.

The leading group (Group A) consists of LightGBM (90.49% + 1.38; rank = 2.90), Random Forest
(90.16% + 1.70; rank = 3.45), Stacking (90.21% + 1.70; rank = 3.70), and Extra Trees (89.69% + 1.55; rank
= 4.05). Despite LightGBM demonstrating the highest mean accuracy and the lowest average rank,
the differences between these models are not statistically significant according to the Nemenyi post-
hoc test, suggesting equivalent performance from an inferential standpoint.

At a second level, XGBoost (89.54% + 1.70; rank = 4.45), Bagging (89.59% + 1.87; rank = 5.45), and
CatBoost (89.31% +* 1.54; rank = 5.55) fall into the AC group, indicating a simultaneous statistical
overlap with the top block and with intermediate performance levels. Meanwhile, Voting (88.17% +
2.44; rank = 6.85), classified in the AB group, shows no significant differences either compared to the
leading models or compared to those with moderate performance. This pattern suggests the presence
of an inferential transition zone, in which differences in mean accuracy (=1-2 pp relative to block A)
do not translate into statistically significant contrasts.

A decline in performance is observed at the bottom of the ranking, and it is more consistent.
Gradient Boosting (85.84% + 3.03; rank = 8.60), which belongs to group BC, exhibits a significant
performance deficit relative to the leading group, although it maintains a certain degree of overlap
with intermediate models. Conversely, AdaBoost (75.48% + 4.20; rank = 10.00), classified exclusively
in group B, was identified as the worst-performing model, exhibiting no evidence of statistical
equivalence to the most competitive methods.

As illustrated in Table 3, the statistically significant differences identified through the Nemenyi
post-hoc test (o = 0.05) are predominantly concentrated between the highest-performing models and
those at the lower end of the ranking, thereby forming a clearly stratified structure.

Specifically, the models from the leading group —LightGBM (rank = 2.90), Random Forest (3.45),
Stacking (3.70), and Extra Trees (4.05)—exhibited consistent superiority over AdaBoost (10.00), with
highly significant p-values (6.99 x 10-° to 4.71 x 10~*) and substantial disparities in both rank (A = 5.95-
7.10) and precision (=14.21-15.02 pp). These figures not only substantiate statistical superiority but
also reflect a salient practical advantage, thereby reinforcing the congruence between inferential
evidence and descriptive performance.

In a similar vein, LightGBM, Random Forest, Stacking, and Extra Trees exhibited a notable
enhancement in performance, surpassing Gradient Boosting (rank = 8.60), albeit with comparatively
modest margins (A precision ~3.85-4.66 pp; A rank =4.55-5.70). This pattern suggests that, while
Gradient Boosting does not reach the level of the leading model, its performance falls in an
intermediate rank, distant from the most competitive models but not as far behind as AdaBoost.

In contrast, intermediate models such as XGBoost (4.45), Bagging (5.45), and CatBoost (5.55) also
demonstrate substantial disparities when compared to AdaBoost (p < 0.05), with accuracy
discrepancies surpassing 13.8 pp. This further substantiates the finding that AdaBoost exhibits
suboptimal structural performance.

The incorporation of explainability techniques, such as SHAP and LIME, complemented by
calibration analyses, enhances the interpretability and transferability of the results in applied
contexts. Specifically, the global importance and partial dependencies derived from SHAP, in
conjunction with the local explanations provided by LIME, enable the prediction to be disaggregated
into contributions attributable to each variable, thereby facilitating model traceability. This approach
enhances the transparency of the predictive system and enables auditing processes aimed at
evaluating the stability, consistency, and clinical plausibility of the generated decisions.
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As shown in Figure 1, the SHAP beeswarm plot for the Extra Trees model in a one-vs-rest
configuration (Class 4) demonstrates that the predictive signal is predominantly influenced by a
limited set of variables that exhibit substantial clinical plausibility. The three most influential
predictors are frequency_of consuming vegetables, number_of main_meals_daily, and age,
followed by smoking status (smoking_yes, smoking no), type of transportation used
(type_of_transportation_used_yes/no), and family history of overweight/obesity
(overweight_obese_family_yes/no), while calculation_of_calorie_intake_no also makes a significant
contribution to the log-odds ratios for belonging to Class 4.

SHAP Summary — Class 4 (OVR ExtraTrees)
Beeswatm plot (fen most important features)
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Figure 1. HAP beeswarm for class 4 (one-vs-rest multiclass scheme using Extra Trees). Note. Each point
represents an observation from the test set. The horizontal position indicates the SHAP value on a log-odds
scale for the binary classifier for class 4; the colors encode the feature value (low—high). The variables are sorted
by their overall importance in this class (mean of |[SHAP|); points to the right increase the likelihood of class 4,
and those to the left decrease it. The apparent discontinuities result from one-hot encoding/standardization and

do not constitute clinical thresholds.

As further illustrated in Figure 1, frequency_of consuming_vegetables exhibits a clear color
gradient: low values (purple) are concentrated on the right side with positive SHAP values, while
high values (yellow) are concentrated on the left with negative values. This pattern suggests a
potential causal relationship between vegetable consumption and Class 4 classification. Specifically,
low vegetable consumption appears to be associated with an increased likelihood of being classified
into Class 4, while higher vegetable consumption seems to offer a protective effect. A similar, though
less pronounced, gradient is observed for age, where older ages are associated with positive SHAP
contributions, consistent with a higher probability of belonging to Class 4 in older subjects.

The complementary behavior of the smoking yes and smoking_no variables confirms the
model’s internal consistency. Specifically, active smoking tends to shift predictions toward Class 4
(positive SHAP values for smoking_yes and negative values for smoking_no), while non-smokers are
associated with predominantly negative contributions. The variables encoding mode of
transportation and family history (type_of_transportation_used_yes/no,
overweight_obese_family_yes/no) demonstrate considerable dispersion of SHAP values, suggesting
heterogeneous yet directionally consistent effects, in which more sedentary transportation patterns
and the presence of family history generally increase the predicted risk.

Finally, the calculation_of_calorie_intake_no model consistently yields predominantly positive
SHAP values, suggesting that the failure to monitor caloric intake is associated with an elevated
probability of belonging to Class 4. These inferences are strictly local and predictive. The SHAP
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values are expressed in log-odds, and therefore, the resulting probability is obtained by applying the
logistic function to the sum of the base value and the contributions. The observable discontinuities
are attributable to standardization and one-hot encoding, and as such, they should not be interpreted
as clinical thresholds. It is imperative to interpret the outcomes within the framework of the binary
Class 4 classifier and the one-vs-rest paradigm. This interpretation should not be construed as
implying causality. To obtain a more comprehensive perspective, it is recommended to compare the
outcomes with global measures of absolute mean importance and to conduct additional out-of-
sample validation.

As shown in Figure 2, the SHAP waterfall plot corresponds to a single observation classified into
Class 4 under a one-vs-rest scheme using Extra Trees. The horizontal axis is plotted on a log-odds
scale. The model commences from the baseline value E[f(x)]; this represents the classifier’s expected
value for that class in the training set. Each bar adds a local contribution, termed “ASHAP,”
associated with a specific feature. The probability of a bar shifting to the right increases the log-odds
of belonging to Class 4, while a shift to the left would decrease them. The cumulative sum of all
contributions yields the final value f(x), whose probability is obtained via the logistic transformation
o(f) = 1/(1 + exp(f)) (in this case, f(x) = 3.94, which translates to p = 0.978).

SHAP waterfall — Class 4 (sample #289, p = 0.978)
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Figure 2. Local SHAP contributions (waterfall) for the predicted class in a one-vs-rest multiclass setting using
Extra Trees. Note. The plot shows the local breakdown of the prediction for an individual instance. It starts with
the expected value E[f(x)] (base), and each bar shows the SHAP contribution ASHAP of a feature on the log-
odds scale of the binary classifier for the positive class: bars to the right increase the likelihood; those to the left
decrease it. The cumulative sum yields f(x) and the probability p=o(f). Categorical variables are one-hot encoded;

apparent cutoff points are not clinical thresholds.

In this instance, the trend is predominantly positive, reflecting substantial evidence in favor of
Class 4. The binary or one-hot encoded predictors that are present in the initial rows—such as the
number of daily main meals, the frequency of vegetable consumption, the presence of a family history
of overweight/obesity, and the calculation of caloric intake —act as the primary drivers of the increase
in log-odds, with each yellow bar quantifying the marginal contribution of the corresponding
characteristic. Shorter bars are indicative of more modest local effects. This interpretation is strictly
local and not causal; it describes how the specific combination of values in this observation modifies
the model’s output and should not be extrapolated to global rules or clinical cutoffs. To achieve a
comprehensive global characterization of the importance of the variables, it is necessary to
supplement this analysis with aggregated summaries, such as the mean |[SHAP| per feature. If
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deemed necessary, resampling procedures (e.g., bootstrapping) or training repetitions should be
employed to assess the stability of these contributions.

As shown in Figure 3, LIME illustrates the local interpretability of the multiclass prediction by
identifying the features that contribute most to the model’s decision. As illustrated in Panel (a), the
classifier assigns the analyzed instance to Class 3 with a calibrated probability of 99.4%, in contrast
to an uncalibrated probability of 75.3%. This discrepancy suggests that the base model exhibited a
tendency toward underconfidence in the high-certainty region. Multinomial calibration rectifies this
deviation, yielding probability scores that are consistent with the observed frequency. The remaining
classes exhibit residual probabilities that approach zero, a result that positions the instance at a
considerable distance from the decision boundary.

Local explainability with LIME (Extra Trees, mulficlass)

Instance at the 85th confidence quantile; calibrated Extra Trees model with LIME-based local explanation.
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Figure 3. Local explainability with LIME in a multiclass classifier. Note: Panel (a) shows calibrated probabilities
by class, demonstrating an improvement in the probabilistic consistency of the predictions. Panel (b) presents
local explanations that break down the contribution of variables to individual predictions, highlighting that the
observed cutoff points correspond to technical discretizations rather than clinical thresholds.

Panel (b) illustrates the local contributions of LIME for the predicted class. The effects are of
moderate magnitude and, for the most part, favor Class 3, a pattern that is expected when model

i

confidence is high. The transformations of the variables “number of main meals daily,” “sex,” and
“age” stand out as terms with the highest positive weights, while “type of transportation used” and
“frequency of consuming vegetables” exhibit small-scale negative contributions. It is imperative to
underscore that the observed inequalities and cutoff points are a consequence of the discretization
implemented by LIME on standardized predictors. These should not be interpreted as clinical
thresholds. Additionally, the signs and magnitudes are indicative of local relationships within the
context of the observed data and do not represent global causal effects of the model.

Indeed, the graphical evidence supports the conclusion that the model, after calibration,
produces well-fitted probabilities and that the Class 3 prediction for the analyzed instance is robust.
LIME’s local decomposition indicates that the decision is the result of the aggregate of numerous
small, yet consistent, effects rather than a single dominant predictor. This finding aligns with the
nonlinear characteristics of the classifier. For substantive interpretation, it is important to note that
the results are specific to the instance and the neighborhood considered by LIME.

5. Discussion

The findings do not provide substantial evidence to support the hypothesis that a single model
dominates the top-performing group. Instead, they suggest the presence of a set of leading models
that are statistically indistinguishable. In this context, Stacking emerges as a highly competitive
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method (average rank = 3.70), falling into Group A in Nemenyi post-hoc comparison. However,
LightGBM (2.90), Random Forest (3.45), and Extra Trees (4.05) were found to be statistically
indistinguishable, suggesting that no substantial differences exist among these models after
adjustment for multiple comparisons.

From a methodological perspective, this convergence between ranking and overall performance
suggests that leadership should be interpreted in terms of inferential equivalence rather than absolute
superiority. In particular, the utilization of average ranks derived from the Friedman test is deemed
appropriate in contexts where performance may vary across partitions due to data heterogeneity.
Under this approach, Stacking maintains competitive and stable performance, consistent with the
logic of variance-reduction-oriented meta-ensembles. However, it does not demonstrate a statistically
significant advantage over other models in the top tier.

Utilizing XGBoost, LightGBM, and CatBoost—which have gained renown for their efficacy with
tabular data—as a foundation, the findings substantiate that these models offer a reliable starting
point. However, their placement in the AC groups (XGBoost and CatBoost) or even within Group A
itself (LightGBM) reveals that, while competitive, they do not demonstrate consistent superiority
over the set of leading models. In particular, LightGBM achieves the best overall average rank;
however, there are no significant differences in performance compared to Random Forest, Stacking,
and Extra Trees, which reinforces the idea of statistical equivalence in the top tier.

In summary, rather than identifying a single “best model,” the empirical evidence suggests the
existence of a range of statistically comparable high-performance models, within which Stacking is a
robust—but not exclusive—alternative. This finding carries substantial practical implications, as it
facilitates model selection based on supplementary criteria, such as computational cost,
interpretability, or ease of implementation, without substantial compromise to predictive accuracy.

This choice is consistent with empirical and applied evidence in the literature. In the early
prediction of childhood obesity using EHR data, XGBoost can achieve outstanding performance
(AUC = 0.81), demonstrating why it is used as a strong benchmark [42]. In a similar vein, LightGBM
has been validated in clinical cohorts due to its capacity to capture nonlinear interactions and its
natural integration with interpretability frameworks such as TreeSHAP [39], thereby reinforcing its
role as a robust baseline in biomedical settings.

The results obtained from the post-hoc analysis reveal that, while the baselines remain within
Group A, the average ranks are less favorable than those of Stacking. This phenomenon,
characterized as “comparable” under the Nemenyi threshold yet exhibiting systematically worse
rankings, is to be anticipated when differences are moderate, and variability across partitions
impedes the capacity to discern high-performing methods. In practical terms, the conclusion is not
that the baselines are inadequate; rather, it is that meta-ensembles tend to capture complementarities
that manifest as overall consistency rather than drastic jumps in a single metric. This pattern aligns
with recent findings in the field, which indicate that hybrid combination strategies often outperform
individual models. For instance, a majority voting approach that integrates Gradient Boosting,
XGBoost, and MLP has been shown to improve performance relative to the best individual model
[43]. This enhancement in performance can be attributed to the diversity of errors contributed by each
component.

The Friedman-Nemenyi test is a statistical method that partitions the comparative space into
interpretable strata. Group A encompasses methods with medium-to-high precision, exhibiting no
discernible intragroup variations below the post-hoc threshold. This observation should be
interpreted as inadequate evidence to substantiate statistical superiority among specific pairs, rather
than as an indication of equality. In this context, the average rank provides complementary value by
synthesizing the accumulated evidence through partitions. The concept of stacking, which involves
maintaining the highest rank, has been demonstrated to concentrate the signal of relative dominance.

Group B, which includes Gradient Boosting and AdaBoost, exhibits substandard performance
in terms of inferential separation. This finding aligns with prior observations indicating that classical
models or those with reduced robustness tend to demonstrate diminished stability in real-world
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clinical contexts. In preliminary studies, the efficacy of tree-based methods (e.g., ID3) in predicting
childhood obesity was found to be inferior to the performance of modern ensembles. This observation
highlights the significant advancements in robustness and generalization capability that have been
achieved through the adoption of contemporary approaches.

In healthcare contexts, the usefulness of a model is not limited to classification; clinical adoption
requires interpretability and plausibility. The extant literature, as referenced in the matrix, aligns in
unison on this matter. For instance, the study by Fu et al. [39] employs SHAP/TreeSHAP to interpret
a LightGBM-based model and translate it into early risk factors, underscoring that explanation is not
merely an ancillary feature but rather an integral component of clinical value. Conversely,
Helforoush and Sayyad [46] employed SHAP to elucidate a hybrid approach (ANN-PSO) aimed at
risk profiling, underscoring how interpretation reinforces confidence and preventive action. In
adults, the application of interpretable learning to quantify the contribution of lifestyle factors (e.g.,
sedentary behavior, alcohol, and protein) has also been documented using SHAP in boosted tree
models [47]. A recent narrative review has concluded that, in the context of obesity, ML algorithms
(e.g., Random Forest, XGBoost) and the interpretability of models (with SHAP being the predominant
tool) are emerging as recurrent methodological pillars [40].

In addition, it is recommended to incorporate calibration measures, such as the Brier score and
reliability plots, along with classification metrics. This is due to the fact that, in clinical settings,
decision-making is informed by reliable probabilities rather than definitive labels. A review/tutorial
framework centered on the identification of risk factors and model performance also explicitly
highlights discrimination and calibration as relevant reporting dimensions in obesity/overweight
[58]. Consequently, Stacking’s leadership in discrimination and ranges should be accompanied by an
assessment of calibration to support risk-oriented conclusions.

From an implementation perspective, the advantages of Stacking must be weighed against its
higher computational cost. In an offline/batch scenario, the approach is justifiable as a high-
performance option; however, if latency or resource constraints are a concern, alternatives with
comparable performance (e.g., Random Forest/Extra Trees-type ensembles) may be preferable due to
their cost-benefit ratio, while also maintaining reasonable interpretability when XAI tools are
integrated. In summary, the results are consistent with strong baselines [40], improvements through
model ensembling, and the need to integrate explainability and clinical utility criteria [46], with the
methodological addition of calibration as a key reporting element.

6. Conclusions

The findings indicate that ensemble learning methods are remarkably effective strategies for
predicting obesity risk in settings characterized by population heterogeneity. However, no single
model demonstrates statistical superiority. Instead, a leading group of models that are statistically
indistinguishable from one another emerges. This group comprises LightGBM, Random Forest,
Stacking, and Extra Trees, all of which belong to Group A in the Nemenyi post-hoc test. Within this
set, LightGBM presents the best average rank, although without significant differences compared to
the other models in the top block, which reinforces the notion of inferential equivalence in terms of
accuracy.

In this context, Stacking emerges as a robust alternative among the highest-performing models,
consistent with the principle of meta-ensembles to capture complementarities among predictors and
reduce variance. However, it is imperative to interpret its superiority with caution, as there is an
absence of evidence substantiating a statistically significant advantage over Random Forest, Extra
Trees, or LightGBM. Consequently, the selection of a model should not be predicated exclusively on
marginal disparities in accuracy, but rather on a comprehensive analysis that also considers
operational criteria.

In contrast, AdaBoost demonstrated substandard performance, exhibiting statistically
significant discrepancies compared to numerous top-performing models. Gradient Boosting,
conversely, exhibited performance in the lower-middle range, manifesting substantial disparities
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compared to the leading models. The findings indicate that neither approach is a preferred option for
this task within the evaluated parameters.

From an applied perspective, the existence of a set of statistically equivalent models enables an
informed selection based on computational efficiency, interpretability, and ease of deployment,
without substantially compromising predictive performance. In this regard, Random Forest and
Extra Trees emerge as particularly attractive alternatives due to their balance between performance
and computational cost. Conversely, Stacking can be considered a suitable option when maximum
predictive power is prioritized in environments where computational cost is not a constraint.

In contemplating future research endeavors, it is imperative to enhance the clinical validity and
generalizability of the models through the following measures: The following five points must be
considered: (i) systematic calibration assessment (e.g., Brier score and reliability plots); (ii)
multicenter external validation across varying prevalence rates and covariates; (iii) equity audits in
population subgroups; (iv) incorporation of reproducible explainability techniques (such as SHAP)
alongside stability analyses; and (v) prospective monitoring of model drift and degradation in real-
world settings. The evidence supports the use of advanced ensembles as a reference strategy, not
from the perspective of a single dominant model, but as a set of robust and statistically equivalent
solutions. The selection of these solutions must align with the operational conditions and clinical
objectives of the decision support system.
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