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Background: The concurrent rise of childhood obesity and hyperuricemia presents a serious public health concern. These conditions 
interact through complex metabolic mechanisms and significantly increase long-term risks of cardiometabolic diseases. Machine 
learning (ML) offers an effective framework for constructing efficient risk prediction models in pediatric populations.
Objective: This study aimed to develop and evaluate two ML models—Random Forest (RF) and Support Vector Classification (SVC) 
—to predict the risk of childhood obesity and hyperuricemia by integrating clinical and biochemical variables.
Methods: A total of 101 children were enrolled, including 60 with obesity and 41 with obesity plus hyperuricemia. Data preproces
sing involved recursive feature elimination (RFE), ROSE-based oversampling, and feature standardization. Both RF and SVC models 
were trained and evaluated using area under the ROC curve (AUC), precision-recall curves, and calibration curves. SHAP (Shapley 
Additive Explanations) analysis was conducted to interpret feature contributions.
Results: Both models demonstrated strong predictive performance, with AUCs reaching 0.96. The SVC model achieved slightly 
higher average precision and recall, making it more suitable for community- or school-based screening of high-risk children. In 
contrast, the RF model exhibited superior calibration, suggesting its greater utility in clinical decision-making where probabilistic risk 
estimation guides personalized follow-up or intervention planning. SHAP analysis identified glomerular filtration rate (GFR), high- 
density lipoprotein cholesterol (HDL-C), and apolipoprotein B (ApoB) as key predictors, some exhibiting nonlinear associations with 
disease risk.
Conclusion: RF and SVC models offer reliable tools for early risk prediction of obesity and hyperuricemia in children, each tailored 
to distinct clinical scenarios. These findings support early identification and targeted intervention. Future studies will explore the 
integration of metabolomic data and ensemble approaches to further enhance model performance and clinical applicability.
Keywords: childhood obesity, hyperuricemia, machine learning, random forest, support vector classification, SHAP

Introduction
With the rapid expansion of medical data, the application of clinical prediction models has grown increasingly common. 
Although traditional approaches such as regression analysis and logistic regression remain widely used, they often fall 
short in addressing the nonlinear relationships and temporal complexities inherent in large-scale clinical datasets.1 In 
recent years, driven by advances in big data and computational technologies, machine learning (ML) has become an 
increasingly important tool in medical research, owing to its powerful analytical capacity and outstanding predictive 
performance.2 The significance of this research lies in demonstrating the advantages of machine learning (ML) in clinical 
prediction, as ML not only offers greater predictive accuracy but also provides more efficient tools for early disease 
detection and clinical management, highlighting its potential applications in modern medicine.
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In recent years, the dual epidemic of childhood obesity and hyperuricemia has drawn increasing public health 
attention. These two conditions not only pose serious threats to children’s physical health, but may also interact through 
complex pathophysiological mechanisms, significantly increasing the risk of developing metabolic and cardiovascular 
diseases later in adulthood.3 Obesity induces endoplasmic reticulum stress in the liver and promotes hepatic steatosis, 
significantly suppressing the synthesis of functional apolipoprotein AI (ApoAI). Under chronic metabolic stress and pro- 
inflammatory stimulation, both the transcription and translation of ApoAI are downregulated.4 This process compromises 
the cholesterol-carrying capacity and reverse transport function of high-density lipoprotein (HDL), thereby markedly 
increasing the risk of atherosclerotic plaque formation. In addition, hepatic lipid metabolism is further disrupted by the 
excessive influx of free fatty acids (FFAs), which exacerbates lipid overload in hepatocytes. The accumulation of FFAs 
can induce excessive production of reactive oxygen species (ROS), activate the NF-κB signaling pathway, and promote 
the release of pro-inflammatory cytokines.5 At the same time, it triggers the release of cytochrome c from mitochondria, 
thereby promoting hepatocyte apoptosis.

Uric acid–induced fat accumulation and disruptions in energy metabolism not only impair the metabolic functions of 
the liver and adipose tissue, but also promote visceral fat deposition and reduce insulin sensitivity through neuroendo
crine feedback mechanisms. This mode of action positions uric acid as a central regulator of metabolic homeostasis, 
highlighting its role in the coordinated modulation of multiple metabolic pathways and reinforcing its significance as 
a key target in obesity and metabolism-related disease research.6 Similarly, this pathway is further supported in the 
context of obstructive sleep apnea syndrome (OSAS), where hypoxic conditions and sympathetic activation not only 
enhance uric acid synthesis but also exacerbate metabolic dysregulation by altering neuroendocrine system function. 
Sleep disturbances impair normal energy balance by reducing the secretion of leptin and adiponectin, thereby increasing 
hunger and promoting fat accumulation.7,8 In a hyperuricemic internal environment, leptin signaling is impaired, 
weakening its ability to regulate appetite and energy expenditure. This leads to increased food intake and enhanced fat 
storage, thereby indirectly accelerating disease progression through the aforementioned mechanisms. Collectively, these 
findings suggest that uric acid is not merely a consequence of obesity-related metabolic disorders, but also serves as a key 
regulatory factor actively involved in their pathogenesis.

To better understand the origins of these disorders and to develop effective strategies for prevention and treatment, it 
is essential to construct accurate prediction models for childhood obesity and its associated comorbidities.

Previous studies by Vergeer, L and Kenney, EL have explored the relationship between childhood obesity and factors 
such as economic conditions, dietary costs, living environment, and electronic device usage. These investigations 
incorporated several lifestyle variables and employed basic statistical analyses to draw sociological conclusions.9 In 
the prediction of childhood obesity risk and probability, Liu et al developed obesity prediction models using various 
machine learning (ML) approaches, including Random Forest and XGBoost. Their models integrated multidimensional 
variables such as socioeconomic status and psychological-behavioral factors. The optimal model achieved an area under 
the curve (AUC) of 0.96, demonstrating the significant advantage of ML in handling nonlinear relationships and complex 
variables.10 These models also employed causal inference to reveal relationships between variables, thereby providing 
scientific support for obesity intervention strategies.11

Although most existing predictive models rely on selected sociological and demographic factors to estimate obesity 
risk, the etiology and long-term outcomes of obesity are multifactorial and complex. As a major public health crisis of the 
21st century, obesity substantially increases the risk of developing other primary lifestyle-related diseases, including 
metabolic syndrome, early-onset cardiovascular diseases, musculoskeletal disorders, neurodegenerative diseases, and 
autoimmune conditions.12,13

Childhood obesity is closely associated with metabolic syndrome (MetS), a cluster of metabolic, vascular, and 
inflammatory abnormalities that significantly increases the risk of developing type 2 diabetes (DM2) and cardiovascular 
disease (CVD) in adulthood.14 Therefore, beyond predicting obesity alone, other studies have explored the integration of 
diverse disease-related data and modeling strategies. For example, Miller and Hsin-Yao Wang developed genetically 
oriented childhood obesity risk models using multiple algorithms, including support vector classification (SVC), applying 
machine learning techniques to characterize the genetic features associated with obesity.15 Amit Das employed neural 
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networks to predict nonalcoholic fatty liver disease (NAFLD) in obese children, demonstrating the potential of machine 
learning in capturing complex nonlinear features.16

Although numerous studies have applied machine learning methods to explore disease risk, relatively little attention 
has been given to the predictive role of biochemical factors in the progression of obesity and the early stages of metabolic 
syndrome. As highlighted in the review by Mahmood Safaei, future research should focus on multivariate data analysis 
that integrates lifestyle, environmental factors, and multiple metabolic characteristics.17

Therefore, this study aims to develop an efficient and interpretable risk prediction model for childhood obesity and 
hyperuricemia based on multivariate clinical and biochemical features, with the goal of providing a scientific basis for 
early disease prediction and intervention, and promoting timely prevention and management.

Methods
This study aimed to construct and evaluate two machine learning models—Support Vector Classification (SVC) and 
Random Forest (RF)—to predict clinical occurrences of obesity and hyperuricemia. Modeling and analysis were 
performed using R software (version 4.2.2), with key steps including data preprocessing, feature selection, model 
training, and evaluation.

From January 2023 to June 2024, eligible pediatric participants were recruited from the outpatient and inpatient 
departments of the Affiliated Hospital of Nantong University. The study included two groups: the obesity group (n = 60) 
and the obesity combined with hyperuricemia group (n = 41). The inclusion criteria were: (1) age between 6 and 16 
years; (2) diagnosis of obesity based on the World Health Organization (WHO) BMI percentile criteria for children, 
defined as a body mass index (BMI) at or above the 95th percentile for age and sex, where BMI = weight [kg] / height² 
[m²]; and (3) hyperuricemia defined according to the pediatric serum uric acid reference standards published by the Mayo 
Clinic, with levels exceeding the age- and sex-specific thresholds;18 (4) All participants had not received prior treatment 
related to the study conditions and had no history of other major diseases.Exclusion criteria included: (1) presence of 
other metabolic disorders or major chronic illnesses; (2) incomplete data or samples with significant abnormalities. 
A total of 101 participants were ultimately enrolled and classified into two groups—obesity and obesity with hyperur
icemia—based on anthropometric and biochemical indicators.

All participants had fasting blood samples (3–4 mL) collected in the morning at the hospital’s physical examination 
center. Height and weight were recorded to calculate body mass index (BMI). Blood samples were drawn into serum 
separation tubes with clot activator, and serum was isolated for biochemical analysis. The measured indicators included 
free triiodothyronine (FT3), free thyroxine (FT4), aspartate aminotransferase (AST), alanine aminotransferase (ALT), 
total bilirubin (TBIL), glomerular filtration rate (GFR), apolipoprotein A1 (ApoA1), apolipoprotein B (ApoB), 
lipoprotein(a) [Lp(a)], and high-density lipoprotein cholesterol (HDL-C).

Data Preprocessing
Missing values were imputed using the median. Recursive feature elimination (RFE) combined with random forest was 
employed to select key features. The dataset was split into training and testing sets in an 8:2 ratio, and all features were 
standardized (mean = 0, standard deviation = 1). To address class imbalance, the ROSE package was used for 
oversampling, and zero-variance features were removed.

Model Training
The RF and SVC models were applied for prediction, and their parameters were optimized via grid search. For the 
Random Forest model, the mtry parameter was adjusted, while the SVC model utilized a radial basis function (RBF) 
kernel to optimize the C and sigma parameters. Model stability was evaluated using 10-fold cross-validation.

Model Performance Evaluation
Evaluation metrics included the ROC curve and corresponding AUC value on the test set. Precision-recall (PR) curves 
were also plotted, and the average precision (AP) was computed. Additionally, calibration curves and radar charts were 
used to present classification metrics such as accuracy, precision, recall, F1 score, and AUC.
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Model Interpretability Analysis
SHAP values were used to assess the contribution of each feature in the model, and SHAP dependence plots were 
generated to reveal their specific impact on prediction. A heatmap of interaction strength was also constructed to 
visualize dependencies among features and further elucidate inter-variable relationships.

Results
Baseline Characteristic Comparison
Table 1 presents the baseline comparisons of multiple clinical and biochemical indicators between the obesity group and 
the obesity with hyperuricemia group. While most variables did not show statistically significant differences between the 
groups, serum uric acid levels and glomerular filtration rate (GFR) were significantly altered in the combined group, 
suggesting that hyperuricemia may be associated with early impairment of renal function. These differences are not only 
of potential pathophysiological relevance but were also identified as important features in subsequent machine learning 
models.

Additionally, variables such as body mass index (BMI), lipid metabolism, insulin function, and thyroid-related 
indicators exhibited trends of difference between groups, though not statistically significant. The distribution of sex 
was comparable between the two groups, ruling out sex as a confounding factor in the modeling process. Overall, the 
intergroup comparisons provided a foundation for feature selection and reflected potential metabolic abnormalities 
associated with hyperuricemia.

Feature Selection and Model Construction
We initially trained the Random Forest model using the full set of features. Based on the feature importance scores 
derived from the model, features with minimal predictive contribution were iteratively removed. The performance of 
various feature combinations was evaluated through five-fold cross-validation to identify the optimal feature set. 
Ultimately, 15 features with the highest predictive value were selected, including serum creatinine (Cr), BMI, and GFR.

Model Parameter Optimization
The Random Forest (RF) model constructs multiple decision trees by randomly selecting subsets of features and 
aggregates their predictions through majority voting, which enhances model generalizability and reduces the risk of 
overfitting. We used the caret package for training and applied grid search to optimize the mtry parameter, ultimately 
determining the optimal value as 2. The Support Vector Classification (SVC) model was implemented with a radial basis 
function (RBF) kernel. Grid search was employed to tune the penalty parameter C and the kernel parameter sigma, with 
the optimal combination identified as C = 1 and sigma = 0.1.

Table 1 Baseline Characteristics of Children in the Obesity Group and the Obesity + Hyperuricemia Group

Variables Obesity (n = 60) Obesity + Hyperuricemia (n = 41) Statistic P

Age(years), Mean ± SD 10.24 ± 1.84 10.43 ± 1.52 t=−0.40 0.689

BMI (kg/m²), Mean ± SD 92.80 ± 219.99 27.49 ± 4.73 t=1.48 0.144
Uric acid (μmol/L), Mean ± SD 336.79 ± 51.83 477.92 ± 91.85 t=−6.69 <0.001

GFR (mL/min/1 73m²), Mean ± SD 243.93 ± 21.57 205.07 ± 24.30 t=5.98 <0.001

HDL-C (mmol/L), Mean ± SD 71.87 ± 105.38 92.03 ± 130.80 t=−0.60 0.551
ApoB (g/L), Mean ± SD 2.03 ± 1.03 1.95 ± 1.27 t=0.26 0.797

C-peptide (ng/mL), Mean ± SD 2.60 ± 1.41 3.35 ± 1.33 t=−1.92 0.060

Lp(a) (mg/dL), Mean ± SD 52.93 ± 103.48 60.89 ± 100.49 t=−0.28 0.784
FT3 (pmol/L), Mean ± SD 6.66 ± 1.20 6.52 ± 0.71 t=0.50 0.617

Sex (%) χ²=1.28 0.258

Female 10 (40.00) 14 (56.00)
Male 15 (60.00) 11 (44.00)

Abbreviations: t, t-test; χ², Chi-square test; SD, standard deviation.

https://doi.org/10.2147/DMSO.S519284                                                                                                                                                                                                                                                                                                                                                                                                                                  Diabetes, Metabolic Syndrome and Obesity 2025:18 2224

Wang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Model Evaluation and Results
Figure 1 displays the ROC curves of the RF and SVC models on the test set. Both models achieved an AUC of 0.96, 
indicating excellent discrimination between the obesity group and the obesity combined with hyperuricemia group. The 
balanced performance between true positive and false positive rates suggests strong classification capability.

Figure 2 presents the PR curves. The average precision (AP) for RF was 0.964, while for SVC it was slightly higher 
at 0.965, demonstrating that SVC performed marginally better, especially under high recall conditions. Nevertheless, 
overall performance between the two models was very similar.

Figure 3 shows the calibration curves. The RF model demonstrated calibration very close to the ideal line in the high- 
probability region, indicating superior reliability. The SVC model tended to overpredict in the lower probability range but 
improved as prediction probability increased. Overall, RF outperformed SVC in calibration stability.

Figure 4 compares five performance metrics—Accuracy, Precision, Recall, F1 Score, and AUC—between RF and 
SVC. SVC showed slight advantages in Recall and F1 Score, while RF was slightly lower in Precision. However, both 
models demonstrated robust and stable performance across all metrics.

Figure 1 ROC curves of the RF and SVC models on the test set.

Figure 2 PR curves of the RF and SVC models.
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Model Interpretation and Feature Analysis
Figure 5 illustrates the SHAP analysis results for the RF model. GFR had the strongest negative contribution (−0.067; 
+0.026), suggesting that higher GFR values were associated with reduced risk of combined obesity and hyperuricemia. 
ApoB and CysC showed nearly equal positive and negative contributions, implying variable impacts across samples. 
HDL-C primarily had negative contributions (−0.029; +0.021), aligning with its known protective effect and indicating 
its potential to reduce disease risk.

Figure 3 Calibration curves of the RF and SVC models.

Figure 4 Performance comparison of RF and SVC in classification metrics.

Figure 5 SHAP value ranking and feature contributions in the RF model.

https://doi.org/10.2147/DMSO.S519284                                                                                                                                                                                                                                                                                                                                                                                                                                  Diabetes, Metabolic Syndrome and Obesity 2025:18 2226

Wang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Figure 6 presents the SHAP values for the SVC model. GFR (−0.074; +0.040) and Lp(a) (−0.075; +0.039) were the 
most significant negative contributors, suggesting that higher levels were associated with lower risk. PAB had the most 
pronounced negative contribution (−0.038; +0.061), while ApoA1 (−0.055; +0.047) and FT3 (−0.062; +0.019) also 
demonstrated notable influence on model predictions.

Figure 7 shows SHAP dependence plots. BMI emerged as one of the strongest predictors, with SHAP values 
increasing sharply alongside BMI, indicating a strong positive association with disease risk. Other consistent contributors 
included Cr, CysC, and ApoB. GFR had largely negative SHAP values, particularly at low levels. C-peptide exhibited 
nonlinear effects: mildly negative in low to mid ranges and strongly positive at higher levels, possibly reflecting 
compensatory metabolic activity.

Figure 8 highlights SHAP dependence stratified by biochemical levels. Low HDL-C indicated metabolic disturbances, 
but the effect diminished or reversed with higher levels. Low Lp(a) levels suggested metabolic protection, while higher 
levels were associated with increased SHAP values and pro-inflammatory risk. For FT3 and FT4, lower values 
corresponded to elevated risk, while mid-to-high levels showed a slight reversal. AST and ALT showed negative 
contributions at low levels; however, due to sparse high-range data, SHAP values approached zero, limiting interpret
ability in that range.

Figure 6 SHAP value ranking and feature contributions in the SVC model.

Figure 7 SHAP dependency plots of feature values and SHAP outputs.
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Figure 9 compares the interaction intensity matrices for RF and SVC. The RF model showed a relatively even 
distribution, capturing complex inter-variable relationships, especially between BMI and variables such as C-peptide, 
GFR, and ApoB. In contrast, SVC demonstrated more localized interaction intensity, notably between ApoA1 and TBIL 
or Lp(a), reflecting its strength in capturing local structures in high-dimensional spaces. Lipid-related features (HDL-C, 
Lp(a), ApoB, ApoA1) and renal markers (ALT, CysC, Cr) exhibited strong internal interactions, especially in the SVC 
model. These patterns suggest that high-level metabolic indicators may jointly influence disease prediction. However, 
due to the complexity of these interactions, there is potential for redundancy and noise, which we aim to address in future 
modeling through feature fusion or dimensionality reduction strategies.

Discussion
In this study, we employed two classical machine learning models—Random Forest (RF) and Support Vector 
Classification (SVC)—to classify and predict childhood obesity and obesity combined with hyperuricemia. Both models 
demonstrated strong classification capabilities, with area under the curve (AUC) values of 0.96, indicating high accuracy 
and generalizability in identifying children with obesity and those with comorbid hyperuricemia. However, based on the 
precision-recall (PR) curves and comparative radar plots, SVC slightly outperformed RF in average precision (0.965 vs 
0.964) and also showed superior performance in recall and F1-score.

Despite this, calibration curve analysis revealed that the RF model achieved better calibration in predicting risk across 
the entire probability range. Its predicted probabilities closely aligned with actual outcomes, suggesting that RF offers 
more reliable risk estimation. In contrast, the SVC model exhibited marked overestimation in low-probability regions, 
reflecting suboptimal calibration and the potential for misclassification of high-risk individuals in clinical settings.

Overall, the superior calibration of the RF model makes it more suitable for tasks requiring accurate probability 
estimation, such as risk stratification and clinical decision-making, thereby providing more dependable support for 
healthcare professionals. On the other hand, the relatively stronger classification performance of the SVC model suggests 
its utility in screening-based applications. However, its limited calibration restricts its role in precise risk prediction, 
highlighting the need for further optimization to improve its applicability in probability-based clinical scenarios.

In this study, we also utilized SHAP (Shapley Additive Explanations) values to analyze the influence of various 
clinical and metabolic features on uric acid (UA) levels. The findings were consistent with prior studies conducted in 
general populations. Uric acid is primarily produced in the liver and excreted by the kidneys, playing a key role in the 

Figure 8 Binned feature analysis combined with SHAP interpretation.
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human antioxidant defense system.19 In both models, GFR (glomerular filtration rate) showed a strong negative SHAP 
value, indicating the critical role of renal function in uric acid metabolism. This was particularly evident in children with 
obesity and hyperuricemia, where reduced GFR was closely associated with impaired uric acid clearance. Moreover, 
a decline in GFR also limits the kidney’s ability to process lipid metabolic by-products. ApoA1 exerts an anti- 
atherosclerotic effect via reverse cholesterol transport (RCT), whereas ApoB promotes lipid deposition and inflammatory 
responses through the low-density lipoprotein pathway, thereby influencing uric acid levels and further contributing to 
atherogenesis and inflammation.20,21 According to the study by Markova, Irena, dysregulation of lipoprotein metabolism 
can lead to lipotoxicity-induced lipid accumulation in the kidneys, triggering the secretion of renal inflammatory 
mediators such as MCP-1 and IL-6. Simultaneously, this process suppresses the secretion of epidermal growth factor 
(EGF), thereby impairing GFR. These interactions ultimately form a vicious cycle among lipid deposition, inflammation, 
and deteriorating renal filtration function.22

The significance of PAB in the model for obesity combined with hyperuricemia suggests a disturbance in protein 
metabolism. According to the study by Wunderlich, F. Thomas, this may be attributed to its role in activating 
inflammatory mediators such as IL-6, which could, in turn, impair the body’s capacity to regulate uric acid 
metabolism.23 C-peptide, as a marker of pancreatic beta-cell function, is closely associated with insulin resistance. 
Insulin resistance promotes enhanced lipolysis in adipose tissue, leading to elevated levels of free fatty acids (FFAs). 
These FFAs can activate the NF-κB signaling pathway, thereby exacerbating systemic inflammatory responses.24,25 
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Figure 9 Heatmaps of feature interaction intensity in the RF and SVC models.
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Furthermore, under conditions of insulin resistance, uric acid can induce excessive production of nitric oxide (NO) 
through oxidative stress. This excess NO may, in turn, influence the regulation of uric acid metabolism.26

Thyroid function plays a crucial regulatory role in obesity and uric acid metabolism by modulating basal metabolic 
rate and energy balance, thereby influencing both the production and excretion of uric acid.27 It also indirectly regulates 
uric acid metabolism by enhancing the sensitivity of adipose tissue to insulin, thereby modulating insulin’s metabolic 
effects.28

The levels of ALT and AST exhibited a complex nonlinear relationship, which is consistent with existing studies. 
Better liver function has been associated with a lower risk of metabolic diseases, particularly in relation to long-term 
systolic blood pressure variability.29 However, in the high-level range, our model failed to effectively learn significant 
predictive patterns, likely due to the limited sample size within this interval. This contrasts with the findings of Ambrosi, 
Bruno et al, and we speculate that this discrepancy may stem from limitations in our sample inclusion criteria, which may 
not have adequately captured the role of liver function markers at higher levels.30 As a byproduct of muscle metabolism, 
creatinine levels are positively correlated with muscle mass. Conversely, muscle mass is inversely associated with 
abnormal metabolic states such as hyperuricemia and insulin resistance.31

As a conventional indicator of body fat accumulation, BMI demonstrated predictive capacity in both models. 
However, its relative importance in the context of obesity combined with hyperuricemia was comparatively lower. 
This finding aligns with current research trends in metabolic syndrome, where factors such as fat distribution— 
particularly visceral adiposity—and inflammatory markers like CRP and TNF-α are considered more significant 
contributors to disease progression.32 An increase in BMI concurrently leads to the expansion of adipose tissue, which 
directly impairs hepatic insulin sensitivity and disrupts uric acid clearance pathways.33

SHAP analysis highlighted the pivotal roles of GFR, HDL-C, and ApoB in the predictive models. In future work, we 
plan to incorporate binning plots to further illustrate their nonlinear risk patterns. This analytical approach not only 
enhances the interpretability of the results but also improves clinical comprehension of model-based decisions. Compared 
to traditional statistical models, both RF and SVC are better suited for handling high-dimensional, nonlinear features 
without relying on distributional assumptions, thus maintaining strong modeling performance. The application of RFE 
and ROSE enabled efficient training with fewer variables, facilitating rapid model development and risk identification in 
small-sample clinical studies.

The binning analysis further identified HDL-C and Lp(a) as the most influential features within the model. Elevated 
levels of HDL-C demonstrated protective effects, likely attributable to its antioxidative, anti-inflammatory, and reverse 
cholesterol transport functions. However, this relationship was not strictly linear—distinct functional patterns were 
observed across its different subtypes (notably HDL-C2 and HDL-C3), which exhibited opposite biological effects.34 

In contrast, elevated levels of Lp(a) were associated with a significantly increased risk, primarily through its pro- 
atherogenic effects, inhibition of fibrinolytic activity, and promotion of inflammatory responses.35

In summary, the prediction models for obesity and obesity combined with hyperuricemia underscore the critical roles 
of renal function, lipid metabolism, insulin resistance, endocrine regulation, and inflammatory response in pediatric 
metabolic syndrome. These findings elucidate the complex biological mechanisms underlying obesity and hyperuricemia 
and provide a scientific basis for early clinical intervention and management strategies.

In this study, we constructed two prediction models: Random Forest (RF) and Support Vector Classification (SVC). 
RF demonstrates advantages in capturing overall feature trends; however, due to its inherent randomness, the interpreta
tion of feature importance may be unstable, with some variables showing inconsistent contributions across samples. In 
contrast, SVC, being more sensitive to decision boundaries, captures subtle inter-sample variations more effectively— 
especially in features such as GFR and Lp(a)—but it is also more prone to overfitting when dealing with noisy or 
irregular data. Thus, future work may explore ensemble modeling approaches to integrate the strengths of both 
algorithms, such as weighted averaging or stacking, to enhance predictive robustness and accuracy in identifying children 
at risk of obesity with hyperuricemia.

Importantly, model selection should align with specific clinical scenarios. SVC performs slightly better in average 
precision and recall, making it more suitable for sensitivity-oriented preliminary screening, such as identifying high-risk 
children in community or school-based health assessments. RF, on the other hand, offers superior calibration and is more 
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applicable to probability-driven clinical decision-making tasks, such as planning individualized interventions or follow- 
up strategies.

Despite leveraging SHAP analysis and binning-based interpretation to explore complex clinical and metabolic 
predictors of uric acid levels, this study has several limitations. The relatively small sample size constrains the model’s 
ability to fully learn intricate variable interactions. Additionally, the current models and conclusions have not yet been 
validated using an independent external dataset, limiting the assessment of model generalizability. In future work, we aim 
to address these limitations by expanding the sample size and incorporating more sophisticated algorithms such as 
XGBoost and LightGBM, which offer enhanced expressiveness and calibration performance for complex data. 
Furthermore, we recognize the importance of model interpretability and transparency. While RF and SVC offer notable 
performance advantages, their “black-box” nature may hinder clinical trust and adoption. To mitigate this, we propose 
incorporating local interpretability tools such as LIME (Local Interpretable Model-Agnostic Explanations) to generate 
case-specific feature contributions that clinicians can readily understand, thereby increasing model transparency and 
acceptance.

Currently, we have collected metabolomics data for a subset of our study population. In the next phase, we plan to 
integrate this data into our prediction framework to further investigate metabolic interactions among key variables, 
enhancing mechanistic insight and the interpretability of model outputs.

Conclusion
In this study, we employed Random Forest (RF) and Support Vector Classification (SVC) models to predict the risk of 
childhood obesity and obesity combined with hyperuricemia. Both models demonstrated high classification performance. 
SVC showed a slight advantage in classification metrics, particularly in terms of average precision and recall on the 
Precision-Recall curve. In contrast, RF exhibited more stable calibration performance and more accurately predicted the 
probability of hyperuricemia in obese children.

SHAP analysis highlighted the key roles of renal function (eg, GFR), lipid metabolism (eg, ApoB, HDL-C), insulin 
resistance, endocrine regulation (eg, FT3, FT4), and inflammatory response. Notably, variables such as GFR and HDL-C 
exhibited protective effects, while lipoproteins (eg, ApoB, Lp(a)) and C-peptide were associated with increased disease 
risk through multiple mechanisms. The binned feature analysis further revealed nonlinear risk patterns, emphasizing the 
complex influence of these variables across different clinical ranges.

Given its superior precision and recall, the SVC model may be more suitable for early screening scenarios. In 
contrast, the RF model—with its superior calibration—may better support probability-based clinical decision-making, 
such as guiding individualized interventions or monitoring strategies. Our findings offer a valuable reference for the early 
identification of children at risk for obesity and hyperuricemia and could facilitate earlier intervention to reduce the 
incidence and long-term consequences of metabolic disorders.

Future work will aim to expand the sample size, incorporate ensemble learning methods, and improve model 
interpretability using techniques such as LIME. Additionally, integrating metabolomics data may further enhance the 
predictive power and clinical applicability of these models.
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