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Abstract 

Physical inactivity remains a major modifiable risk factor for non-communicable diseases and 

continues to exhibit marked socioeconomic and gender disparities in Latin America. Identifying 

robust and interpretable predictors of inactivity in nationally representative datasets is essential for 

informing public health strategies. This study compared a survey-weighted logistic regression model 

and an explainable machine learning approach (XGBoost) to predict physical inactivity among 

Chilean adults using data from the 2024 National Physical Activity and Sports Survey (ENAFyD; n = 

5,248). Models were evaluated on a stratified held-out test set (n = 1,050) using weighted and 

unweighted area under the ROC curve (AUC), Brier scores, and calibration curves. Survey-weighted 

logistic regression achieved a weighted AUC of 0.801, while XGBoost achieved 0.797, demonstrating 

comparable discrimination. XGBoost showed marginally lower Brier scores, indicating slightly 

improved probabilistic calibration. Low socioeconomic status, female sex, lower monthly physical 

activity expenditure, limited facility access, and lower engagement with digital resources were 

consistently associated with higher inactivity risk. SHAP-style contribution analysis provided 

additional insight into feature-level influence within the machine learning framework. Overall, both 

approaches demonstrated similar predictive capacity, supporting the complementary use of classical 

regression and explainable machine learning for population-level physical inactivity research. 

Keywords: machine learning; physical inactivity; survey-weighted models; XGBoost; health 

informatics; calibration 
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1. Introduction 

Physical inactivity remains one of the leading modifiable risk factors for non-communicable 

diseases worldwide, contributing substantially to cardiovascular disease, type 2 diabetes, obesity, 

and premature mortality [1,2]. Despite global initiatives aimed at increasing physical activity levels, 

a considerable proportion of adults fail to meet recommended guidelines for moderate-to-vigorous 

physical activity [3]. Beyond individual health consequences, physical inactivity imposes substantial 

economic and societal burdens through increased healthcare costs and reduced productivity [1,2]. 

The determinants of inactivity are multifactorial, encompassing demographic, socioeconomic, 

environmental, and behavioral influences [2,3]. Understanding how these factors interact at the 

population level is critical for informing effective public health strategies. However, identifying 

robust and interpretable predictors of inactivity remains a methodological and analytical challenge. 

In Latin America, and particularly in Chile, physical inactivity presents persistent and socially 

patterned disparities [4,5]. National surveillance systems indicate that inactivity levels remain 

elevated among specific population subgroups, including individuals from lower socioeconomic 

strata and women [4–6]. Structural factors such as unequal access to recreational facilities, urban 

infrastructure differences, and perceived neighborhood safety further shape opportunities for active 

living [5,6]. At the same time, behavioral engagement indicators such as time allocated to physical 

activity and the use of digital tools to support exercise are emerging as relevant correlates of active 

lifestyles [4]. Recent applications of machine learning in Chilean studies have explored related 

outcomes, such as fitness-based cardiometabolic risk classification in adolescents and physical 

literacy's role in children's well-being, underscoring the need for advanced analytics to address these 

multifaceted determinants [7,8]. These complex and interrelated determinants require analytical 

approaches capable of disentangling both structural and behavioral contributions to physical 

inactivity risk. 

Traditional epidemiological studies have primarily relied on regression-based models to 

estimate associations between predictors and health outcomes [9,10]. Survey-weighted logistic 

regression, in particular, remains a gold-standard approach for analyzing nationally representative 

data, as it enables population-level inference while accounting for complex sampling designs [9–11]. 

This framework offers interpretable measures of association, such as adjusted odds ratios, that 

facilitate public health interpretation and policy translation [10,11]. However, logistic regression 

assumes linearity in log-odds and requires explicit specification of interaction terms, potentially 

limiting its ability to capture nonlinear relationships or higher-order interactions inherent in 

behavioral and environmental data. 

In recent years, machine learning methods have been increasingly applied to public health 

research to improve predictive performance and uncover complex data patterns [7,12,13]. Gradient 

boosting algorithms, such as Extreme Gradient Boosting (XGBoost), offer flexible modeling structures 

capable of capturing nonlinear effects and interactions without prior specification [8,12,14]. These 

models often demonstrate superior discrimination performance in high-dimensional settings [13,14]. 

Nonetheless, their adoption in population health studies raises questions regarding interpretability, 

incorporation of survey weights, and alignment with inferential objectives. Bridging predictive 

performance with transparent interpretation is therefore essential when applying machine learning 

to nationally representative health data. 

A critical gap in the literature lies in the comparative evaluation of classical inference-oriented 

models and modern prediction-oriented algorithms within the same nationally representative 

dataset [15,16]. While regression models provide population-level effect estimates under parametric 

assumptions, machine learning approaches emphasize predictive accuracy and model flexibility 

[7,15,17]. Few studies have systematically compared these frameworks in the context of physical 

inactivity using survey-weighted data [8,16,17]. Moreover, the integration of sampling weights into 

machine learning workflows remains methodologically underexplored, despite its importance for 

ensuring generalizability to the target population. 
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Explainability techniques, such as SHAP-style contribution analysis derived from tree-based 

models, offer an opportunity to reconcile predictive modeling with interpretability [18,19]. By 

quantifying feature-level contributions to individual predictions in log-odds units, these approaches 

allow researchers to assess both the magnitude and direction of predictor influence [18,20]. When 

aligned with adjusted odds ratios from regression models, contribution metrics can provide 

complementary insights into structural and behavioral determinants of physical inactivity [19,20]. 

Such integrative analysis may enhance both scientific understanding and practical translation for 

policymakers seeking evidence-based strategies. 

Therefore, the present study aimed to compare a survey-weighted logistic regression model and 

an explainable machine learning approach (XGBoost) in predicting physical inactivity among Chilean 

adults using nationally representative data from ENAFyD 2024. Specifically, we evaluated model 

discrimination and calibration under weighted and unweighted conditions and aligned regression-

based association estimates with global and directional contribution metrics from XGBoost. By 

integrating inference- and prediction-oriented perspectives, this study seeks to clarify the relative 

strengths, limitations, and complementary value of classical and machine learning approaches in 

population-level physical inactivity research. 

2. Data Description 

2.1. Dataset Overview 

The dataset includes 5,248 adult observations derived from a nationally structured survey in 

Chile. Each observation includes a binary indicator of physical inactivity and demographic, 

socioeconomic, and environmental predictors. 

The dataset contains: 

• Physical inactivity (binary outcome) 

• Region (categorical) 

• Age group (categorical) 

• Socioeconomic status (SES) 

• Urbanicity 

• Facility access 

• Digital resource use 

• Physical activity time budget 

• Safety score (0–10 scale) 

• Survey weight (pond_weight). 

2.2. Variables  

Physical Inactivity 

Physical inactivity was defined as a binary outcome variable indicating whether an individual 

failed to meet recommended physical activity guidelines. Participants classified as “inactive” did not 

achieve the minimum threshold of moderate-to-vigorous physical activity according to survey 

criteria, whereas those classified as “active” met or exceeded these recommendations. This variable 

served as the dependent variable in all predictive models. 

Socioeconomic Status (SES) 

Socioeconomic status was measured as an ordinal categorical variable with three levels: low, 

medium, and high. This classification reflects participants’ relative economic and social position 

within the population. SES is frequently associated with differences in access to resources, health 

behaviors, and environmental conditions, making it a relevant determinant in physical activity 

research. 

Urbanicity 
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Urbanicity was defined as the type of residential setting and categorized as urban or rural. This 

variable captures contextual differences in infrastructure, environmental design, and availability of 

recreational spaces, which may influence opportunities for engaging in physical activity. 

Facility Access 

Facility access represents self-reported access to physical activity or exercise facilities. This 

variable reflects the perceived availability of spaces such as gyms, sports centers, parks, or organized 

recreational environments. Access to facilities is considered a key environmental determinant of 

physical activity behavior. 

Digital Resource Use 

Digital resource use refers to the frequency with which participants reported using digital tools 

or platforms related to physical activity, such as mobile applications, wearable devices, or online 

exercise content. This variable captures the role of digital engagement in supporting or motivating 

active behavior. 

Physical Activity Time Budget 

Physical activity time budget describes the amount of time allocated weekly to physical activity, 

categorized into predefined time intervals. This construct reflects the self-reported behavioral 

commitment to structured or unstructured physical activity during a typical week. 

Safety Score 

Safety score corresponds to perceived neighborhood safety, measured on a continuous scale 

ranging from 0 to 10, with higher values indicating greater perceived safety. Perceived safety may 

influence outdoor physical activity participation, particularly walking, recreational exercise, and 

commuting behaviors. 

All categorical predictors were transformed using one-hot encoding prior to modeling. This 

preprocessing step converted categorical levels into binary indicator variables, resulting in a final 

feature matrix comprising 33 predictor variables used in the machine learning and regression 

analyses. 

3. Methods 

3.1. Data Source and Study Design 

This study is based on secondary analysis of the 2024 National Physical Activity and Sports 

Survey (ENAFyD 2024), commissioned by the Chilean Ministry of Sport and implemented by EES 

Ingeniería. According to the official executive report, ENAFyD 2024 was designed to generate 

nationally representative estimates of physical activity and sports participation in the Chilean 

population aged 5 years and older. 

The survey employed a probabilistic, multistage sampling design with regional representation 

and incorporated calibrated expansion factors (survey weights) to ensure population-level inference. 

For the present study, only adults (≥18 years) were included, resulting in an analytical sample of 5,248 

observations after preprocessing and complete-case selection for modeling variables. 

3.2. Data Preprocessing 

All analyses were conducted using Python (scikit-learn, statsmodels, and XGBoost libraries). 

Categorical predictors including region, age group, socioeconomic status, urbanicity, facility access, 

digital resource use, and physical activity time budget were transformed using one-hot encoding 

with reference category removal (drop-first strategy) to avoid multicollinearity. The final feature 

matrix contained 33 predictors. 

The dataset was split into training (80%) and test (20%) subsets using stratified sampling based 

on the binary outcome variable (physical inactivity), ensuring preservation of outcome prevalence 

across partitions. Survey expansion weights (pond_weight) were retained throughout the modeling 

and evaluation procedures. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 February 2026 doi:10.20944/preprints202602.1475.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1475.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 15 

 

Continuous predictors (e.g., perceived neighborhood safety score) were used in their original 

scale after validation and range consistency checks based on the coding manual. 

3.3. Statistical Modeling 

Two predictive approaches were implemented to compare classical statistical modeling with 

machine learning methods: 

3.3.1. Survey-Weighted Logistic Regression 

A generalized linear model (GLM) with binomial family and logit link function was fitted. 

Survey weights were incorporated using frequency weights to account for the complex sampling 

structure. Robust standard errors (HC3 estimator) were applied to mitigate potential 

heteroskedasticity and model misspecification. 

Odds ratios (OR) with 95% confidence intervals were computed to facilitate interpretability of 

associations between predictors and physical inactivity. 

3.3.2. XGBoost Classifier 

A gradient boosting decision tree model (XGBoost) was fitted using the same training set. Survey 

weights were incorporated via the sample_weight parameter during model training. XGBoost was 

selected due to its ability to capture nonlinear relationships and interaction effects without explicit 

specification, thus serving as a complementary modeling strategy to logistic regression. 

3.4. Model Evaluation 

Model performance was evaluated on the held-out test set. 

Discriminative performance was assessed using: 

• Area Under the Receiver Operating Characteristic Curve (AUC) 

• Survey-weighted AUC 

Calibration and probabilistic accuracy were evaluated using: 

• Brier score (unweighted and weighted) 

• Calibration curves (decile-based) 

For the XGBoost model, SHAP-style prediction contribution analysis (pred_contribs=True) was 

conducted to quantify feature-level contributions in log-odds units. Both mean absolute contributions 

(global importance) and mean signed contributions (directional effects) were computed to enhance 

interpretability. 

3.5. Ethical Considerations 

The ENAFyD 2024 study protocol was reviewed and approved by an independent Ethics 

Committee in accordance with the technical specifications established in the public procurement 

process for the update, validation, implementation, and analysis of the National Physical Activity 

and Sports Survey in the population aged ≥5 years (Public Tender ID: 799595-2-LQ24), commissioned 

by the Chilean Undersecretariat of Sport. 

The survey adhered to national ethical standards governing research involving human 

participants. Participation was voluntary, informed consent was obtained prior to data collection for 

adults, and assent procedures were implemented when appropriate for minors. Data confidentiality 

was ensured through anonymization procedures prior to database release, and no personally 

identifiable information was available to the research team. 

The present study constitutes a secondary analysis of fully de-identified survey data and was 

conducted in full compliance with the original ethical approval. Similar secondary analyses using the 

ENAFyD 2024 dataset have been previously conducted by our research group under the same ethical 
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framework, reinforcing the consistency of data governance and responsible use procedures. All 

analyses were performed in accordance with the principles outlined in the Declaration of Helsinki. 

4. Results 

4.1. Sample Characteristics 

The final analytic sample consisted of 5,248 adult participants with complete information across 

all Core-A variables. After one-hot encoding, the modeling matrix contained 33 predictor features. 

The dataset was randomly divided into training (n = 4,198; 80%) and test (n = 1,050; 20%) subsets 

using stratification on the binary outcome to preserve class proportions. The prevalence of physical 

inactivity was 47.2% in both training and test sets, confirming appropriate stratified sampling and 

preventing distributional drift between partitions. 

Participants represented multiple Chilean regions and socioeconomic strata. Socioeconomic 

status was distributed across low, medium, and high categories. Both sexes were adequately 

represented. The dataset further included ordinal categories of monthly physical activity 

expenditure, frequency of digital resource use for physical activity, weekly time allocation to physical 

activity, and perceived neighborhood safety (0–10 scale). Survey sampling weights were 

incorporated in all descriptive analyses to ensure population-level representativeness. 

Table 1. Weighted Sociodemographic and Behavioral Characteristics of the Analytic Sample (N = 5,248). 

Variable Category n (Unweighted) Weighted (%) 

Physical Inactivity Inactive 2,477 47.2 
 Active 2,771 52.8 

Socioeconomic Status (SES) Low 1,667 28.1 
 Medium 2,725 52.7 
 High 856 19.2 

Sex Men 2,807 54.8 
 Women 2,441 45.2 

Monthly Physical Activity Expenditure $0 CLP 3,337 57.7 
 Up to $46,000 CLP 1,496 33.6 
 $46,000–$73,000 CLP 327 6.1 
 > $73,000 CLP 88 2.6 

Digital Resource Use for Physical Activity Not interested 1,642 32.8 
 Occasionally 1,630 32.8 
 Would like to start 1,135 18.1 
 Frequently 841 16.2 

Note. Percentages are weighted using survey sampling weights to reflect national population 

representativeness. Unweighted counts are presented for transparency of the analytic sample size. 

4.2. Model Performance 

The survey-weighted logistic regression model achieved an unweighted AUC of 0.74 and a 

survey-weighted AUC of 0.801 in the held-out test set. The XGBoost classifier demonstrated an 

unweighted AUC of 0.76 and a survey-weighted AUC of 0.797. Under unweighted evaluation, 

XGBoost showed slightly higher discrimination compared to logistic regression (0.76 vs. 0.74). 

However, when incorporating survey weights, logistic regression achieved a marginally higher 

population-level AUC (0.801 vs. 0.797), indicating comparable discrimination performance between 

modeling strategies. 
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Calibration and overall probabilistic accuracy were similar across models. The Brier score was 

marginally lower for XGBoost in both unweighted (0.181) and weighted (0.187) evaluations 

compared to logistic regression (0.186 and 0.192, respectively), suggesting slightly improved 

probabilistic performance for the gradient boosting approach. Differences, however, were small and 

do not indicate substantial superiority of either model. 

Table 2. Predictive Performance of Logistic Regression and XGBoost Models (Test Set, n = 1,050). 

Model 
AUC 

(Unweighted) 

AUC (Survey-

Weighted) 

Brier Score 

(Unweighted) 

Brier Score (Survey-

Weighted) 

Survey-Weighted Logistic 

Regression 
0.74 0.801 0.186 0.192 

XGBoost Classifier 0.76 0.797 0.181 0.187 

Note. AUC = Area Under the Receiver Operating Characteristic Curve. Survey-weighted metrics incorporate 

sampling weights to reflect population-level predictive performance. The Brier score represents the mean 

squared error of predicted probabilities; lower values indicate better calibration. 

Discriminative performance was further examined using Receiver Operating Characteristic 

(ROC) analysis (Figure 1). Both models demonstrated similar discrimination capacity under survey-

weighted evaluation. 

  

Figure 1. Receiver Operating Characteristic (ROC) curves comparing predictive models for physical inactivity. 

(A) ROC curves estimated using survey sampling weights (pond_weight), displaying weighted 

true positive and false positive rates. 

(B) Standard ROC curves estimated without weights, with weighted AUC values shown in the 

legend for comparison. 

Under survey-weighted evaluation (Figure 1A), logistic regression achieved a weighted AUC of 

0.801, while XGBoost achieved a weighted AUC of 0.797, indicating comparable discrimination 

performance. The unweighted ROC curves (Figure 1B) showed similar patterns, confirming model 

stability across evaluation strategies. 

Observed versus predicted probabilities are presented across deciles of predicted risk. The 

dashed diagonal line represents perfect calibration. Points above the line indicate underestimation of 

risk, whereas points below the line indicate overestimation. Both models demonstrated good 

agreement between predicted and observed probabilities across risk strata, with only minor 

deviations in intermediate deciles. 
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Figure 2. Calibration curves for predictive models of physical inactivity (test set, unweighted evaluation). 

The Brier score analysis was consistent with the graphical assessment. XGBoost showed a 

slightly lower prediction error compared to logistic regression; however, differences were small, 

supporting comparable probabilistic accuracy between modeling approaches. 

4.3. Survey-Weighted Logistic Regression Analysis 

The survey-weighted logistic regression model identified several sociodemographic and 

behavioral factors independently associated with physical inactivity after adjustment for all 

covariates. Robust HC3 standard errors were applied to account for potential heteroskedasticity. 

Compared to individuals in the high socioeconomic status (SES) group, those in the low SES 

category had significantly higher odds of physical inactivity (OR = 1.34, 95% CI: 1.12–1.60). No 

statistically significant difference was observed for the medium SES category relative to the high SES 

reference group. 

Women exhibited higher odds of physical inactivity compared to men (OR = 1.28, 95% CI: 1.10–

1.48). 

Regarding economic engagement in physical activity, increasing levels of monthly expenditure 

were associated with progressively lower odds of inactivity, suggesting a dose–response gradient. 

Individuals spending more than $73,000 CLP per month had 42% lower odds of inactivity compared 

to those reporting no expenditure. 

Similarly, frequent use of digital resources for physical activity was significantly associated with 

lower odds of inactivity (OR = 0.61, 95% CI: 0.49–0.76), whereas merely expressing interest in starting 

digital use was not statistically significant. 

Facility access demonstrated a protective gradient across categories, with higher access levels 

associated with lower odds of inactivity, reinforcing the importance of structural environmental 

determinants. 

Overall, the adjusted model confirmed that structural access variables (SES and facility access), 

gender, and behavioral engagement indicators were independently associated with physical 

inactivity at the population level. 
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Table 3. Survey-Weighted Logistic Regression Model for Physical Inactivity. 

Predictor Category (Reference) 
Adjusted 

OR 
95% CI 

p-

value 

Socioeconomic Status Low vs High 1.34 
1.12–

1.60 
<0.01 

 Medium vs High 1.12 
0.95–

1.32 
0.18 

Sex Women vs Men 1.28 
1.10–

1.48 
<0.01 

Monthly Physical Activity 

Expenditure 
Up to $46,000 CLP vs $0 0.79 

0.68–

0.92 
<0.01 

 $46,000–$73,000 CLP vs $0 0.64 
0.48–

0.85 
<0.01 

 > $73,000 CLP vs $0 0.58 
0.34–

0.98 
0.04 

Digital Resource Use Occasionally vs Not Interested 0.83 
0.70–

0.98 
0.03 

 Would Like to Start vs Not 

Interested 
0.91 

0.75–

1.10 
0.32 

 Frequently vs Not Interested 0.61 
0.49–

0.76 
<0.001 

Facility Access Category 2 vs Category 1 0.88 
0.73–

1.05 
0.15 

 Category 3 vs Category 1 0.72 
0.59–

0.88 
<0.01 

 Category 4 vs Category 1 0.63 
0.49–

0.81 
<0.001 

Note. OR = Odds Ratio; CI = Confidence Interval. Model estimated using survey sampling weights to reflect 

population-level associations. Robust HC3 standard errors were applied. Reference categories: High 

socioeconomic status; Men; $0 monthly expenditure; Not interested in digital resource use; Facility access 

Category 1. 

As shown in Figure 3, the SHAP-style contributions derived from XGBoost reveal the relative 

magnitude and direction of influence of the top predictors on the probability of physical inactivity 

(inactive = 1). Monthly physical activity expenditure, digital resource use, sex, perceived 

neighborhood safety, and weekly time allocation to physical activity demonstrated substantial 

dispersion in log-odds contributions across individuals, indicating heterogeneous effects within the 

population. 
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Figure 3. SHAP-style feature contributions for the XGBoost model in the test set. 

Each point represents an individual observation from the held-out test set. The x-axis shows the 

contribution of each feature to the predicted log-odds of physical inactivity (inactive = 1), computed 

using XGBoost pred_contribs. Positive values shift the prediction toward inactivity, whereas negative 

values shift it toward activity. Features are ordered by mean absolute contribution (global 

importance). The vertical dashed line indicates zero contribution (no effect). Jitter was applied along 

the y-axis for visualization clarity. 

4.4. Comparative Interpretation of Inference- and Prediction-Based Models 

In Table 4, we align the direction and magnitude of associations from the survey-weighted 

logistic regression model (adjusted odds ratios) with global contribution metrics derived from the 

XGBoost classifier evaluated on the held-out test set. 

While logistic regression provides population-level association estimates under parametric 

assumptions, XGBoost contribution summaries reflect predictive influence in log-odds units and may 

capture non-linearities and interaction effects. 

Together, these results provide complementary inference-oriented and prediction-oriented 

perspectives on correlates of physical inactivity. 

Table 4. Comparison of Survey-Weighted Logistic Regression Associations and XGBoost Global Contributions 

(Test Set). 

Predictor Contrast 
Adjusted 

OR 
95% CI 

p-

value 

XGB Mean 

|Contribution| 

(log-odds) 

XGB Mean Signed 

Contribution (log-

odds) 

Socioeconomic 

status (SES) 
Low vs High 1.34 1.12–1.60 <0.01 0.078 0.009 

Socioeconomic 

status (SES) 
Medium vs High 1.12 0.95–1.32 0.18 0.078 −0.004 

Sex Women vs Men 1.28 1.10–1.48 <0.01 0.284 −0.006 

Monthly PA 

expenditure 
Up to $46,000 vs $0 0.79 0.68–0.92 <0.01 0.642 −0.016 
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Monthly PA 

expenditure 

$46,000–$73,000 vs 

$0 
0.64 0.48–0.85 <0.01 0.172 −0.011 

Monthly PA 

expenditure 
> $73,000 vs $0 0.58 0.34–0.98 0.04 0.084 0.020 

Digital resource 

use 

Occasionally vs Not 

interested 
0.83 0.70–0.98 0.03 0.316 0.024 

Digital resource 

use 

Frequently vs Not 

interested 
0.61 0.49–0.76 <0.001 0.284 −0.034 

Digital resource 

use 

Would like to start 

vs Not interested 
0.91 0.75–1.10 0.32 — 0.004 

5. Discussion 

The present study compared a survey-weighted logistic regression model with an explainable 

machine learning approach (XGBoost) to predict physical inactivity in a nationally representative 

sample of Chilean adults. Both models demonstrated acceptable discrimination and calibration, with 

only marginal and clinically negligible differences in predictive performance. Under survey-

weighted evaluation, logistic regression achieved a slightly higher AUC, whereas XGBoost showed 

marginally better probabilistic accuracy according to the Brier score. Importantly, structural 

determinants such as socioeconomic status and facility access, as well as behavioral engagement 

indicators including monthly physical activity expenditure and digital resource use, were 

consistently identified as relevant predictors across modeling strategies [21,22]. These findings 

suggest that while advanced machine learning techniques may offer incremental gains in prediction, 

traditional regression frameworks remain robust for population-level inference when properly 

specified and weighted [23]. 

Consistent with prior evidence from Latin America, individuals in the low socioeconomic status 

category exhibited significantly higher odds of physical inactivity compared to those in the high SES 

group [24,25]. This reinforces the persistent social gradient observed in physical activity research, 

where structural inequities constrain access to resources, safe environments, and recreational 

infrastructure [26]. Women also showed higher odds of inactivity, aligning with regional gender 

disparities reported in previous epidemiological studies [4,6]. These patterns suggest that 

socioeconomic and gender-based inequalities continue to shape behavioral health outcomes in Chile. 

From a public health perspective, these findings underscore the need for equity-oriented 

interventions that address environmental barriers, affordability constraints, and culturally 

embedded norms influencing women’s participation in physical activity. 

A notable finding was the dose–response association between monthly physical activity 

expenditure and reduced odds of inactivity. Higher expenditure may reflect greater engagement in 

structured physical activity contexts, such as gym memberships or organized programs [2]. However, 

it may also act as a proxy for disposable income and broader access to health-promoting resources. 

Similarly, frequent use of digital tools for physical activity was associated with lower inactivity risk, 

whereas mere intention to start using digital resources was not significant [27,28]. This distinction 

highlights the importance of actual behavioral engagement rather than motivational readiness alone. 

This individual-level interpretability complements regression-based adjusted odds ratios, which 

summarize average population effects [29]. As digital health interventions expand, these results 

suggest that active utilization rather than access alone may be a key determinant of effectiveness in 

promoting physical activity. 

Although XGBoost demonstrated slightly improved calibration metrics, the difference in 

discrimination between models was minimal. This aligns with systematic reviews indicating that 

machine learning algorithms do not consistently outperform logistic regression in structured 

epidemiological datasets [15,16]. The marginal performance gain observed here may reflect the 
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relatively low-to-moderate dimensionality of predictors (33 features) and the relatively balanced 

outcome distribution. In such contexts, the flexibility of gradient boosting may not substantially 

exceed the explanatory capacity of a well-specified regression model [30]. However, the ability of 

XGBoost to capture nonlinear relationships and interactions without pre-specification offers 

methodological advantages, particularly when exploring heterogeneous behavioral patterns within 

large population datasets. 

The integration of SHAP-style contribution analysis enhanced interpretability of the machine 

learning model by quantifying feature-level influence in log-odds units. The dispersion of 

contributions across individuals revealed heterogeneity in how structural and behavioral factors 

influence inactivity risk. For example, monthly expenditure and digital resource use demonstrated 

substantial variability in directional effects across participants. By aligning inferential and predictive 

perspectives, the present study demonstrates that explainable AI techniques can bridge the 

traditional divide between statistical modeling and machine learning, thereby strengthening the 

translational value of predictive analytics in public health research. This dual framework strengthens 

methodological transparency while preserving predictive flexibility [17–19]. 

From a policy standpoint, the findings reinforce the importance of structural investment in 

accessible recreational facilities and equitable resource distribution. The protective gradient observed 

for facility access suggests that improving physical infrastructure may yield measurable reductions 

in inactivity prevalence [31]. Additionally, the significant association between digital engagement 

and activity highlights the potential of scalable technology-based interventions [32]. However, digital 

strategies should be integrated within broader socioeconomic frameworks to avoid widening 

disparities. Targeted programs addressing low-SES communities and women may be particularly 

impactful in reducing national inactivity levels [33]. Policymakers should consider combining 

environmental, economic, and digital strategies within a coordinated public health framework. 

This study possesses several methodological strengths, including the use of nationally 

representative data, incorporation of calibrated survey weights in both regression and machine 

learning models, and evaluation on a held-out test set [34,35]. The integration of calibration metrics 

and explainability techniques further enhances robustness. Nevertheless, limitations must be 

acknowledged. The cross-sectional design precludes causal inference. Self-reported measures of 

physical activity and digital engagement may introduce reporting bias [36]. Additionally, while 

survey weights were incorporated during model training and evaluation, more complex replicate-

weight approaches could further refine variance estimation such as jackknife or bootstrap replicate 

weights. Finally, unmeasured contextual variables, such as occupational activity demands or health 

status, were not included in the predictive framework. 

In conclusion, both survey-weighted logistic regression and explainable machine learning 

approaches demonstrated comparable performance in predicting physical inactivity among Chilean 

adults. Structural inequalities, gender disparities, economic engagement in physical activity, and 

digital participation emerged as consistent determinants across modeling paradigms. While machine 

learning offered enhanced flexibility and individual-level interpretability, classical regression 

provided stable and policy-relevant population estimates [37,38]. Rather than viewing these 

approaches as competing methodologies, our findings support their complementary use in public 

health analytics [39]. Integrating inference-oriented and prediction-oriented models may provide a 

more comprehensive and policy-relevant framework for understanding and reducing physical 

inactivity at the population level. 
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GLM Generalized Linear Model 

HC3 Heteroskedasticity-Consistent Covariance Matrix Estimator (Type 3) 
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SHAP Shapley Additive Explanations 

XGB Extreme Gradient Boosting 

XGBoost Extreme Gradient Boosting Algorithm 
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