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Abstract: Pediatric obesity remains a major public health challenge, yet substantial
variability in treatment response limits the effectiveness of standardized intervention
programs. Early assessment of short-term weight-change trajectories may provide
useful information during an intervention. This study presents a clinically interpretable
machine learning framework for predicting short-term pediatric obesity intervention
outcomes using routinely collected demographic, anthropometric, body-composition,
and early-response measurements from the ProActive Kids program. A systematic
workflow including data understanding, clinical data preprocessing, feature engineer-
ing, and predictive modeling is developed. Three complementary machine learning
paradigms, Logistic Regression, Random Forest, and Extreme Gradient Boosting
(XGBoost), are comparatively evaluated to investigate predictive performance and
feature importance. Baseline prediction models demonstrate limited predictive perfor-
mance using only pre-intervention measurements, whereas incorporation of Week-3
early-response information substantially improves prediction across all three classifiers.
Week-3 percentage weight change emerges as the dominant predictor of the Week-8
weight-reduction outcome. Waist-to-Hip Ratio, Body Fat Percentage, Body Mass
Index, and Fat-Free Mass are also identified as influential baseline variables, although
their individual importance should be interpreted cautiously because of correlations
among anthropometric and body-composition measures. These findings demonstrate
that machine learning can support short-term outcome prediction while identifying
potentially clinically relevant patterns in routinely collected pediatric obesity data. The
results highlight the predictive importance of early intervention response and may
inform future studies of pediatric obesity intervention outcomes.

Keywords: pediatric obesity; machine learning; early intervention; body composition;
predictive modeling; personalized healthcare

1. Introduction

Pediatric obesity has become one of the most significant public health challenges worldwide and is associated
with increased risks of cardiovascular disease, type 2 diabetes, metabolic disorders, and numerous long-term health
complications [1,2]. Although multidisciplinary lifestyle intervention programs have demonstrated encouraging
outcomes, treatment responses vary considerably among individual children. Some participants achieve substantial
improvements in body weight and body composition, whereas others exhibit only limited response despite receiving
similar interventions [3,4]. Understanding why children respond differently remains an important clinical question,
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as early identification of likely participants with and without weight decrease could facilitate more effective treatment
planning, improve allocation of healthcare resources, and ultimately support more personalized pediatric obesity
management [5].

Current clinical evaluation of pediatric obesity interventions primarily focuses on assessing overall program
effectiveness using conventional statistical analyses. These approaches have provided valuable evidence regard-
ing intervention efficacy and the influence of individual clinical variables [6]. However, pediatric obesity is a
multifactorial condition influenced by complex interactions among demographic characteristics, anthropometric
measurements, body composition, and physiological response to treatment. Conventional statistical approaches
generally evaluate variables individually or test predefined hypotheses, making it difficult to fully characterize
the complex relationships embedded within routinely collected clinical data. Consequently, clinically meaningful
patterns associated with the Week-8 weight-reduction outcome may remain undiscovered.

Recent advances in machine learning provide an opportunity to address this challenge. Unlike traditional
statistical methods that primarily quantify associations between individual variables and clinical outcomes, machine
learning can analyze multiple interacting clinical measurements and identify complex predictive relationships
directly from the data [7–11]. Beyond prediction, machine learning provides a powerful analytical framework
for discovering latent patterns that may not be readily apparent by using conventional statistical approaches [12].
Such knowledge has the potential to improve our understanding of treatment response while providing clinically
interpretable evidence to support individualized intervention strategies.

The objective of this study is therefore not only to develop predictive models for short-term pediatric obesity
intervention outcomes, but also to investigate whether machine learning can reveal clinically meaningful relationships
embedded within routinely collected clinical measurements. Three complementary machine learning algorithms,
representing linear, ensemble bagging, and gradient boosting learning paradigms, are investigated. Rather than
relying on a single prediction model, the proposed framework compares multiple fundamentally different learning
mechanisms to determine whether they consistently identify similar clinical predictors of weight-decrease. Such
cross-model agreement would increase confidence that the discovered relationships reflect meaningful characteristics
of the underlying clinical data rather than artifacts of a particular machine learning algorithm.

The proposed framework is evaluated by using participant data collected from the ProActive Kids (PAK)
program, a multidisciplinary lifestyle intervention designed to improve health outcomes among children and
adolescents with overweight or obesity [5]. The dataset contains routinely collected demographic, anthropometric,
body composition, and longitudinal weight measurements acquired throughout the intervention program. Because
these measurements are commonly obtained during routine clinical practice, the resulting machine learning
framework is designed to utilize readily available clinical information without requiring specialized laboratory
testing or advanced imaging. Unlike many publicly available benchmark datasets, the PAK dataset contains
longitudinal clinical measurements collected throughout an active pediatric obesity intervention program, enabling
investigation of both baseline physiological characteristics and early treatment response. Unlike previous studies
that primarily evaluated the overall effectiveness of the intervention program, the present study investigates why
individual children respond differently by combining longitudinal clinical measurements with complementary
machine learning paradigms for knowledge discovery and early outcome prediction.

An overview of the proposed machine learning framework is illustrated in Figure 1. The workflow consists of
data understanding, clinical data preprocessing, feature engineering, predictive model development, performance
evaluation, and cross-model feature importance analysis. The resulting framework provides both quantitative
prediction of intervention outcome and clinically interpretable insights into the physiological characteristics
associated with pediatric obesity intervention. Beyond improving prediction accuracy, the proposed framework
illustrates how machine learning can transform routinely collected clinical data into actionable knowledge that
supports clinical decision making and future intelligent healthcare systems [13].

The primary contributions of this work can be summarized as follows:
A clinically interpretable machine learning framework is developed that integrates systematic data understand-

ing, clinical data preprocessing, and feature engineering using routinely collected demographic, anthropometric,
body composition, and early-response measurements. The framework is designed to utilize information readily
available in routine clinical practice without requiring specialized laboratory testing or advanced imaging.

Three complementary machine learning paradigms representing fundamentally different learning mechanisms,
namely Logistic Regression, Random Forest, and Extreme Gradient Boosting, are comparatively investigated [10,14–16].
Rather than relying on a single prediction algorithm, the proposed framework examines whether different learning
paradigms consistently discover similar relationships between clinical measurements and intervention outcomes.
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PAK Clinical Dataset
N = 888 participants

Demographic, anthropometric, body composition,
and longitudinal weight measurements

Data Understanding
Cohort characteristics, variable completeness,

and initial exploratory analysis

Clinical Data Preprocessing
Data cleaning, unit standardization, missing-value handling,

transcription-error correction, and validation

Clinical Feature Engineering
Baseline feature vector xB

Early-response feature vector xE

Stratified Dataset Split
Training set: 70%
Testing set: 30%

Logistic Regression
Learns feature
contributions

Random Forest
Learns decision

structures

XGBoost
Learns residual

relationships

Performance Evaluation
Accuracy, precision, recall, F1-score, ROC-AUC,

and confusion matrix

Model-Specific Feature Importance
LR coefficients, RF importance, and XGBoost gain

Consensus Feature Importance Analysis
Cross-model agreement of clinically important predictors

Clinically Relevant Findings
Early-response indicators, body composition profile,

and predictors of the Week-8 weight-reduction

Personalized Intervention and Decision Support

Figure 1. Overview of the proposed clinically interpretable machine learning framework for knowledge discovery
and early prediction of pediatric obesity intervention outcomes. The framework integrates data understanding,
clinical preprocessing, feature engineering, complementary learning paradigms, model evaluation, consensus feature
importance analysis, and Clinically Relevant Findings to support future personalized intervention planning.

Third, comparison across multiple learning paradigms identifies a set of variables with relatively consistent
predictive importances associated with the Week-8 weight-reduction outcome. The results demonstrate that machine
learning serves not only as an accurate prediction tool but also as a knowledge discovery framework capable of
revealing potentially clinically relevant information embedded within routinely collected longitudinal clinical data.
These findings provide new insights into the roles of body composition profile and early treatment response in
supporting future personalized pediatric obesity interventions.

2. Materials and Methods

This study employed a data-driven machine learning framework to investigate whether routinely collected
clinical measurements and early intervention responses can predict short-term pediatric obesity intervention
outcomes. The overall methodology consisted of six sequential stages: (1) study cohort and dataset description;
(2) data understanding; (3) data preprocessing; (4) clinical feature engineering; (5) machine learning model
development; and (6) model evaluation. An overview of the proposed framework is illustrated in Figure 1.
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2.1. Study Cohort and Dataset

The data analyzed in this study were obtained from the ProActive Kids (PAK) Foundation, a non-profit pediatric
obesity intervention program established in 2008. The program aimed to improve body composition, physical
fitness, nutritional awareness, and overall health through a structured multidisciplinary intervention designed for
overweight and obese children and adolescents [5].

The ProActive Kids (PAK) program primarily serves children and adolescents with overweight or obesity.
Participants enrolled in the program were required to have a body mass index (BMI) at or above the 85th percentile
for their age and sex. Prior to enrollment, anthropometric measurements were verified by healthcare providers to
ensure consistency with program eligibility requirements.

The intervention consisted of an intensive eight-week program integrating supervised physical activity,
nutritional education, lifestyle modification, and family participation. Participants attended structured exercise and
educational sessions throughout the week, while parents or primary caregivers actively participated in family-based
educational activities designed to reinforce healthy behavioral changes outside the program [1,5].

The original database contains demographic information, anthropometric measurements, body composition
variables, attendance records, and longitudinal weight measurements collected throughout the intervention period [17].
These routinely collected clinical variables served as the foundation for subsequent data preprocessing, feature
engineering, and predictive modeling.

The PAK dataset was collected from 2010 to 2017 as part of an eight-week pediatric obesity intervention
program. Program inclusion criteria were: (1) BMI at or above the 85th percentile for age and sex; (2) age
5–17 years; and (3) residence in Cook, DuPage, Will, or Kane County, Illinois. Age and weight eligibility were
validated by a healthcare provider. No additional exclusion criteria were specified for participation in the PAK
program. The analytical dataset included participants ranging from 5 to 19 years of age, with a small number of
observations above the program’s intended age range. Height, weight, body fat percentage, and fat-free mass were
collected by PAK-trained personnel using standardized measurement procedures. Body composition, including
body fat percentage, was assessed using bioelectrical impedance analysis (BIA). Waist circumference was measured
horizontally at the midpoint between the lower edge of the last palpable rib and the iliac crest, and hip circumference
was measured horizontally around the widest portion of the buttocks using a flexible, non-stretchable measuring tape.
Right Fit Sport Wellness trained PAK personnel in the standardized body-composition measurement procedures.
Measurements were collected at Weeks 1 and 8, with selected measurements also collected at Weeks 3 and 5.

Raw weight and BMI measurements were retained as predictive variables to characterize within-participant
changes during the eight-week intervention. For clinical assessment and program eligibility, BMI was interpreted
using age- and sex-specific pediatric growth charts.

Participant data were de-identified by PAK before being provided to the researchers. All participants or their
parents/legal guardians provided informed consent prior to participation. The de-identified dataset was therefore
considered exempt from IRB review.

2.2. Data Understanding

Before predictive modeling, an exploratory analysis was conducted to understand the characteristics, complete-
ness, and overall quality of the dataset. Variables were grouped into four major categories:

• Demographic variables (age and sex);
• Baseline anthropometric measurements (height, weight, BMI, waist circumference, hip circumference, body

fat percentage, fat mass, fat-free mass, and waist-to-hip ratio);
• Longitudinal intervention measurements (weekly body weight);
• Clinical outcome variables derived from the intervention.

Following preliminary quality assessment, a total of 888 participants were retained for analysis. The cohort
exhibited an almost balanced sex distribution, consisting of 446 males and 440 females, with only two records
containing invalid sex entries that were subsequently corrected during preprocessing.

Overall, the dataset demonstrated high completeness for baseline anthropometric measurements, with only a limited
number of missing values observed across individual variables. Early exploratory analysis also revealed several data
quality issues, including inconsistent measurement units, formatting inconsistencies, typographical errors, and incomplete
records. The full dataset contained 888 participants. Sex information was available for 886 participants (446 male and
440 female) and missing for two participants. Missing values were present in several predictor variables, particularly age,
early-response measurements, and anthropometric/body-composition measurements, as shown in Table 1. Complete-case
analysis was applied separately to the variables required for model development. For the early-response models, 600
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participants had complete data across the 12 predictors and outcome and were included in the analysis. The analytical
cohort was divided using a stratified 70/30 split, resulting in 420 training and 180 testing participants. These observations
motivated the systematic preprocessing procedures described in the following subsection.

Table 1. Missing data among variables used in the early-response model.

Variable Missing, n Missing, %

Age 189 21.3
Early Response Percentage 105 11.8

Waist-to-Hip Ratio 95 10.7
Hip Circumference 77 8.7

Waist Circumference 69 7.8
Fat Mass 53 6.0

Fat-Free Mass 53 6.0
Body Fat Percentage 52 5.9

Starting Height 7 0.8
Starting Weight 7 0.8
Starting BMI 4 0.5

Sex 2 0.2

Percentages are calculated relative to the full cohort of 888 participants. Complete-case analysis across all 12 predictors and the
Week-8 outcome resulted in 600 participants available for the early-response model.

2.3. Data Preprocessing

High-quality data are essential for developing reliable machine learning models. Therefore, a comprehensive
preprocessing procedure was performed before feature engineering and model development.

Table 2 summarizes the overall characteristics of the study cohort and the major categories of variables
available for machine learning analysis. In addition to demographic information, the dataset includes baseline
anthropometric measurements, body composition variables, longitudinal weight measurements collected throughout
the intervention, and the final intervention outcome. Together, these variables provide the foundation for subsequent
data preprocessing, clinical feature engineering, and predictive model development. The preprocessing process
consisted of four major stages. First, demographic and anthropometric variables were examined individually to
identify missing values, inconsistent formatting, impossible measurements, duplicated records, and transcription
errors. Second, measurement units were standardized across the entire dataset. Height values recorded using
mixed feet-inch and inch formats were converted into a consistent unit (inches), while weight measurements were
converted into numerical values suitable for computation.

Table 2. Summary of the study cohort following initial data screening.

Characteristic Value

Participants included 888
Male 446

Female 440
Age range 5–19 years

Intervention duration 8 weeks
Demographic variables Age, Sex

Baseline anthropometric variables Height, Weight, BMI
Body composition variables Body Fat, Fat Mass, Fat-Free Mass

Body shape variables Waist, Hip, Waist-to-Hip Ratio
Longitudinal measurements Weekly body weight

Outcome variable Week-8 weight-decrease

Third, obvious data entry errors were manually reviewed using longitudinal consistency across repeated
measurements whenever possible. Invalid categorical entries, such as incorrectly coded sex values, were corrected or
removed after verification. Finally, derived variables including BMI were independently recalculated from cleaned
height and weight measurements to validate data consistency.
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Rather than relying solely on automated cleaning procedures, manual inspection was incorporated through-
out the preprocessing process to preserve clinically meaningful observations while minimizing the influence of
transcription and formatting errors. The major preprocessing procedures are summarized in Table 3.

Table 3. Summary of data preprocessing procedures performed before feature engineering and machine learning
model development.

Data Category Quality Issue Preprocessing Procedure Purpose

Demographic variables
Invalid categorical entries
and missing information

Standardized categorical encoding and
verified inconsistent records

Improve data consistency

Height measurements
Mixed recording formats
(feet/inches and inches)

Converted all measurements to inches and
corrected obvious transcription errors

Standardize
measurement units

Weight measurements
Formatting inconsistencies
and transcription errors

Converted to numerical values and verified
using longitudinal measurements

Improve reliability

Body Mass Index (BMI)
Potential calculation
inconsistencies

Independently recalculated from cleaned
height and weight measurements

Data validation

Body composition variables Incomplete observations
Complete-case analysis for
model development

Maintain data quality

Derived outcome variables Not directly available
Calculated from cleaned longitudinal
weight measurements

Prediction target generation

Feature encoding Categorical variables
Numerical encoding for machine
learning models

Model compatibility

2.4. Clinical Feature Engineering

Feature engineering plays a critical role in transforming routinely collected clinical measurements into
informative predictors for machine learning analysis. Rather than utilizing every available variable directly,
clinically meaningful features were selected and engineered to characterize participants’ baseline body composition
profiles and their early physiological response to the intervention [17]. The feature engineering process was guided
by clinical relevance, data completeness, and the objective of developing prediction models that remain interpretable
for healthcare providers.

Two complementary prediction scenarios were investigated in this study. The first focused exclusively on
baseline measurements collected before the intervention to determine whether treatment outcome could be predicted
during the initial clinical assessment. The second incorporated early intervention response observed during the first
three weeks of the program to evaluate the additional predictive value of longitudinal information.

2.4.1. Baseline Prediction Features

The baseline prediction model utilized routinely collected demographic information and anthropometric measure-
ments obtained prior to intervention. These variables represent information immediately available to clinicians during
the initial evaluation and therefore provide the earliest opportunity for predicting treatment outcome.

The baseline prediction model utilized eleven routinely collected clinical variables. Let

x1 : Sex,

x2 : Age,

x3 : Height,

x4 : Weight,

x5 : Body Mass Index (BMI),

x6 : Body Fat Percentage, (1)

x7 : Fat Mass,

x8 : Fat-Free Mass,

x9 : Waist Circumference,

x10 : Hip Circumference,

x11 : Waist-to-Hip Ratio (WHR).

The baseline feature vector is therefore expressed as
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xB = [x1, x2, . . . , x11]
T . (2)

These variables collectively describe each participant’s baseline body composition profile from multiple
perspectives. Demographic variables characterize patient background, anthropometric measurements describe
overall body size, while body composition and fat distribution variables provide additional information beyond BMI
alone. Such complementary measurements allow machine learning models to evaluate interactions among multiple
clinical characteristics that may contribute to the Week-8 weight-reduction outcome.

2.4.2. Early-Response Prediction Features

To investigate the additional predictive value of early intervention progress, an engineered variable was
constructed from body weight measurements collected during the first three weeks of the program.

Let x12 be the Early Response Percentage,

x12 =
W3 −W0

W3
× 100%. (3)

The early-response prediction model therefore extended the baseline feature vector as

xE = [xT
B , x12]

T . (4)

These engineered variables capture early physiological response to the intervention and enable evaluation of
whether short-term progress substantially improves prediction of the final intervention outcome.

2.4.3. Outcome Definition

The primary objective of this study was to predict short-term weight-reduction outcome at the completion of
the eight-week pediatric obesity program.

Accordingly, the prediction task was formulated as a supervised binary classification problem. Participants
meeting the predefined clinical criterion for the Week-8 weight-reduction outcome were assigned a class label of
one, while all remaining participants were assigned a class label of zero. The resulting binary outcome variable
served as the prediction target for both the baseline and early-response machine learning models.

2.5. Machine Learning Framework

The objective of this study was to develop machine learning models capable of predicting short-term pediatric
obesity intervention outcomes using routinely collected clinical measurements. Two prediction scenarios were
investigated. The first utilized only baseline clinical measurements collected prior to intervention, while the second
incorporated early treatment response observed during the first three weeks of the program. Both prediction tasks
were formulated as supervised binary classification problems [18].

Let

x = [x1, x2, . . . , xp]
T , (5)

where xj denotes the jth clinical feature and p represents the number of input variables. The corresponding
intervention outcome is represented as

yi ∈ {0, 1}, (6)

where yi = 1 indicates the Week-8 weight-reduction outcome and yi = 0 otherwise.
The complete dataset is therefore expressed as

D = {(xi, yi)}Ni=1 , (7)

where N = 888 participants were included in the present study. The notation used in the machine learning
formulation is summarized in Table 4.

Three complementary machine learning algorithms were investigated: Logistic Regression, Random Forest,
and Extreme Gradient Boosting (XGBoost). These classifiers represent linear statistical learning, bagging-based
ensemble learning, and boosting-based ensemble learning, respectively. Comparing these fundamentally different
learning paradigms provides insight into both predictive performance and the consistency of clinically important
predictors identified by different modeling approaches.
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Table 4. Notation used in the machine learning formulation.

Symbol Description

N Number of participants
p Number of input features
xi Feature vector of participant i
xij jth feature of participant i
yi Binary intervention outcome
ŷi Predicted outcome

P (y = 1|x) Predicted probability of the Week-8 weight-reduction

2.5.1. Logistic Regression

Logistic Regression (LR) was selected as the baseline classification model because of its simplicity, computa-
tional efficiency, and high interpretability [19,20]. The underlying assumption of Logistic Regression is that the
intervention outcome can be described by a weighted combination of multiple clinical measurements. Specifically,
the relationship between the engineered clinical features and the intervention outcome is first modeled as

z = β0 + β1x1 + β2x2 + · · ·+ βpxp, (8)

where xi denotes the ith clinical feature and βi represents its corresponding coefficient learned from the training
data. Each coefficient quantifies the relative contribution of an individual clinical measurement to the prediction of
weight-decrease and no-weight-decrease. Positive coefficients indicate that increasing the corresponding feature
increases the likelihood of the Week-8 weight-reduction, whereas negative coefficients indicate the opposite.

Because the intervention outcome is binary (the Week-8 weight-reduction or the Week-8 weight-reduction),
the weighted linear combination cannot be directly interpreted as a probability. Therefore, the linear output is
transformed using the logistic (sigmoid) function,

P (y = 1|x) = 1

1 + exp(−z)
, (9)

which maps the continuous linear response into a probability between 0 and 1. During model training, the regression
coefficients are automatically estimated by minimizing the prediction error over the training dataset. Consequently,
Logistic Regression provides not only outcome prediction but also an interpretable quantitative representation of the
relationships between routinely collected clinical measurements and weight-decrease.

2.5.2. Random Forest

Unlike Logistic Regression, which models the intervention outcome as a weighted combination of all clinical
features, Random Forest (RF) learns a collection of hierarchical decision rules directly from the data. Each decision
tree recursively partitions participants into progressively more homogeneous groups by selecting the clinical feature
and decision threshold that provide the greatest reduction in uncertainty [21].

The quality of each candidate split is evaluated using the information gain,

IG(D,xj) = H(D)−
m∑

k=1

|Dk|
|D|

H(Dk), (10)

where D denotes the set of training samples at the current node, Dk represents the resulting subsets after splitting
on feature xj , and H(·) is the entropy defined as

H(D) = −
C∑

c=1

pc log2(pc), (11)

where pc denotes the proportion of samples belonging to class c.
Entropy measures the uncertainty of the intervention outcome within a group of participants. During model

training, every candidate feature and splitting threshold are evaluated, and the split that maximizes the information
gain is selected. Consequently, each decision node identifies the clinical measurement that most effectively separates
participants with different intervention outcomes, thereby progressively revealing the underlying decision structure
embedded in the clinical data.
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A single decision tree may overfit the training data because of sampling variability. Therefore, Random Forest
constructs multiple decision trees using bootstrap sampling of participants together with randomly selected subsets
of predictor variables. Final classification is determined by majority voting across all decision trees, resulting in a
more robust and stable prediction model.

From a clinical perspective, Random Forest discovers combinations of clinical characteristics that repeatedly
distinguish weight-decrease and no-weight-decrease outcomes. Clinical variables that consistently produce infor-
mative decision rules across many decision trees receive higher feature importance scores. Therefore, Random
Forest feature importance reflects the ability of each clinical measurement to partition participants into groups with
different probabilities of weight-decrease and no-weight-decrease. intervention outcomes throughout the ensemble.

2.5.3. Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) extends the concept of decision tree learning by constructing decision
trees sequentially rather than independently [22]. Unlike Random Forest, where each tree is developed independently,
XGBoost continuously improves the prediction model by allowing each newly generated tree to correct the prediction
errors made by the existing ensemble. Consequently, the model progressively discovers additional relationships
between the clinical features and intervention outcome that were not captured by the previous trees.

The prediction at the tth boosting iteration can be expressed as

ŷ(t) = ŷ(t−1) + ft(x), (12)

where ŷ(t−1) denotes the prediction produced by the existing ensemble, ft(x) represents the newly constructed
decision tree, and x is the input features. Rather than rebuilding the entire model, each additional tree contributes
only the information required to reduce the remaining prediction errors.

The objective function optimized during training is

L =

N∑
i=1

l(yi, ŷi) +
∑
k

Ω(fk), (13)

where l(·) measures the discrepancy between the predicted and observed intervention outcomes, and Ω(·) is a
regularization term that controls model complexity and reduces overfitting. During each boosting iteration, the
algorithm searches for the new decision tree that minimizes the objective function, thereby progressively reducing
the prediction error while maintaining good model generalization.

From a learning perspective, XGBoost continually discovers residual relationships that remain unexplained
by the existing ensemble. As successive trees are added, increasingly complex nonlinear interactions among
the clinical measurements can be identified. Consequently, feature importance in XGBoost reflects the extent to
which individual clinical variables repeatedly contribute to reducing the remaining prediction errors throughout the
boosting process. Clinical features with consistently high importance therefore contain complementary predictive
information beyond that explained by other variables in the dataset [23].

2.5.4. Model Training

The dataset was randomly divided into training (70%) and testing (30%) subsets while preserving the class
distribution using stratified sampling. Model development was performed exclusively using the training dataset,
whereas the testing dataset was reserved for independent performance evaluation.

Default hyperparameters implemented in the Scikit-learn and XGBoost libraries were initially adopted to
establish baseline performance [14]. For the XGBoost classifier, the principal hyperparameters were selected as

Ntree = 300, dmax = 3, η = 0.05,

where Ntree denotes the number of boosting trees, dmax is the maximum tree depth, and η is the learning rate. To
improve model generalization and reduce overfitting, stochastic sampling was employed with

rsub = 0.8, rcol = 0.8,

where rsub represents the fraction of training samples randomly selected for constructing each tree (subsample),
and rcol denotes the fraction of predictor variables randomly selected for tree construction (colsample bytree).
These hyperparameters were selected to provide a balance between prediction accuracy, model complexity, and
computational efficiency without extensive hyperparameter optimization.
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The primary objective of this study was not hyperparameter optimization, but rather to investigate whether
clinically meaningful predictors could be consistently identified across different machine learning paradigms.

2.6. Performance Evaluation

Model performance was evaluated using five commonly adopted classification metrics: accuracy, precision,
recall, F1-score, and the area under the receiver operating characteristic curve (ROC-AUC). These complementary
metrics collectively characterize overall classification performance while accounting for potential class imbalance.

Beyond predictive accuracy, feature importance analysis was performed to investigate the clinical variables
contributing most strongly to intervention outcome prediction. Logistic Regression coefficients were used to
quantify the direction and magnitude of linear associations between predictors and weight-decrease. Random Forest
feature importance was calculated from the average impurity reduction across all decision trees, whereas XGBoost
feature importance was obtained from the cumulative gain contributed by each predictor during gradient boosting.

To assess model stability and reduce dependence on a single train-test split, stratified five-fold cross-validation
was additionally performed. Accuracy, precision, recall, F1-score, and ROC-AUC were summarized as the mean ±
standard deviation across the five folds. For ROC-AUC, 95% confidence intervals for the mean cross-validation
performance were calculated using the five-fold-specific ROC-AUC values, as shown in Table 5.

Table 5. Five-fold cross-validation performance of baseline and early-response models. Values are mean ± standard
deviation across five folds. LR: Logistic Regression; RF: Random Forest.

Features Model Acc. Prec. Recall F1 AUC 95% CI

Baseline LR 0.596± 0.021 0.612± 0.012 0.903± 0.027 0.729± 0.014 0.577± 0.033 0.536–0.619
Baseline RF 0.546± 0.042 0.603± 0.028 0.721± 0.043 0.657± 0.032 0.518± 0.044 0.463–0.572
Baseline XGBoost 0.535± 0.022 0.597± 0.017 0.698± 0.037 0.644± 0.021 0.528± 0.024 0.498–0.558

Early LR 0.720± 0.027 0.742± 0.018 0.827± 0.049 0.781± 0.025 0.780± 0.031 0.741–0.819
Early RF 0.713± 0.016 0.739± 0.018 0.816± 0.025 0.775± 0.011 0.734± 0.036 0.690–0.779
Early XGBoost 0.712± 0.043 0.748± 0.035 0.794± 0.049 0.769± 0.034 0.740± 0.046 0.682–0.797

Finally, feature rankings obtained from the three machine learning algorithms were compared to identify
predictors that consistently demonstrated high importance across fundamentally different learning paradigms. Such
cross-model agreement increases confidence that the identified variables represent meaningful clinical characteristics
rather than model-specific artifacts.

3. Results

This section evaluates the proposed machine learning framework from two complementary perspectives. First,
the predictive performance of the baseline and early-response models is compared using three representative machine
learning algorithms. Second, feature importance analysis is performed to investigate the clinical variables most
strongly associated with week-8 weight-decrease and no-weight-decrease outcomes. Rather than focusing solely
on prediction accuracy, the objective is to determine whether different machine learning paradigms consistently
identify clinically meaningful predictors embedded within routinely collected pediatric obesity data.

3.1. Prediction Performance

Three supervised machine learning classifiers, including Logistic Regression (LR), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost), were evaluated under two prediction scenarios. The baseline model utilized
only pre-intervention clinical measurements, whereas the early-response model additionally incorporated engineered
features describing weight change during the first three weeks of the intervention.

Five-fold cross-validation demonstrated stronger predictive performance for models incorporating early-
response information than for models using baseline features alone. Among the baseline models, logistic regression
achieved the highest ROC-AUC of 0.577 ± 0.033 (95% CI: 0.536–0.619). With the inclusion of Week-3 early-
response information, logistic regression achieved a ROC-AUC of 0.780± 0.031 (95% CI: 0.741–0.819), while
Random Forest and XGBoost achieved ROC-AUC values of 0.734± 0.036 and 0.740± 0.046, respectively. These
cross-validation results indicate that Week-3 early-response information provides substantial predictive information
for the Week-8 weight-reduction outcome.

Table 6 summarizes the prediction performance on the independent testing dataset.
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Table 6. Performance comparison of baseline and early-response prediction models.

Prediction Model Classifier Accuracy Precision Recall F1 ROC-AUC

Baseline Logistic Regression 0.590 0.612 0.863 0.716 0.572
Random Forest 0.559 0.618 0.692 0.653 0.559
XGBoost 0.564 0.619 0.709 0.661 0.554

Early Response Logistic Regression 0.744 0.774 0.817 0.795 0.795
Random Forest 0.728 0.754 0.817 0.784 0.772
XGBoost 0.733 0.761 0.817 0.788 0.753

The Logistic Regression early-response model correctly identified 89 participants who experienced a Week-8
weight decrease and 45 participants who did not experience a Week-8 weight decrease, while producing 26 false
positives and 20 false negatives. The confusion matrix for the Logistic Regression early-response model is presented
in Table 7.

Table 7. Confusion matrix for the Logistic Regression early-response model.

Predicted No Predicted Yes

Actual No 45 26
Actual Yes 20 89

3.2. Value of Early-Response Information

To evaluate the additional predictive value of early treatment response, the prediction performance of the
baseline and early-response models was compared across the three machine learning algorithms.

Incorporating the engineered early-response features substantially improved prediction performance for all
classifiers. Logistic Regression exhibited the largest improvement in overall accuracy, increasing from 58.97%
using baseline measurements alone to 74.4% after incorporating early-response information. Similar improvements
were observed for Random Forest and XGBoost.

These results indicate that body weight changes observed during the first three weeks of intervention contain
clinically meaningful information regarding subsequent weight-decrease. More importantly, the consistent perfor-
mance improvement across three fundamentally different machine learning paradigms suggests that the Week-3
percentage weight-change measure captured most of the predictive information in the early-response model, while
the addition of baseline variables provided limited incremental predictive benefit.

3.3. Consensus Feature Importance Analysis

Logistic Regression, Random Forest, and XGBoost employ different learning mechanisms and measures of
feature importance. Nevertheless, all three models identified Early Response (%) as the most influential predictor.
Several anthropometric and body-composition variables also appeared among the more influential baseline predictors,
although their exact rankings varied across models.

Table 8 summarizes the consensus ranking based on the mean rank of each feature across the three classifiers.
Lower mean ranks indicate greater overall importance.

Early Response (%) was ranked first by all three machine learning models, indicating that the magnitude of the
initial response to the intervention contained the strongest predictive information for the week-8 outcome. This
agreement is particularly notable because the three models quantify feature importance differently.

Among the baseline clinical measurements, Waist-to-Hip Ratio achieved the highest consensus ranking. BMI,
Age, Body Fat Percentage, Waist Circumference, and Fat-Free Mass also appeared among the more influential
baseline predictors. However, their model-specific rankings varied, indicating that conclusions about the relative
importance of individual baseline variables should be interpreted cautiously. Sex had the lowest consensus ranking,
suggesting limited additional predictive contribution within the present dataset.

Recent machine-learning studies of pediatric weight status have similarly emphasized the importance of evaluating
the stability of identified predictors across feature-selection approaches and models [24]. In the present study, correlations
among anthropometric and body-composition variables may distribute predictive importance across related features and
reduce the stability of their individual rankings. Accordingly, the consensus rankings should be regarded as exploratory
indicators of predictive relevance rather than evidence of independent clinical effects.
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Table 8. Consensus ranking of feature importance across Logistic Regression (LR), Random Forest (RF), and
XGBoost (XGB). The mean rank was calculated from the model-specific rankings after removal of the binary
early-response variable. Lower mean rank indicates greater overall importance.

Clinical Feature LR RF XGB Mean Rank Consensus Rank Clinical Interpretation

Early Response (%) 1 1 1 1.00 1 Early treatment response
Waist-to-Hip Ratio 2 4 7 4.33 2 Body fat distribution
BMI 5 8 4 5.67 3 Overall obesity severity
Age 12 2 3 5.67 3 Growth and developmental stage
Body Fat (percentage) 3 5 11 6.33 5 Body composition
Waist Circumference 8 9 2 6.33 5 Central adiposity
Fat-Free Mass 11 3 6 6.67 7 Lean body mass
Hip Circumference 4 10 8 7.33 8 Body shape
Height 7 11 5 7.67 9 Physical growth
Fat Mass 9 6 10 8.33 10 Absolute fat burden
Weight 10 7 9 8.67 11 Overall body size
Sex 6 12 12 10.00 12 Biological sex

Logistic Regression represents predictor contributions through regression coefficients, whereas Random Forest
and XGBoost quantify the contributions of variables to tree-based prediction. Despite these methodological differ-
ences, the models consistently identified Early Response (%) as the dominant predictor and collectively highlighted
body size, body composition, and fat-distribution measures as potentially informative baseline characteristics.

To complement the consensus ranking, Table 9 reports the raw and normalized feature-importance values
obtained from each model. Because the importance measures have different meanings and scales across the
three algorithms, normalized values facilitate within-model comparisons but should not be interpreted as directly
comparable effect sizes across models.

Table 9. Model-specific feature importance values for predicting the week-8 outcome. Raw importance values are
reported together with normalized magnitudes, for which the highest importance within each model was scaled to 100.
For Logistic Regression, normalized importance was based on the absolute magnitude of the standardized coefficient.

Feature LR Raw LR Norm. RF Raw RF Norm. XGB Raw XGB Norm.

Early Response (%) 0.927 100.0 0.210 100.0 0.122 100.0
Waist-to-Hip Ratio 0.836 90.2 0.073 34.9 0.051 41.8
Body Fat (percentage) 0.198 21.4 0.072 34.1 0.046 37.7
Fat-Free Mass 0.008 0.9 0.077 36.6 0.051 41.8
BMI -0.123 13.3 0.069 32.9 0.052 42.6
Waist Circumference -0.029 3.1 0.063 30.0 0.054 44.3
Hip Circumference 0.136 14.7 0.062 29.7 0.050 41.0
Age 0.005 0.5 0.085 40.4 0.052 42.6
Fat Mass 0.019 2.0 0.071 33.9 0.048 39.3
Weight 0.010 1.1 0.071 33.7 0.050 41.0
Height -0.060 6.5 0.055 26.1 0.051 41.8
Sex 0.060 6.5 0.016 7.5 0.045 36.9

3.4. Clinical Characteristics Associated with Week-8 Weight Reduction

Beyond their predictive performance, the machine learning models identified several clinically relevant
characteristics associated with the week-8 outcome.

Early Response (%) was the dominant predictor in all three models, suggesting that the magnitude of change
observed early in the intervention may provide useful information about subsequent weight reduction. Because this
variable is measured after the intervention begins, however, it should be interpreted as an early monitoring indicator
rather than a baseline predictor.

Among the baseline variables, Waist-to-Hip Ratio achieved the highest consensus ranking, suggesting that body
fat distribution may provide useful predictive information beyond body weight alone. BMI, Waist Circumference,
Body Fat Percentage, and Fat-Free Mass also contributed to prediction, although their relative importance differed
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across models. Collectively, these findings suggest that body size, fat distribution, and body composition may each
provide relevant information for characterizing intervention outcomes.

Sex had the lowest consensus ranking, indicating limited additional predictive value within the present dataset
after the other variables were included. This result should not be interpreted as evidence that biological sex has no
clinical relationship with treatment response, because feature importance is model- and sample-dependent and may
also be affected by correlations among predictors.

Overall, routinely collected anthropometric and body-composition measurements may provide clinically
meaningful information beyond conventional indicators considered individually. These exploratory findings motivate
further investigation of their potential role in monitoring and individualizing pediatric obesity interventions.

4. Discussion

The primary objective of this study was not only to develop accurate machine learning models for predicting
pediatric obesity intervention outcomes, but also to investigate whether machine learning can reveal clinically mean-
ingful relationships embedded within routinely collected clinical measurements. By comparing three fundamentally
different machine learning paradigms, Logistic Regression, Random Forest, and XGBoost, this study demonstrated
that clinically interpretable predictors can be consistently identified despite substantial differences in the underlying
learning mechanisms. Rather than viewing machine learning solely as a prediction tool, the proposed framework
provides a data-driven approach for discovering clinical characteristics associated with weight-decrease.

Multicollinearity is an important consideration when interpreting machine-learning predictors derived from
related anthropometric and body-composition measures. Recent explainable-AI research in childhood and adolescent
obesity has explicitly addressed correlated predictors when identifying determinants of obesity [25].

In our data, high VIF values among weight, BMI, fat mass, fat-free mass, waist, and hip measures indicate
substantial redundancy among baseline anthropometric variables. Accordingly, individual predictor rankings should
not be interpreted as independent effects. The partial agreement across models suggests that several variables
contribute predictive information; however, individual feature rankings should be interpreted cautiously because of
substantial correlations among baseline anthropometric and body-composition measures.

4.1. Machine Learning Reveals Clinically Meaningful Relationships

This study finds the agreement among three fundamentally different machine learning algorithms regarding
the variables most strongly associated with the Week-8 weight-reduction outcome. Logistic Regression estimates
the contribution of each predictor through regression coefficients, Random Forest identifies informative decision
rules by maximizing information gain, and XGBoost iteratively discovers residual relationships by minimizing
prediction error. Despite these distinct learning strategies, all three models consistently identified a similar group of
relevant predictors.

This agreement potentially increases confidence that the identified variables represent meaningful clinical
characteristics rather than artifacts of a particular machine learning algorithm. In particular, the engineered early-
response variable was consistently ranked as the most influential predictor, demonstrating that physiological changes
observed during the first three weeks of treatment contain valuable information regarding the subsequent Week-8
weight-reduction outcome. Among baseline measurements, Waist-to-Hip Ratio consistently emerged as one of
the strongest predictors across all three learning paradigms, followed by Body Fat Percentage, Body Mass Index,
Fat-Free Mass, and Waist Circumference.

4.2. Body Composition Profile and Intervention

One potentially clinically relevant finding of this study is that body composition variables contributed predictive
information for the Week-8 weight-reduction outcome. Although Body Mass Index has long served as a primary
indicator for obesity assessment, the present results suggest that additional measurements describing body fat
distribution and body composition may provide complementary information for short-term outcome prediction.

In particular, Waist-to-Hip Ratio was consistently identified as an important baseline predictor across the
three machine learning algorithms. Body Fat Percentage and Fat-Free Mass also ranked among the important
baseline variables. However, because substantial multicollinearity was observed among the anthropometric and
body-composition measures, the importance of these individual variables should be interpreted cautiously and should
not be considered evidence of independent clinical effects. Rather, these findings suggest that body-composition
profiles may warrant further investigation in relation to pediatric obesity intervention outcomes.

These findings provide preliminary evidence that routinely collected body-composition measurements may
contribute information beyond conventional measures such as Body Mass Index (BMI) when examining short-term
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intervention outcomes. Future studies should investigate whether these measurements provide reproducible incremental
predictive value and whether distinct body-composition profiles are associated with differences in intervention response.

4.3. Clinical Value of Early Treatment Response

Early treatment response has long been recognized as an important indicator of subsequent the Week-8
weight-reduction outcome. The present study quantitatively confirms this observation using three independent
machine learning paradigms. Early Response Percentage consistently ranked as the most influential predictor across
all classifiers, indicating that even modest physiological changes during the first three weeks contain substantial
predictive information.

From a clinical perspective, these findings suggest that early intervention response may provide a practical indicator
for monitoring short-term treatment response. Children demonstrating limited early response could potentially benefit
from timely modification of intervention strategies rather than waiting until completion of the entire treatment program.
Consequently, integrating machine learning with routinely collected longitudinal measurements may provide healthcare
professionals with objective decision-support tools for potential intervention planning.

5. Conclusions

This study presented a clinically interpretable machine learning framework for predicting short-term weight-
change outcomes in a pediatric obesity intervention program using routinely collected anthropometric and body-
composition measurements. Across Logistic Regression, Random Forest, and XGBoost models, baseline measure-
ments alone provided limited predictive performance, whereas incorporating Week-3 early-response information
substantially improved prediction of the Week-8 weight-reduction outcome. In particular, Week-3 percentage weight
change emerged as the dominant predictor and captured much of the predictive information available at this early
stage of the intervention.

Several baseline anthropometric and body-composition variables also contributed predictive information across
the models. However, substantial multicollinearity was observed among these measures, and their individual feature
rankings should therefore be interpreted cautiously rather than as independent clinical effects. Overall, the findings
suggest that early changes observed during an intervention may provide useful information for assessing subsequent
short-term weight-change trajectories, while the incremental contribution and clinical interpretation of individual
baseline characteristics require further investigation.

The present analysis focused primarily on routinely collected anthropometric and body-composition measures.
PAK also collected parent-reported information regarding nutrition, physical activity, family behaviors, and psy-
chosocial outcomes, which may provide additional information for understanding variation in intervention outcomes.
Future studies may examine these behavioral and family-context variables, additional longitudinal measurements,
and model-interpretation approaches. External validation in independent pediatric obesity cohorts will also be
important for evaluating model generalizability and the potential clinical utility of these predictive approaches.
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