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INTRODUCTION

Data-driven analytical methods play an increasingly important role in
modern decision-making processes across diverse application domains[10]. Real-
world datasets often exhibit nonlinear relationships, heterogeneous structures,
and complex interactions among variables, posing challenges for conventional
analytical approaches. In this context, applied machine learning techniques have
emerged as effective tools for extracting patterns and supporting analytical
decision making.

Ensemble learning methods, such as Random Forest and Gradient
Boosting, have demonstrated strong performance in handling complex and noisy
data by aggregating multiple weak learners. These approaches provide
improved robustness and generalization capabilities while maintaining a degree
of interpretability, making them particularly suitable for applied computing
applications.

This study proposes an applied ensemble machine learning framework for
data-driven decision support. A socioeconomic dataset is employed as a real-
world case study to demonstrate how ensemble models can be utilized to analyze
complex relationships and generate interpretable insights. Rather than focusing
on algorithmic novelty, the study emphasizes practical applicability, robustness,
and analytical value within applied computing and informatics contexts.

LITERATURE REVIEW

A member Child stunting research spans multiple domains including
public health, socioeconomics, artificial intelligence, and complex systems
theory. Traditional epidemiological studies reported by previous researchers
have highlighted a linear relationship between determining factors such as
maternal education, poverty, sanitation, and nutritional status.

Global reports from UNICEF (2021) and WHO (2020) highlight
environmental and socioeconomic interactions yet continue through
regression-based frameworks that cannot capture nonlinearities or emergent
behaviors.

Machine learning has increasingly been adopted for predicting
malnutrition, health risks, and socioeconomic vulnerability. Ensemble
learning methods including Random Forest and Gradient Boosting—
outperform classical regression and offer interpretability.

Recent studies show successful use of ensemble models for predicting
anemia, poverty, malnutrition, and disease risk. Still, literature lacks system-
level modeling framing stunting as an emergent socio-nutritional
phenomenon.

Complex systems theory emphasizes nonlinear dynamics and
interdependence. This study integrates such perspectives with machine
learning to model stunting within a socio-nutritional systems framework.

The dataset contains demographic, socioeconomic, and nutritional
indicators related to child stunting. The target variable is Indicator, while
inputs include Gender, Age, Maternal Education, Residence, Poverty Rating,
Year, and Observation Value.
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Preprocessing included missing-value handling, encoding, scaling,
and an 80:20 train-test split with feature engineering,.
Table 1. This table is summary of Dataset Features

Feature Name Type Description

Indicator Numeric Target stunting indicator
Gender Categorical |Child’s biological sex

Age Numeric Child age

Maternal Education  Ordinal Mother’s education level
Residence Categorical |[Urban/rural classification
Poverty Rating Ordinal Socioeconomic score

Year Numeric Observation year
Observation Value  [Numeric Additional measurement
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Figure 1 Overview of the proposed ensembled learning framework for stunting
prediction.

System Modeling of Stunting as a Complex Socio-Nutritional System

Child stunting is modeled in this study as an outcome of complex socio-
nutritional system[22] characterized by nonlinear interactions among
demographic, socioeconomic, and environmental variables. Let the system be
defined as:

S={X,Y, f())

where X€R”(nxd)represents the input feature space consisting of
demographic and socioeconomic indicators, YER”ndenotes the continuous
stunting indicator, and f(-)is an unknown nonlinear mapping function.

The feature vector for each observation is defined as:

xi = [gi, ai, ei, ri, pi, yi, oi]
where girepresents gender, aiage, eimaternal education level, riresidence

type, pipoverty rating, yiyear of observation, and oiobservation value. These
variables interact in a non-additive manner, forming a complex system that
cannot be sufficiently modeled using linear statistical approaches.

Supervised Learning Problem Formulation
The stunting prediction task is formulated as a supervised regression
problem aimed at modeling the nonlinear relationship between socio- nutritional
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determinants and child growth outcomes. Given a dataset {(x; y)}", where xi €
Rddenotes a vector of demographic, socioeconomic, and nutritional features and
yi € Rrepresents the corresponding stunting indicator, the objective is to learn an
unknown mapping f(x; 8)parameterized by 6. This function approximates the
underlying system dynamics governing stunting outcomes by minimizing the
discrepancy between observed and predicted values across the population.
% = f(x;6)
The learning objective is to minimize the empirical risk:

min » 1 L(y,yD

where L(-)denotes a loss function that quantifies the discrepancy between
observed stunting indicators and their corresponding model predictions. By
minimizing this loss over the training data, the learning process enables the
model to approximate the underlying nonlinear relationships governing socio-
nutritional dynamics. This formulation facilitates the capture of complex
dependencies, interactions, and emergent patterns among demographic,
socioeconomic, and environmental factors that collectively influence child
growth outcomes.

Ensemble Learning Formulation
Random Forest Regression

Random Forest is an ensemble learning method that constructs a set of
decision trees using bootstrapped samples of the training data. The final
prediction is obtained by averaging the outputs of individual trees:

T
1
y(x) =T 3 ht (%)
t=1

where Tdenotes the total number of decision trees in the ensemble and
ht(x)represents the prediction generated by the t-th individual tree. By
aggregating the outputs of multiple weak learners trained on bootstrapped
samples and randomly selected feature subsets, Random Forest effectively
reduces model variance and mitigates overfitting. This ensemble mechanism
enhances generalization performance and robustness, making the method
particularly well suited for high-dimensional, heterogeneous, and noisy
socioeconomic data commonly encountered in stunting prediction tasks.
Gradient Boosting Regression

Gradient Boosting constructs an additive predictive model by sequentially
titting weak learners to the residual errors [2] produced by preceding models. At
each iteration, the algorithm incrementally refines the model by focusing on
observations that are not adequately explained by earlier stages, thereby
progressively improving overall prediction accuracy. The resulting ensemble
captures complex nonlinear relationships by combining multiple weak learners
into a strong composite model. Formally, the model at iteration mis defined as:

Fm(x) = Fm—1(x) + ymhm(x)
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where hm(x)denotes the base learner introduced at iteration mand
ymrepresents the learning rate that controls the relative contribution of each
learner to the overall ensemble. This iterative optimization process allows
Gradient Boosting to incrementally refine model predictions by emphasizing
residual structures pretable, thereby enabling the capture of complex nonlinear
patterns and subtle interactions among socio-nutritional variables. As a result,
the model effectively balances bias and variance while achieving strong
generalization performance on heterogeneous datasets.

Optimization Strategy and Model Robustness

Both ensemble models are designed to minimize the empirical loss
function while preserving robustness against noise and overfitting. Through
ensemble averaging and boosting mechanisms, these approaches introduce
implicit regularization by reducing sensitivity to individual data perturbations
and stabilizing model predictions across heterogeneous samples[4]. Such
properties are particularly important when modeling real-world public health
data, which are often characterized by measurement uncertainty, missing
information, and substantial socioeconomic variability. Consequently, ensemble-
based learning provides a reliable framework for capturing complex socio-
nutritional dynamics under realistic data conditions.

Evaluation Metrics
Model performance is evaluated using three standard regression metrics,

which are widely adopted in predictive modeling to assess accuracy, error
magnitude, and explanatory power. These metrics provide a comprehensive
evaluation of model behavior by jointly capturing absolute prediction error,
squared deviation sensitivity, and the proportion of variance explained by the
model.
Mean Absolute Error (MAE)

n

1

MAE=Y | yi-yi|

Mean Squared Error (MSE)
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These metrics quantify prediction accuracy, error magnitude, and
goodness of fit respectively, providing a comprehensive evaluration of ensemble
model performance.

METHODOLOGY

The proposed methodology integrates ensemble learning with a complex
systems perspective to model child stunting as an emergent socio-nutritional
phenomenon arising from nonlinear interactions among multiple
determinants[18]. By combining rigorous mathematical formulation, nonlinear
predictive modeling, and interpretability-oriented evaluation, the proposed
framework provides a robust and scalable analytical approach for public health
decision support. Moreover, the framework facilitates early-warning and risk
identification by enabling data-driven insights into structural drivers of stunting
within heterogeneous populations.

Experimental Setup

All experiments were conducted using Python 3.10 and standard scientific
computing libraries, including scikit-learn, Pandas, and NumPy. Model training
and evaluation were performed on an Intel Core i7 computing platform. The
dataset was partitioned using an 80:20 train-test split, and model robustness was
further assessed through 5-fold cross-validation with a fixed random seed (seed
= 42) to ensure reproducibility and consistency of the experimental results.

Table 2. This Table Hyperparameter Settings

Model Hyperparameter [Value
Random Forest n_estimators 300
Random Forest max_depth None
Random Forest ~ jmin_samples_split 2
Gradient Boosting n_estimators 200
Gradient Boosting [learning_rate 0.05
Gradient Boosting max_depth 3
Gradient Boosting [subsample 0.8

RESEARCH RESULT AND DISCUSSION
Predictive Performance of Ensemble Models

The predictive performance of the proposed ensemble learning models
was evaluated using Mean Absolute Error (MAE), Mean Squared Error (MSE),
and the coefficient of determination (R?). These metrics provide complementary
insights into absolute error magnitude, sensitivity to large deviations, and
explanatory power of the models. Let y*RFand y”GBdenote the predictions
generated by the Random Forestandi i  Gradient  Boosting  models,
respectively. Experimental results indicate that both models achieve strong
predictive accuracy, confirming their suitability for modeling nonlinear socio-
nutritional systems. Gradient Boosting consistently achieved lower MAE and
MSE values, indicating superior error minimization performance[19]. This
behavior can be inconsistencies, socioeconomic heterogeneity, and temporal
measurement gaps across populations.
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Stability and Robustness Analysis

Beyond raw predictive accuracy, model robustness constitutes a critical
consideration in public health analytics, particularly when dealing with
heterogeneous and uncertain real-world data. Ensemble learning methods
inherently reduce variance by aggregating multiple weak learners, thereby
stabilizing predictions across diverse socioeconomic strata[20]. In this study,
Random Forest demonstrates strong robustness characteristics as a result of
bootstrap aggregation, which effectively mitigates overfitting and reduces
sensitivity to noisy or incomplete observations. Gradient Boosting, while
generally more sensitive to hyperparameter configuration, exhibits stable
convergence behavior when appropriate learning rates and subsampling
strategies are employed. Such robustness is especially important for modeling
stunting outcomes, where data uncertainty frequently arises from reporting
indicating superior error minimization performance.

Actual Versus Predicted Response Analysis

To further assess model fidelity, the relationship between observed
stunting indicators yiand their corresponding predicted values y”iwas examined
using scatter plots. Under ideal predictive conditions, all observations would
align along the identity line y = y”, indicating perfect agreement between
predicted and actual outcomes. Empirical results reveal that the majority of data
points cluster closely around this diagonal reference line, demonstrating strong
concordance between model estimates and observed stunting indicators.

Deviations observed at extreme values are primarily attributable to
inherent data noise, measurement uncertainty, and unobserved contextual
factors, highlighting the intrinsic complexity of modeling real-world socio-
nutritional systems.

Feature Importance and System Interpretability

One of the primary advantages of ensemble tree-based models lies in their
inherent interpretability through feature importance analysis [30]. Let /jdenote
the relative importance score associated with the j-th feature, which reflects its
contribution to the predictive performance of the model. Empirical results
indicate that Poverty Rating and Maternal Education consistently exhibit the
highest importance scores across both ensemble models [10], suggesting that
economic capacity and maternal knowledge function as dominant structural
drivers within the socio-nutritional system. Additional variables, including Age
and Residence, also demonstrate meaningful contributions, reflecting
demographic and environmental influences on child growth patterns. These
tindings align with established epidemiological evidence while simultaneously
providing a data-driven quantification of variable influence within a complex
systems modeling framework.

System-Level Interpretation and Nonlinear Interactions
From a complex systems perspective, stunting emerges not as the result of
isolated determinants, but as a system-level outcome driven by nonlinear and
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interdependent interactions among socioeconomic variables. Ensemble learning
models implicitly capture such interactions by recursively partitioning the
feature space and aggregating decision boundaries across multiple learners,
thereby approximating the underlying structure of the socio-nutritional
system[21]. In this context, the superior performance of Gradient Boosting can be
attributed to its ability to model higher-order interactions through sequential
residual learning, allowing it to capture subtle dependencies among variables,
particularly within populations characterized by overlapping socioeconomic
vulnerabilities. Random Forest, by contrast, provides a more conservative yet
robust approximation of system behavior, emphasizing stability and variance
reduction through bootstrap aggregation.

Implications for Public Health Decision Support

The results demonstrate that ensemble machine learning models can serve
as effective analytical components of early-warning systems in public health
attributed to its sequential residual optimization mechanism, which
incrementally corrects prediction errors and enhances model sensitivity to
complex interaction patterns contexts. By identifying dominant predictors and
quantitatively capturing nonlinear interactions among socio- nutritional
variables, the proposed framework supports evidence-based intervention
planning, risk stratification, and strategic resource prioritization. From an
engineering perspective, the framework provides a scalable and interpretable
modeling pipeline capable of integrating heterogeneous socio-nutritional data
across populations and temporal settings. This positions ensemble learning as a
viable methodological bridge between data science, applied mathematics, and
epidemiological system analysis, enabling robust analytical support for complex
public health decision-making processes.
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CONCLUSIONS AND RECOMMENDATIONS

This This study presented an applied ensemble machine learning
framework for data-driven decision support using socioeconomic data as a real-
world case study. By integrating Random Forest and Gradient Boosting models,
the proposed approach demonstrates robust predictive performance and
interpretability under heterogeneous data conditions.

The findings highlight the practical applicability of ensemble learning
techniques for applied computing and informatics applications, particularly in
scenarios requiring robust analysis and system-level understanding rather than
algorithmic complexity. Future work may extend the framework to incorporate
temporal dynamics and additional data modalities to further enhance analytical
capabilities. From an applied computing perspective, the results demonstrate
that ensemble learning models can function as reliable analytical tools for
decision support in complex data environments. The stability observed across
different evaluation metrics highlights the robustness of the proposed
framework when applied to heterogeneous socioeconomic datasets.

ADVANCED RESEARCH

Based on the findings of this study, future (advanced) research may focus
on developing a more adaptive ensemble machine learning framework by
incorporating temporal and spatial dimensions to better capture the dynamic
nature of socioeconomic change. Further studies could also explore the
integration of multimodal data sources, such as geospatial data, policy text, or
real-time data streams, to enhance analytical depth and decision-making
accuracy. In addition, strengthening the application of explainable AI (XAI)
within ensemble models is essential to ensure that predictive outcomes are not
only robust but also interpretable, thereby supporting evidence-based decision
support systems in complex and heterogeneous data environments.
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