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Abstract 

Background Bayesian networks (BNs) are useful for probabilistic prediction, but conventional 

structure-learning approaches are mainly association-driven and may overlook causal information. 

This limitation can reduce model interpretability and compromise the clinical or practical relevance of 

inferred dependency structures. Here, we proposed a causally informed Bayesian network framework 

that incorporates propensity score matching (PSM)-guided causal effects as structural priors for health 

risk assessment. 

Methods This study proposed a PSM–guided Bayesian network framework (PSM-BN) that 

incorporates causal effect estimates as structural priors for BN construction. We analyzed physical 

fitness data using categorical predictors (e.g., Sit and reach, Situps, Grip force, Age) matched through 

PSM to estimate average treatment effects on the treated. These causal paths were then utilized to 

structure a BN. Model performance was assessed via five-fold cross-validation, comparing PSM-BN 

with traditional structure-learning algorithms. 

Results The PSM-BN consistently identified sit-ups, sit and reach, and age as the dominant predictors 

of physical fitness risk. The proposed model achieved an AUC of 0.888 and an accuracy of 82.3%, 

exceeding the performance of conventional BN models, whose AUCs ranged from 0.845 to 0.861. 

Explainability analyses showed that the identified predictors contributed robustly and consistently to 

model output, supporting the transparency of the proposed framework. 

Conclusion By integrating PSM-derived causal priors into BN structure learning, the proposed 

framework enhances both predictive accuracy and model interpretability. This causally informed 

modeling strategy may serve as a useful computational approach for biomedical risk assessment and 

other health-related decision-support applications. 

Keywords Causal inference, Risk assessment, Bayesian network, Propensity score matching, Physical 

fitness 
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Introduction 

Effective risk assessment requires computational models that not only achieve adequate predictive 

performance but also provide interpretable and practically meaningful reasoning. In health-related 

decision support, transparency is especially important because model outputs may inform screening, 

risk stratification, and individualized intervention planning. Although recent machine learning and 

deep learning approaches have demonstrated strong predictive capability, many operate as black-box 

systems and offer limited insight into the underlying dependency structure of risk factors [1]. This 

limitation reduces their practical value in public health and biomedical settings where explainability 

and causal plausibility are essential [2]. Therefore, there is a need for computational frameworks that 

combine robust prediction with transparent and structurally interpretable modeling. 

Bayesian networks (BNs) provide a principled and interpretable framework by encoding conditional 

dependencies in a directed acyclic graph (DAG) [3]. Yet, learning BN structures from observational 

health data is still challenged by confounding, spurious associations, and ambiguity in causal direction. 

For example, Ordovas, et al. [4] applied BN to cardiovascular risk prediction, but the resulting network 

required expert review to remove implausible connections. Zhao, et al. [5] used hierarchical BNs to 

enhance laboratory safety assessments, achieving better interpretability through domain knowledge 

but reducing objectivity. Moreover, many health systems exhibit nonlinear interactions and dynamic 

feedback—such as threshold effects or behavioral adaptation—that cannot be captured by purely 

correlation-based methods [6]. This highlights the need for a more robust understanding of complex 

causal relationships when constructing BNs. Yet commonly used causal inference approaches—

including instrumental variables, difference-in-differences, and structural equation modeling—often 

face limitations such as high computational complexity, unstable estimates, and heavy reliance on 

correlation structures [7-9]. These issues restrict their applicability and generalizability in real-world 

causal analysis. As a result, practitioners may either accept questionable causal directions or impose 

ad hoc expert constraints, sacrificing validity or objectivity. Consequently, there is a pressing need in 

public health and healthcare for analytical models that are more generalizable, interpretable, and 

capable of delivering reliable performance. 

To address these challenges, this study proposes a framework that integrates Propensity Score 

Matching (PSM) into BN structure learning to enhance causal interpretability and mitigate 

confounding bias. PSM is a widely used causal inference method for observational studies and works 

by estimating the probability of receiving a treatment based on observed covariates. Through matching 

individuals with similar propensity scores, PSM balances confounders and improves the credibility of 

causal effect estimation [10, 11]. In health research, PSM is commonly applied to evaluate intervention 

impacts and uncover causal relationships between lifestyle factors and health outcomes. 

We apply this framework to a large-scale physical fitness dataset from the Korean Sports Promotion 

Foundation (KSPF), which includes 13,393 participants, 11 physical indicators, and health status 
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graded from A to D. By integrating PSM into BN structure learning, we guide the discovery process 

toward causally consistent structures. Balancing confounders prior to structure estimation provides 

credible causal priors, improving identification of true causal pathways among fitness indicators and 

health outcomes. Compared with conventional data-driven BN learning, our approach reduces reliance 

on expert-specified structures while enhancing interpretability and validity. Additionally, we 

incorporate explainable machine learning techniques such as SHAP (SHapley Additive exPlanations) 

values and feature importance [12] to support and communicate identified risk factors. While these 

techniques traditionally emphasize statistical associations, integrating PSM-based causal estimates 

strengthens their interpretability and practical relevance, enabling more reliable identification of key 

drivers and improving trust in model predictions among stakeholders. 

Materials and methods 

Propensity score matching (PSM) 

PSM is a causal inference method widely used in observational studies to reduce selection bias 

arising from non-random treatment assignment [13]. The approach estimates the probability of 

receiving the treatment for each individual—known as the propensity score—which is typically 

obtained using logistic regression or machine-learning models [14]. Individuals are then matched 

based on these scores so that the distribution of observed covariates becomes comparable between 

treatment and control groups. After matching, the treatment effect is estimated from outcome 

differences in the matched sample, thereby reducing confounding and improving causal validity [15]. 

Average Treatment Effect on the Treated (ATET) 

The Average Treatment Effect on the Treated (ATET) quantifies the causal impact of treatment on 

individuals who actually received it [16]. It is defined as: 

𝐴𝑇𝐸𝑇 = 𝐸[𝑌𝑖(1)|𝐷𝑖 = 1] − 𝐸[𝑌𝑖(0)|𝐷𝑖 = 1]                       (1) 

where 𝑌𝑖 (1) and 𝑌𝑖(0)  denote the potential outcomes of the 𝑖 -th individual under treatment and 

control, respectively, and 𝐷𝑖 is a binary treatment indicator that equals 1 if individual 𝑖 receives the 

treatment and 0 if individual 𝑖  is in the control condition. In the matched sample, the ATET is 

estimated as the mean outcome difference between each treated individual (𝐷𝑖 = 1) and its matched 

control counterpart (𝐷𝑖 = 0) [17, 18]. In this study, the “treatment” corresponds to a specific physical 

activity–related exposure or fitness level (e.g., a given Situps or BMI category), and the ATET captures 

the causal effect of these exposures on the physical fitness outcome. 

Covariate balance after matching was assessed using standardized mean differences (SMDs) and 

Chi-square tests. Absolute SMDs less than 0.1 were regarded as indicating adequate balance, whereas 

values between 0.1 and 0.2 were considered marginally acceptable. Chi-square tests were used to 

evaluate differences in categorical distributions at a significance level of α = 0.05 [14, 19]. These 
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diagnostics ensure that subsequent causal estimates reflect treatment effects rather than baseline 

imbalances. 

Sensitivity analysis 

To evaluate the stability of the ATET estimates, we applied two complementary sensitivity analyses. 

Bootstrap confidence intervals quantify the sampling variability of the ATET estimates derived from 

the matched sample, whereas Rosenbaum bounds assess how strong unmeasured confounding would 

need to be to overturn statistical significance. Together, these approaches assess robustness to both 

random error and hidden bias, thereby increasing confidence in the resulting causal inferences. 

Bootstrap Confidence Interval Analysis 

Bootstrap is a non-parametric resampling method used to evaluate the sampling uncertainty of an 

estimator when the population distribution is unknown. In this study, we used bootstrap to construct 

95% confidence intervals for the ATET and to assess the stability of the causal estimates obtained from 

PSM. After matching, let the sample contain 𝑛𝑀 treated individuals and 𝑛𝐶  matched controls. For 

each treated individual 𝑖=1, …,𝑛𝑀, under the 1:1 nearest-neighbour matching used in this study, we 

have 𝑛𝑀=𝑛𝐶 = 𝑛. The point estimate of ATET is: 

𝜏̃𝐴𝑇𝐸𝑇 =
1

𝑛
∑ (𝑇𝑖

𝑛
𝑖=1 − 𝐶𝑖)                              (2) 

where 𝑇𝑖 denotes the observed outcome of the i-th individual in the treated group (T, treated), and 𝐶𝑖 

denotes the observed outcome of the matched control corresponding to the i-th treated individual (C, 

control) [20]. For the bootstrap procedure, we repeatedly drew 𝑛 matched pairs with replacement 

from the empirical distribution formed by the matched sample, and an ATET estimate was calculated 

for each resampled dataset. Repeating this process 1000 times produced the empirical sampling 

distribution {𝜏̃𝐴𝑇𝐸𝑇
(1)

, . . . , 𝜏̃𝐴𝑇𝐸𝑇
(1000)

}. The 95% bootstrap confidence interval was then defined by the 2.5th 

and 97.5th percentiles of this distribution. When the resulting interval excluded zero, the estimated 

ATET was regarded as statistically significant [21, 22]. This pair bootstrap approach, while simplified, 

is widely accepted in applied research when combined with rigorous balance checks and sensitivity 

analysis. However, bootstrap methods cannot account for unmeasured confounding [23], which is 

addressed using Rosenbaum bounds. 

Rosenbaum Bounds sensitivity analysis 

To evaluate whether the estimated ATET might be influenced by unobserved confounding, 

Rosenbaum bounds sensitivity analysis was conducted. Because the physical fitness dataset is 

observational, individuals may differ in unmeasured factors—such as lifestyle, dietary habits, or 

exercise routines—that could jointly affect treatment assignment and outcomes. Although PSM 

constructs matched pairs with nearly identical observed covariates 𝑋𝑖, a hidden covariate 𝑍𝑖 may still 

cause residual differences in treatment probabilities. For each individual 𝑘 in the matched sample, let 
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𝐷𝑘 be a binary treatment indicator, equal to 1 if the individual belongs to the treatment group and 0 if 

the individual belongs to the corresponding control group. For example, in the Situps analysis, 𝐷𝑘 =

1 may indicate that the individual is classified in a higher Situps performance category, whereas 𝐷𝑘 =

0  indicates membership in the reference Situps category. Rosenbaum bounds sensitivity analysis 

characterizes the possible impact of unobserved confounding using a sensitivity parameter Γ, which 

bounds the maximum difference in treatment probabilities within a matched pair attributable to hidden 

bias. Specifically, for any matched pair (𝑖, 𝑗) with the same observed covariates 𝑋𝑖 = 𝑋𝑗, the treatment 

probabilities are assumed to satisfy: 

1

Γ
≤

𝑃(𝐷𝑗=1|𝑋𝑗,𝑍𝑗)

𝑃(𝐷𝑖=1|𝑋𝑖,𝑍𝑖)
≤ Γ                                 (3) 

here, 𝑃(𝐷𝑖 = 1|𝑋𝑖, 𝑍𝑖) denotes the probability that individual 𝑖 receives the treatment given their 

observed covariates 𝑋𝑖  and unobserved factor 𝑍𝑖 , and (𝐷𝑗 = 1|𝑋𝑗, 𝑍𝑗)  is defined analogously for 

individual 𝑗  [24]. The parameter Γ ≥ 1  quantifies the potential magnitude of hidden bias. When 

Γ = 1, matched individuals have identical treatment odds after conditioning on 𝑋𝑖. When Γ＞1, their 

odds of receiving the treatment may differ by up to a factor of Γ , implying possible unobserved 

confounding [25]. Thus, Equation (3) reflects the maximum allowable distortion in treatment 

assignment due to unmeasured variables and serves as the basis for testing the robustness of the ATET 

estimate. Rosenbaum further evaluates the impact of such bias on statistical significance using the 

Wilcoxon signed-rank test statistic 𝑇𝑊𝑖𝑙𝑐𝑜𝑥𝑜𝑛, computed from within-pair outcome differences. For a 

given level of hidden bias Γ, the method provides two bounds on the p-value:  

𝑝𝑚𝑎𝑥(Γ) = 𝑃( 𝑇𝑊𝑖𝑙𝑐𝑜𝑥𝑜𝑛 ≥ 𝑡𝑜𝑏𝑠 ∣ Γ)                          (4) 

𝑝𝑚𝑖𝑛(Γ) = 𝑃( 𝑇𝑊𝑖𝑙𝑐𝑜𝑥𝑜𝑛 ≥ 𝑡𝑜𝑏𝑠 ∣
1

Γ
)                           (5) 

where 𝑇𝑊𝑖𝑙𝑐𝑜𝑥𝑜𝑛 is the Wilcoxon signed-rank test statistic, 𝑡𝑜𝑏𝑠 denotes its observed value computed 

from the matched pairs, 𝑝𝑚𝑎𝑥(Γ) represents the worst-case scenario where hidden bias works against 

the detected effect, and 𝑝𝑚𝑖𝑛(Γ) represents the best-case scenario where hidden bias works with the 

effect [26, 27]. If 𝑝𝑚𝑎𝑥(Γ)＜0.05, then even under the most unfavorable hidden-bias scenario of size 

Γ, the treatment effect remains statistically significant. 

In this study, the ATET estimate was considered robust when two conditions were met: (1) the 

bootstrap confidence interval excluded zero, and (2) the Rosenbaum upper-bound p-value 𝑝𝑚𝑎𝑥(Γ) 

remained below 0.05. Our results showed that the ATET remained robust up to Γ = 2.0, indicating 

that an unmeasured confounder would need to double the odds of treatment assignment to overturn the 

causal conclusion—an effect size typically regarded as substantively large in observational studies. 

Bayesian Networks 

BNs are probabilistic graphical models that represent conditional dependencies among variables 
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through a directed acyclic graph [28]. Each node corresponds to a random variable, and directed edges 

encode parent–child relationships. The quantitative component of a BN is characterized by conditional 

probability tables (CPTs) [29], which define the probability distribution of each node given the states 

of its parents [30]. Let the set of variables be 𝑋 = {𝑋1, 𝑋2, … , 𝑋𝑛}, where each 𝑋𝑖 denotes a random 

variable. The BN structure is represented by a DAG 𝐺 = (𝑉, 𝐸), where 𝑉 = 𝑋 is the set of nodes and 

𝐸 is the set of directed edges encoding parent–child relationships. Based on the local Markov property, 

each variable 𝑋𝑖 is conditionally independent of all its non-descendants given its parent set 𝑃𝑎(𝑋𝑖). 

Under this assumption, the joint probability distribution factorizes as: 

𝑃(𝑋1, 𝑋2, … , 𝑋𝑛) = ∏ 𝑃𝑛
𝑖=1 (𝑋𝑖 ∣ 𝑃𝑎(𝑋𝑖))                             (6) 

where 𝑃𝑎(𝑋𝑖) denotes the set of parent nodes of 𝑋𝑖, and the product iterates over all variables in the 

network. The quantitative component of the BN is defined through CPTs, which specify the probability 

distribution of each variable given the values of its parents. Let Val(𝑋𝑖) denote the set of all possible 

values of 𝑋𝑖, and Val(𝑃𝑎(𝑋𝑖)) denote all possible value combinations of the parent variables Pa(𝑋𝑖). 

For a given variable 𝑋𝑖, a CPT entry takes the general formy: 

𝑃( 𝑋𝑖 = 𝑥𝑖 ∣∣ Pa(𝑋𝑖) = pa𝑖 ), ∀𝑥𝑖 ∈ 𝑉𝑎𝑙(𝑋𝑖), 𝑝𝑎𝑖 ∈ 𝑉𝑎𝑙(𝑃𝑎(𝑋𝑖))               (7) 

In Equation (7), 𝑥𝑖  denotes one possible value of variable 𝑋𝑖 , and 𝑝𝑎𝑖  specifies a particular 

configuration of parent-node values. The complete CPT of node 𝑋𝑖  is obtained by enumerating 

Equation (7) over all possible pairs (𝑥𝑖, 𝑝𝑎𝑖). Together, Equations (6) and (7) formalize how the BN 

represents a high-dimensional joint distribution through a structured set of local conditional probability 

relations, enabling probabilistic inference and prediction [31, 32]. 

PSM-guided Bayesian Networks (PSM-BN) 

In this study, we constructed a Bayesian network guided by propensity score matching to incorporate 

empirically validated causal relationships into structure learning. The approach begins by estimating 

multilevel causal effects for each physical fitness–related attribute, where continuous predictors were 

categorized into ordered intervals and treated as discrete treatment levels. For each treatment contrast, 

propensity scores were estimated using machine-learning classifiers capable of modeling nonlinear 

covariate structures, followed by 1:1 nearest-neighbor matching with a 0.2 standard deviation caliper 

to ensure overlap. Covariate balance was examined using standardized mean differences and χ² tests, 

and only matched pairs within the common support region were retained. The ATET was then 

computed within each stratum, and statistical robustness was established through 1000 bootstrap 

replications and Rosenbaum sensitivity analysis. An ATET was considered credible only when the 

bootstrap confidence interval excluded zero and the causal conclusion remained robust under moderate 

levels of hidden bias. In addition, we have provided a detailed flowchart in the supplementary materials 

illustrating the complete process—from data preparation to matched control selection, covariate 

balance assessment, and final ATET estimation (Fig. S1). 

These validated causal effects served as structural priors for the Bayesian network. Directed edges 
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were introduced when the corresponding ATETs indicated a substantial and statistically reliable causal 

influence. Feature–outcome relationships were incorporated when absolute ATET values exceeded 0.2, 

whereas feature–feature relationships required stronger evidence (|ATET| > 0.4) to avoid unnecessary 

structural density. When bidirectional effects were observed across treatment levels, the direction with 

the larger absolute causal effect was selected. Because each pair of variables could produce multiple 

stratum-specific ATETs, an edge was included only if at least one level satisfied all robustness criteria, 

thus ensuring that the final network reflected stable causal dependencies rather than incidental 

associations. 

The resulting causal graph formed the structural basis of the Bayesian network implemented in 

GeNIe (https://www.bayesfusion.com/genie/), where conditional probability tables were estimated 

from observed frequencies of each category [33]. Compared with networks derived from traditional 

structure-learning algorithms—such as Peter–Clark (PC), Greedy Thick Thinning, Bayesian Search, 

and Naive Bayes—the PSM-BN avoided implausible dependency patterns and generated a markedly 

simpler and more interpretable directed acyclic graph. By grounding structure learning in robust causal 

inference rather than correlations alone, the PSM-BN provides a principled integration of causal 

estimation and probabilistic modeling, enhancing both the interpretability and predictive validity of 

the Bayesian network. 

Experimental data 

This study utilized a publicly available dataset from the official Kaggle platform. We obtained the 

filtered dataset from the website at https://www.kaggle.com/datasets/kukuroo3/body-performance-

data. The dataset had been prefiltered and systematically organized by the provider, containing 13,393 

independent samples. Each sample includes 11 features and a categorical label representing the 

individual’s physical fitness level, classified into four ordered categories: A (very good), B (good), C 

(poor), and D (very poor). Detailed descriptions of all variables are presented in Table 1. After 

removing one duplicated entry, the final dataset consisted of 13,392 unique samples. Since the gender 

and physical fitness class variables were originally categorical, appropriate encoding was applied 

before analysis. For the gender variable, females (F) were encoded as 1 and males (M) as 2. For the 

physical fitness class, grades A and B were encoded as 0 (indicating good physical fitness), and grades 

C and D were encoded as 1 (indicating poor physical fitness) [34]. 

Preprocessing 

In this study, the Local Outlier Factor (LOF) algorithm was implemented using the 

LocalOutlierFactor class in scikit-learn, with the number of neighbors set to 20 and the contamination 

parameter set to 'auto'. A total of 671 outliers were detected. After removing these samples, the dataset 

size decreased from 13,392 to 12,721. This step reduced the potential influence of anomalous 

observations and improved the robustness of subsequent model construction and causal inference 
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analyses. Detailed mathematical definitions and formulas of the LOF method are provided in the 

Supplementary Materials. 

Table 1 Description of the meaning of the variables in the dataset 

Characteristic Total 

(N=12721) 

A (n=3244) B (n=3308) C (n=3291) D (n=2878) A/B (n=6552) C/D (n=6169) 

Gender - F 4449  1411 (43.5%) 1152 (34.8%) 1065 (32.4%) 821 (28.5%) 2563 (39.1%) 1886 (30.6%) 

Gender - M 8272  1833 (56.5%) 2156 (65.2%) 2226 (67.6%) 2057 (71.5%) 3989 (60.9%) 4283 (69.4%) 

Age (years) 36.2 ± 13.3 34.9 ± 12.8 36.9 ± 13.6 36.4 ± 13.6 36.7 ± 13.2 35.9 ± 13.2 36.5 ± 13.4 

Height (cm) 168.9 ± 8.0 168.0 ± 7.6 168.7 ± 8.0 169.4 ± 8.3 169.7 ± 8.2 168.4 ± 7.8 169.5 ± 8.3 

Weight (kg) 67.5 ± 11.5 64.6 ± 10.3 66.7 ± 10.8 66.9 ± 10.7 72.2 ± 12.8 65.6 ± 10.6 69.4 ± 12.0 

Body fat  

percentage (%) 

22.8 ± 6.8 20.5 ± 6.4 21.9 ± 6.6 22.5 ± 6.1 26.6 ± 6.6 21.2 ± 6.5 24.5 ± 6.7 

Diastolic(mmHg) 78.9 ± 10.5 77.9 ± 10.3 78.6 ± 10.6 78.7 ± 10.5 80.4 ± 10.4 78.3 ± 10.5 79.5 ± 10.5 

Systolic(mmHg) 130.2 ± 14.3 129.2 ± 14.4 130.6 ± 14.3 129.9 ± 14.3 131.2 ± 14.1 129.9 ± 14.4 130.5 ± 14.2 

Grip force(kg) 37.4 ± 10.3 38.8 ± 10.7 38.0 ± 10.3 36.8 ± 10.1 35.9 ± 9.9 38.4 ± 10.5 36.4 ± 10.0 

Sit and reach(cm) 15.4 ± 7.9 21.3 ± 5.1 17.4 ± 4.8 14.3 ± 5.9 7.9 ± 9.0 19.3 ± 5.4 11.3 ± 8.2 

Situps(counts) 40.8 ± 13.3 48.1 ± 10.5 42.8 ± 11.6 39.0 ± 12.5 32.3 ± 13.5 45.4 ± 11.4 35.9 ± 13.4 

Standing 

broad jump(cm) 

192.9 ± 37.2 203.5 ± 35.0 195.9 ± 35.7 189.8 ± 38.2 181.0 ± 36.2 199.7 ± 35.5 185.7 ± 37.6 

Categorical Encoding of Continuous Variables 

To estimate causal effects across different ranges of physical and physiological measurements, 

continuous feature variables were categorized into discrete intervals prior to PSM analysis [35]. 

Several basic indicators were combined to generate clinically meaningful measures: height and weight 

were used to compute the Body Mass Index (BMI), and systolic and diastolic blood pressure were 

integrated to derive the Mean Arterial Pressure (MAP). Physical fitness–related indicators were further 

divided into four or five ordinal levels based on the National Physical Fitness Standards or relevant 

clinical guidelines [36-38]. In addition, to account for physiological differences between males and 

females, certain variables were categorized according to gender-specific reference values. The 

corresponding interval definitions for males (M) and females (F) are summarized in Table 2. 

Table 2 Division intervals for each characteristic variable 

Features  Interval partitioning and corresponding category encoding  

  1 2 3 4 5 6 

Age M&F ＜30 (47.26%) [30,40) (19.09%) [40,50) (13.8%) [50,60] (13.75%) ≥60 (6.11%)  

BMI M&F ＜18.5 (2.37%) [18.5,24) (55.99%) [24,27.9) (35.58%) ≥27.9 (6.06%)   

Gender M&F Females (34.97%) Males (65.03%)     
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Body fat 

percentage 

(%) 

M ＜14 (15.21%) [14,20) (35.77%) [20,25) (30.69%) ≥25 (18.33%) 

  

F ＜18 (3.71%) [18,25) (27.44%) [25,30) (32.39%) ≥30 (36.46%) 

MAP M&F ＜70 (0.46%) [70,80) (7.36%) [80,90) (22%) [90,100) (34.89%) 

[100,110) 

(24.44%) 

≥110 

(10.85%) 

Grip force 

(kg) 

M ＜40 (31.24%) [40,50) (51.76%) [50,60) (15.93%) ≥60 (1.06%) 

  

F ＜20 (7.31%) [20,25) (34.59%) [25,30) (39.78%) ≥30 (18.32%) 

Sit and reach 

(cm) 

M&F ＜10 (21.22%) [10,15) (21.55%) [15,20) (28.56%) [20,25) (20.66%) ≥25 (8%)  

Situps 

(count) 

M ＜25 (5.27%) [25,35) (15.64%) [35,50) (43.45%) [50,60) (28.76%) ≥60 (6.88%) 

 

F ＜15 (10.16%) [15,25) (20%) [25,35) (26.34%) [35,45) (27.17%) ≥45 (16.32%) 

Standing 

broad jump 

(cm) 

M ＜200 (32.35%) [200,230) (41.65%) [230,260) (23.67%) ≥260 (2.33%) 

  

F ＜150 (37.4%) [150,180) (45.09%) [180,200) (14.43%) ≥200 (3.08%) 

 

Interpretable Machine Learning 

To evaluate the consistency between the causal effects identified through PSM and the predictive 

relevance of variables in machine learning models, four widely used classifiers—Random Forest, 

XGBoost, Support Vector Machine (SVM), and LightGBM—were trained to predict individuals with 

poor physical fitness. Two complementary interpretation methods were applied: SHAP and model-

based feature importance. SHAP provides a unified, game-theoretic framework to quantify the 

contribution of each feature to individual-level predictions [39], whereas model-based feature 

importance summarizes the overall influence of each variable on predictive performance. For SHAP 

analysis, standard Python libraries (including pandas, scikit-learn, xgboost, lightgbm, matplotlib, and 

shap) were used for data preprocessing, model training, and SHAP value computation and visualization 

[40]. Model-based feature importance was obtained directly from the corresponding model 

implementations in scikit-learn, xgboost, and lightgbm. For the SVM model, the absolute values of the 

linear-kernel coefficient weights were used as feature importance. For the tree-based models (Random 

Forest, XGBoost, and LightGBM), feature importance scores were extracted using their built-in feature 

importance functions. To facilitate cross-model comparison, all importance values were normalized to 

the [0,1] range. Bar plots were generated to illustrate how the importance rankings varied across 

algorithms, thereby highlighting which physical fitness indicators exert the strongest predictive 

influence under different machine learning models [12, 41, 42]. 
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Results 

Causal Effects of Individual Predictors on Physical Fitness 

Table 3 presents the estimated ATET values for each feature at different levels of physical fitness. 

We also report changes in SMDs before and after matching for selected matched groups to illustrate 

the covariate balance achieved during PSM. Full SMDs comparisons for all covariates are provided in 

the supplementary materials (Table S8–S14). 

Sit and reach showed a strong positive causal effect on poor physical fitness. Compared with the 

reference group (Category 3), individuals with the lowest flexibility (Category 1) had an ATET of 

+0.34 (95% CI: [0.31, 0.37]), and Category 2 vs. 3 yielded an ATET of +0.13 (95% CI: [0.09, 0.17]), 

indicating a higher probability of poor physical fitness at lower flexibility levels. At higher flexibility 

levels, the effects were smaller or reversed: Category 4 vs. 3 produced an ATET of –0.06 (95% CI: [–

0.08, –0.03]), and Category 5 vs. 3 produced –0.04 (95% CI: [–0.07, 0.00]); the latter comparison was 

not statistically significant because the confidence interval included zero. 

Situps also emerged as an important causal contributor. The lowest performance group (Category 1 

vs. 3) had an ATET of +0.34 (95% CI: [0.30, 0.38]), and Category 2 vs. 3 showed a similar effect 

(ATET = +0.22; 95% CI: [0.18, 0.26]). In contrast, better Situps performance was associated with 

substantially lower risk: Category 5 vs. 3 had an ATET of –0.25 (95% CI: [–0.29, –0.20]), and 

Category 4 vs. 3 had an ATET of –0.20 (95% CI: [–0.23, –0.17]), indicating a clear graded relationship 

between core endurance and physical fitness. 

For Age, a distinct but more complex pattern was observed. Relative to the youngest group (<30 

years; Category 1), individuals aged 50–59 (Category 4) had an ATET of –0.34 (95% CI: [–0.43, –

0.25]), and those aged ≥60 (Category 5) had an ATET of –0.51 (95% CI: [–0.63, –0.40]), suggesting 

a lower estimated probability of poor physical fitness in older adults within this sample. A moderate 

effect was observed for the 40–49 age group (Category 3 vs. 1; ATET = –0.19; 95% CI: [–0.23, –

0.14]). For the 30–39 group (Category 2 vs. 1), the ATET was –0.10 (95% CI: [–0.13, 0.07]), and this 

comparison was not statistically significant. 
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Table 3 Estimation of causal effects of each characteristic variable at different levels and physical 

fitness, as well as covariate balance and sensitivity analyses 

Treatment variant nM nC SMDs χ²-tests CSR 

CSR 

coverage 

(%) 

ATET 

Sensitivity Analysis 

Bootstrap. p-value 

95% CI (Γ = 2.0) 

BMI = 1vs2 221 221 <0.1 > 0.05 [0.00, 0.68] 73.40% 0.04 [-0.05, 0.13] ＜0.0001 

BMI = 3vs2 3163 3163 <0.1 > 0.05 [0.01, 0.95] 69.90% 0.04 [0.02, 0.07] ＜0.0001 

BMI = 4vs2 379 379 <0.2 

MAP = 0.02 

Situps = 0.013 [0.00, 0.96] 49.20% 0.11 [0.04, 0.17] ＜0.0001 

Body fat percentage = 1vs2 1196 1196 <0.1 > 0.05 [0.02, 0.76] 84% -0.04 [-0.08, -0.01] ＜0.0001 

Body fat percentage = 3vs2 1583 1583 <0.1 > 0.05 [0.11, 0.96] 39.80% 0.05 [0.01, 0.08] ＜0.0001 

Body fat percentage = 4vs2 152 152 <0.2 > 0.05 [0.05, 0.99] 4.80% 0.09 [-0.02, 0.20] ＜0.0001 

MAP = 1vs4 58 58 <0.2 > 0.05 [0.01, 0.12] 98.30% -0.1 [-0.29, 0.07] ＜0.0001 

MAP = 2vs4 933 933 <0.1 > 0.05 [0.03, 0.61] 99.70% 0.02 [-0.03, 0.06] ＜0.0001 

MAP = 3vs4 2794 2794 <0.1 > 0.05 [0.13, 0.71] 99.80% 0.01 [-0.01, 0.04] ＜0.0001 

MAP = 5vs4 1552 1552 <0.1 > 0.05 [0.15, 0.67] 49.90% 0.04 [-0.00, 0.07] ＜0.0001 

MAP = 6vs4 1373 1373 <0.1 > 0.05 [0.04, 0.71] 99.50% 0.01 [-0.02, 0.05] ＜0.0001 

Sit and reach = 1vs3 933 933 <0.1 > 0.05 [0.02, 0.94] 34.60% 0.34 [0.31, 0.37] ＜0.0001 

Sit and reach = 2vs3 1369 1369 <0.1 > 0.05 [0.15, 0.77] 49.90% 0.13 [0.09, 0.17] ＜0.0001 

Sit and reach = 4vs3 2610 2610 <0.1 > 0.05 [0.14, 0.76] 99.30% -0.06 [-0.08, -0.03] ＜0.0001 

Sit and reach = 5vs3 1001 1001 <0.1 > 0.05 [0.04, 0.79] 98.30% -0.04 [-0.07, -0.00] ＜0.0001 

Age = 2vs1 2423 2423 <0.1 > 0.05 [0.06, 0.74] 99.80% -0.1 [-0.13, 0.07] ＜0.0001 

Age = 3vs1 777 777 <0.2 > 0.05 [0.02, 0.85] 44.30% -0.19 [-0.23, -0.14] ＜0.0001 

Age = 4vs1 171 171 <0.1 > 0.05 [0.04, 0.94] 9.80% -0.34 [-0.43, -0.25] 0.063 

Age = 5vs1 73 73 <0.1 > 0.05 [0.07, 0.92] 9.50% -0.51 [-0.63, -0.40] ＜0.0001 

Situps = 1vs3 658 658 <0.1 > 0.05 [0.01, 0.90] 74.10% 0.34 [0.30, 0.38] ＜0.0001 

Situps = 2vs3 980 980 <0.1 > 0.05 [0.02, 0.89] 44.90% 0.22 [0.18, 0.26] ＜0.0001 

Situps = 4vs3 1764 1764 <0.1 > 0.05 [0.02, 0.87] 49.10% -0.2 [-0.23, -0.17] ＜0.0001 

Situps = 5vs3 629 629 <0.1 
BMI = 0.028 

[0.01, 0.93] 48.60% -0.25 [-0.29, -0.20] ＜0.0001 
BFP = 0.047 

Grip force = 1vs2 2908 2908 <0.1 > 0.05 [0.05, 0.88] 100% 0.1 [0.08, 0.13] ＜0.0001 

Grip force = 3vs2 2765 2765 <0.1 > 0.05 [0.04, 0.84] 89.50% -0.02 [-0.05, -0.00] ＜0.0001 

Grip force = 4vs2 339 339 <0.1 MAP=0.044 [0.00, 0.93] 37.50% -0.06 [-0.12, 0.00] ＜0.0001 

Standing broad jump = 1vs2 635 635 <0.2 Gender = 0.042 [0.05, 0.98] 14.60% 0.04 [-0.01, 0.09] ＜0.0001 

Standing broad jump = 3vs2 2062 2062 <0.1 > 0.05 [0.01, 0.85] 79.30% 0 [-0.02, 0.03] ＜0.0001 

Standing broad jump = 4vs2 271 271 <0.2 > 0.05 [0.01, 0.69] 82.10% 0.03 [-0.03 0.09] ＜0.0001 

Note: nM refers to the number of samples in the treatment group, and nC refers to the number of samples 

in the control group. "All" indicates that for each group, all covariates have standardized mean 

differences SMDs less than 0.2 or chi-square test p-values greater than 0.05. CSR represents the region 

of common support where the propensity scores of the treatment and control groups overlap. CSR 
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coverage (%) refers to the proportion of samples retained within the common support region. 95% CI 

refers to the confidence interval obtained through bootstrapping. P-value refers to the lower-bound p-

value of the Rosenbaum sensitivity analysis when the sensitivity parameter Γ is set to 2.0, with values 

remaining below 0.05. BFP stands for Body Fat Percentage. 

Feature Importance and SHAP Analysis for Model Interpretability 

Figure 1 presents the SHAP values and feature importance scores. Across all models, Sit and reach, 

Situps, and Age were consistently identified as the most influential predictors, indicating a strong 

contribution to physical fitness classification. In contrast, BMI, Body fat percentage, and MAP were 

ranked as weaker predictors, suggesting a relatively smaller impact on model performance. For 

comparability, all feature importance values were normalized. 

The distributions of SHAP values in the Random Forest, XGBoost, and LightGBM models showed 

that Sit and reach, Situps, and Age had the largest mean absolute SHAP values and substantial 

variability across individuals, confirming their dominant predictive role. Although the global feature 

importance rankings suggest that MAP, BMI, and Body fat percentage have relatively small effects, 

their SHAP patterns indicate that higher values of these features are associated with an increased 

predicted risk of poor physical fitness. This is consistent with their multi-level causal effect estimates 

obtained from the PSM analysis. Overall, the interpretability results support the conclusion that Age, 

Situps, and Sit and reach are the primary predictive features, whereas the remaining variables play a 

comparatively minor role. 

 

 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=6626661

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Fig. 1 Feature SHAP values and Feature Importance. (a) shows the feature SHAP values of the 

Random Forest Model; (b) shows the feature SHAP values of the XGBoost Model; (c) shows the 

feature SHAP values of the LightGBM model; (d) shows the Feature Importance of all machine 

learning models. In the SHAP analysis, each feature is represented by points, where distance from 

zero indicates the feature’s impact on the prediction—positive values (right) increase the likelihood 

of class 1 (poor fitness), and negative values (left) decrease it. Point color reflects feature value (blue 

= low, red = high). In the feature importance plot, bar height shows each feature’s contribution to 

prediction, but not the direction, which requires SHAP interpretation. 

Causal Relationships Among Predictor Variables 

To construct the directed edges of the BN, we first estimated the pairwise causal effects among 

predictor variables using PSM. The procedures for matching, ATET calculation, and sensitivity 

analysis were identical to those used in the earlier analysis of relationships between predictors and 

physical fitness outcomes. Table 4 summarizes the causal effects between Situps and the other feature 

variables. The PSM-derived ATET values indicated strong causal effects of Situps on six variables: Sit 

and reach, Standing broad jump, Body fat percentage, MAP, Grip force, and BMI. 

For example, in the relationship between Situps and Sit and reach, lower Situps performance 

corresponded to significant negative ATET values (Category 1 vs. 3: ATET = –0.52, 95% CI [–0.64, –

0.41]; Category 2 vs. 3: ATET = –0.37, 95% CI [–0.44, –0.30]). In contrast, higher Situps performance 

had positive causal effects on Standing broad jump (Category 5 vs. 3: ATET = +0.45, 95% CI [0.39, 

0.50]). These robust and directionally consistent ATET estimates directly informed the construction of 

the PSM-BN. 

Directed edges were included only when the causal effects were statistically significant and 

consistent across levels. In cases of bidirectional causal effects, the direction of the edge was 

determined based on the stronger ATET magnitude. This process ensures that the PSM-BN captures 

the underlying causal structure among predictor variables rather than relying solely on statistical 

associations. The complete set of pairwise causal estimates is provided in the supplementary materials 

(Tables S1–S7). 
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Table 4 Causal relationships among feature variables 

 nM nC SMDs χ²-tests CSR CSR coverage (%) ATET 
Sensitivity Analysis 

Bootstrap p-value 

95% CI (Γ=2.0) 

Situps→Sit and reach 

Situps = 1vs3 873 873 <0.1 > 0.05 [0.01, 0.85] 98.31% -0.52 [-0.64, -0.41] ＜0.0001 

Situps = 2vs3 2172 2172 <0.1 > 0.05 [0.03, 0.88] 99.45% -0.37 [-0.44, -0.30] ＜0.0001 

Situps = 4vs3 2852 2852 <0.1 > 0.05 [0.04, 0.87] 79.49% 0.37 [0.31, 0.43] ＜0.0001 

Situps = 5vs3 1150 1150 <0.1 > 0.05 [0.01, 0.94] 88.80% 0.39 [0.30, 0.49] ＜0.0001 

Situps→Standing broad jump 

Situps = 1vs3 786 786 <0.1 > 0.05 [0.01, 0.91] 88.51% -0.16 [-0.20, -0.11] ＜0.0001 

Situps = 2vs3 1631 1631 <0.1 > 0.05 [0.03, 0.87] 74.68% -0.13 [-0.17, -0.10] ＜0.0001 

Situps = 4vs3 1960 1960 <0.1 > 0.05 [0.02, 0.88] 54.63% 0.23 [0.19, 0.27] ＜0.0001 

Situps = 5vs3 1282 1282 <0.1 > 0.05 [0.01, 0.86] 99% 0.45 [0.39, 0.50] ＜0.0001 

Situps→Body fat percentage 

Situps = 1vs3 702 702 <0.1 > 0.05 [0.01, 0.90] 79.05% 0.34 [0.25, 0.42] ＜0.0001 

Situps = 2vs3 2172 2172 <0.1 > 0.05 [0.03, 0.88] 99.455 0.22 [0.17, 0.27] ＜0.0001 

Situps = 4vs3 3555 3555 <0.1 > 0.05 [0.02, 0.88] 99.08% -0.12 [-0.17, -0.08] ＜0.0001 

Situps = 5vs3 1139 1139 <0.1 > 0.05 [0.00, 0.93] 87.95% -0.14 [-0.21, -0.07] ＜0.0001 

Situps→MAP 

Situps = 1vs3 880 880 <0.1 > 0.05 [0.01, 0.92] 99.09% -0.22 [-0.31, -0.12] ＜0.0001 

Situps = 2vs3 2181 2181 <0.1 > 0.05 [0.02, 0.88] 99.86% 0.02 [-0.05, 0.09] ＜0.0001 

Situps = 4vs3 3006 3006 <0.1 > 0.05 [0.02, 0.87] 83.78% 0.02 [-0.04, 0.08] ＜0.0001 

Situps = 5vs3 1277 1277 <0.1 > 0.05 [0.01, 0.95] 98.61% 0.14 [0.05, 0.23] ＜0.0001 

Situps→Gripforce 

Situps = 1vs3 264 264 <0.1 > 0.05 [0.01, 0.89] 28.73% -0.12 [-0.25, 0.02] ＜0.0001 

Situps = 2vs3 2169 2169 <0.1 > 0.05 [0.02, 0.87] 99.31% -0.02 [-0.07, 0.02] ＜0.0001 

Situps = 4vs3 2499 2499 <0.1 > 0.05 [0.03, 0.89] 69.64% 0.16 [0.11, 0.21] ＜0.0001 

Situps = 5vs3 1260 1260 <0.1 > 0.05 [0.01, 0.92] 97.30% 0.24 [0.18, 0.31] ＜0.0001 

Situps→BMI 

Situps = 1vs3 880 880 <0.1 GF＜0.01 [0.01, 0.91] 99.09% -0.03 [-0.09, 0.03] ＜0.0001 

Situps = 2vs3 869 869 <0.1 > 0.05 [0.03, 0.88] 40.34% -0.07 [-0.14, -0.01] ＜0.0001 

Situps = 4vs3 1949 1949 <0.1 > 0.05 [0.02, 0.87] 54.32% 0.04 [0.00, 0.08] ＜0.0001 

Situps = 5vs3 621 621 <0.1 > 0.05 [0.01, 0.93] 47.95% 0.07 [0.01, 0.14] ＜0.0001 

Note: nM refers to the number of samples in the treatment group, and nC refers to the number of samples 

in the control group. "All" indicates that for each group, all covariates have standardized mean 

differences SMDs less than 0.2 or chi-square test p-values greater than 0.05. CSR represents the region 

of common support where the propensity scores of the treatment and control groups overlap. CSR 

coverage (%) refers to the proportion of samples retained within the common support region. 95% CI 

refers to the confidence interval obtained through bootstrapping. P-value refers to the lower-bound p-
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value of the Rosenbaum sensitivity analysis when the sensitivity parameter Γ is set to 2.0, with values 

remaining below 0.05. GF stands for Grip force. 

Comparison of PSM-Guided Bayesian Network Construction and Traditional Structure 

Learning Algorithms in Performance 

Figure 2 presents the BN structures generated using several structure learning algorithms, including 

the Greedy Thick Thinning algorithm (GTT-BN, Fig. 2a), the Bayesian Search algorithm (BS-BN, Fig. 

2b), the PC algorithm (PC-BN, Fig. 2c), the Naive Bayes algorithm (NB-BN, Fig. 2d), and the PSM–

guided Bayesian network framework (PSM-BN, Fig. 2e). The networks produced by these algorithms 

differed substantially in both the total number of edges and the specific directed relationships among 

variables. 

All BN models were evaluated using five-fold cross-validation. As shown in Fig. 2f, the PSM-BN 

achieved an average AUC of 0.888, exceeding the performance of other models, whose AUC values 

ranged from 0.845 (PC-BN) to 0.861 (GTT-BN). PSM-BN also attained the highest overall 

classification accuracy (82.3%), while the remaining models achieved accuracies below 80%. 

 

 

Fig. 2 Construction of different Bayesian networks and comparison of classification performance of 

the BNs. (a) shows the Bayesian network generated by the Greedy Thick Thinning algorithm (GTT-
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BN); (b) shows the Bayesian network generated by the Bayesian Search algorithm (BS-BN); (c) shows 

the Bayesian network generated by the PC algorithm (PC-BN); (d) shows the Bayesian network 

generated by the Naive Bayes algorithm (NB-BN); (e) shows the Bayesian network constructed based 

on the causal effect paths identified by PSM (PSM-BN); (f) shows AUC scores and classification 

accuracies of different Bayesian networks. 

Risk Assessment and Conditional Probability Estimation 

We also used the trained Bayesian network to simulate hypothetical health-related scenarios. 

Specifically, we examined high-risk individuals with poor physical fitness (class = 1) under different 

levels of key influencing factors. As shown in Table 5, when sit and reach was fixed at a moderate 

level (Category 3), several combinations of Situps, Age, and Gender resulted in a predicted probability 

of poor physical fitness exceeding 90%. In total, 13 such high-risk combinations were identified. 

Notably, among individuals younger than 40 years, even average performance in both Situps and Sit 

and reach was associated with a high likelihood of poor physical fitness. Moreover, none of the high-

risk combinations included Situps at Category 5 (excellent), indicating that excellent Situps 

substantially reduce the probability of poor physical fitness. 

 

Table 5 Given a fixed Sit and reach level, we identify combinations of Gender, Age, and Situps 

performance under which the probability of poor physical fitness exceeds 90% 

Situps(count) Age(years) Gender Worst physical health 

<15 ＜30 Female 95.8% 

<25 ＜30 Male 92.8% 

<15 [30,40) Female 98.9% 

<25 [30,40) Male 97.2% 

[15,25) ＜30 Female 92.9% 

[25,35) ＜30 Male 90% 

[15,25) [30,40) Female 97.5% 

[25,35) [30,40) Male 97.7% 

[25,35) ＜30 Female 97.4% 

[35,50) ＜30 Male 97.4% 

[35,50) [30,40) Male 95.2% 

[35,45) ＜30 Female 91.7% 

[50,60) ＜30 Male 95.7% 
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Discussion 

To our knowledge, this study is the first to construct a BN using a systematic PSM-based causal 

framework without relying on expert-specified structures. It analyzes multilevel causal effects among 

variables, revealing complex and potentially bidirectional relationships. Based on these causal links, 

we built a BN for risk assessment and prediction in public health, which outperformed traditional 

structure-learning algorithms. Integrating machine learning interpretability enhances model 

transparency and credibility. Our PSM-based ATET estimation additionally applies categorical 

encoding to continuous variables by grouping them into intervals, enhancing covariate balance and 

offering a novel framework for causal inference. 

Methodological considerations 

Compared with traditional BN structure learning algorithms, the PSM-BN framework offers clear 

methodological advantages by grounding edge selection in causal reasoning rather than in purely 

correlation-driven procedures [43]. As illustrated in Figure 2, traditional algorithms frequently 

produced implausible or reversed dependencies—such as edges from the outcome variable to its 

predictors—or yielded overly complex graphs that undermine interpretability and require ad hoc expert 

correction. These issues introduce subjectivity and weaken the credibility of BN-based risk assessment. 

In contrast, the PSM-BN approach combines multi-level PSM with machine learning interpretability 

techniques to guide network construction based on causal relationships, reducing dependence on 

purely correlation-based algorithms and expert experience, while deeply integrating causal inference 

with probabilistic prediction. This framework unifies risk factor identification, feature selection, causal 

analysis, probabilistic prediction, and individualized risk assessment, providing a novel analytical 

system for public health and health research. 

The proposed framework offers three major methodological advantages. First, by using robust PSM-

derived causal effects to guide network construction, the approach minimizes correlation-driven bias 

and avoids implausible or overly complex structures, substantially improving interpretability without 

requiring expert-imposed constraints. Second, integrating SHAP-based interpretability with PSM 

strengthens the reliability of identified risk factors: SHAP provides efficient, model-agnostic feature 

insights, while PSM supplies explicit causal direction and effect magnitudes, together mitigating the 

“black box” limitation of conventional machine-learning models [44]. Third, the multilevel estimation 

of ATETs—enabled by categorizing continuous variables and applying stepwise matching—supports 

granular causal assessment and improves covariate balance. This design enhances the precision of risk 

evaluation and ensures broad applicability across diverse data types and domains. 

Causal Effect Evaluation Based on Machine Learning Interpretability and PSM 

Table 3 summarizes the multilevel ATET estimates together with balance diagnostics and sensitivity 

analyses, confirming that the causal effects identified by PSM are both statistically robust and 
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substantively meaningful. These estimates directly informed the structure of the PSM-BN: features 

with larger ATET magnitudes were linked to the outcome, and feature–feature edges were introduced 

only when a higher causal threshold was met. Most comparisons achieved excellent covariate balance 

(SMDs < 0.1;χ2, p > 0.05), and Rosenbaum bounds further supported the stability of the causal 

conclusions. As a result, the constructed network consistently highlighted Sit and reach, Situps, and 

Age as dominant predictors and revealed clear dose–response patterns, where stronger causal effects 

corresponded to more influential graph connections. 

Using both PSM and machine learning interpretability methods (e.g., SHAP values), we consistently 

identified that Situps, Age, and Sit and reach are the primary causal drivers of physical health, which 

aligns closely with previous research in exercise science. For example, Araújo, et al. [45] conducted a 

large-scale prospective cohort study in a middle-aged population and found a significant inverse 

relationship between body flexibility and the risk of natural death, indicating that flexibility indicators, 

such as the Sit and reach, are strongly associated with overall health. Dong, et al. [46] included eight 

randomized controlled trials involving a total of 169 athletes and found that core strength (e.g., Situps) 

has a positive impact on overall athletic performance. Thus, our research uniquely integrates rigorous 

causal inference methods with machine learning validation, significantly strengthening the causal 

claims. 

In addition, for example, the causal relationship between Situps and physical health (Table 3), the 

ATET values gradually decrease as the Situps values increase, indicating that higher Situps 

performance corresponds to better physical health. Comparing this with the SHAP results in Figure 2, 

we observe that in different models, low Situps values (blue points) are mostly located to the right of 

the zero line, with positive SHAP values, indicating a higher probability of being predicted as having 

poorer physical health; whereas high Situps values (red points) are concentrated to the left of the zero 

line, with negative SHAP values, showing a significantly lower probability of being predicted as 

physically unhealthy. This result further confirms the complementary and mutually validating 

relationship between machine learning interpretability techniques and causal inference. Interpretability 

techniques can visually show the importance and direction of a feature’s impact on model predictions, 

but they cannot quantify the effect or reveal multi-level changes [47]. 

Performance Evaluation of PSM-BN 

Compared with traditional structure learning algorithms, PSM-BN offers a more concise and 

interpretable network structure while reducing reliance on expert knowledge. Applied to physical 

health data, PSM-BN achieved a prediction accuracy of 82.3% and an AUC of 88.8%, outperforming 

conventional BN and demonstrating excellent predictive performance. These results validate our core 

idea: using PSM-identified causal effect pathways to guide BN structure learning can significantly 

enhance model generalizability, interpretability, and overall performance. Moreover, this confirms that 

our integrated framework—combining causal inference, machine learning interpretability techniques, 
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and BNs—is both reasonable and effective, providing a novel analytical perspective for risk 

assessment and probabilistic prediction in public health and health research. 

Furthermore, we applied PSM-BN to assess physical health risks, highlighting its practical 

advantages. Through multivariable combination analysis (Table 5), we identified 13 high-risk feature 

combinations (probability > 90%). Notably, individuals with excellent core muscle strength (Situps, 

Category 5) did not appear in any high-risk combination, underscoring its protective role. Conversely, 

males aged 30–40 still exhibited a high risk even at moderate Situps levels, indicating that this 

population requires particular attention. Since this study focuses primarily on methodology, the 

practical risk assessment considered only a single scenario. Given the large sample size, we set the 

initial probabilities in the CPT based on observed frequencies of each feature category [48]. In cases 

of limited or uneven sample distributions, Bayesian smoothing can be applied to adjust initial 

probabilities, thereby improving model stability and generalizability [49, 50]. 

Limitations 

Despite the advantages of this study, several limitations remain. First, the study was applied only to 

a single physical health dataset, and the dataset contained relatively limited features, without 

considering important factors such as smoking status, exercise amount, and lifestyle habits [51]. Future 

research should expand the dataset to validate the generalizability of the method. Second, the use of 

cross-sectional data limits the inference of temporal causal relationships, and longitudinal data are 

needed to capture dynamic changes [52]. Finally, when determining the directed edges of the BN using 

PSM causal effects, there is no standardized threshold for ATET, which involves a certain degree of 

subjective choice. Future studies should focus on establishing standardized criteria for determining 

ATET thresholds. 

Conclusion 

In summary, this study proposed a PSM-BN data analysis framework that integrates propensity score 

matching, machine learning interpretability analyses, and BNs, and applied it to a physical fitness 

dataset. The results indicate that Sit-and-reach, Situps performance, and Age are key features with 

robust causal effects on physical fitness. Furthermore, the multi-level causal effects among variables 

not only help to understand complex causal relationships but also provide foundational support for 

constructing a causally informed BN, resulting in predictive accuracy that is markedly superior to 

traditional modeling approaches. This method not only enhances the predictive capability of BNs but 

also improves model interpretability and credibility, offering a novel analytical framework for public 

health and wellness research. 
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Supplementary Information 

This study includes a supplementary material that describes the PSM results among the remaining 

feature variables. 
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