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Abstract

Background: Congenital heart disease (CHD) is a major cause of infant morbidity and
mortality. Previous studies often combined patent foramen ovale (PFO) with structural cardiac
malformations, potentially increasing phenotypic heterogeneity.

Objectives: To identify maternal gestational exposures and child/family characteristics

associated with non-PFO CHD and develop a preliminary prediction model.
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Methods: This multicenter retrospective case-control study included 208 children from
Hainan Province: 130 with non-PFO CHD and 78 with PFO. Fifty-five candidate variables
were assessed. Least absolute shrinkage and selection operator (LASSO) regression was used
for feature selection, followed by five machine learning models. SHapley Additive
exPlanations (SHAP) analysis was used to interpret feature importance, and a nomogram was
constructed.

Results: LASSO selected eight features, of which seven had nonzero global SHAP importance:
child age in months, maternal protein intake frequency during pregnancy, history of CHD in
other offspring, folic acid supplementation, frequency of family conflicts during pregnancy,
maternal preconception smoking, and first-trimester hazardous substance exposure. Linear
discriminant analysis (LDA) showed the best test-set performance, with an area under the
receiver operating characteristic curve (AUC) of 0.702 and a Brier score of 0.232. The
nomogram achieved an AUC of 0.732, and decision curve analysis indicated potential net
benefit across the evaluated threshold range.

Conclusions: Candidate predictors associated with non-PFO CHD were identified, and an
internally evaluated nomogram was developed for preliminary risk stratification. External
validation is required before clinical use.

Keywords: Congenital heart disease; Patent foramen ovale; Prenatal exposure; Machine

learning; Nomogram
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1. Introduction

Congenital heart disease (CHD) is the most prevalent birth defect and a leading cause of infant
morbidity and mortality worldwide [1], with a global birth prevalence of approximately 9.4 per
1,000 live births [2]. In China, CHD has ranked first among all birth defects since 2005,
reaching a perinatal prevalence of 17.32 per 1,000 in 2020 and accounting for an estimated
150,000-200,000 new cases annually [1]. Despite substantial advances in prenatal screening,
surgical techniques, and interventional procedures, delayed diagnosis remains a persistent
challenge, leading to missed opportunities for timely treatment and increased risks of
complications and death. Consequently, elucidating the etiology of CHD and enabling early
prevention are of paramount clinical and public health importance.

Embryonic cardiac development occurs predominantly during the first trimester (weeks 3—8), a
critical window in which cardiac progenitor cells undergo rapid proliferation, differentiation,
migration, and remodeling, rendering the fetal heart highly vulnerable to external disturbances.
Maternal health conditions, lifestyle behaviors, medication use, and environmental exposures
during pregnancy can all affect fetal cardiogenesis through the placenta [3]. Previous studies
have reported associations between several maternal factors—including pregestational
diabetes, obesity, smoking, alcohol consumption, air pollution, endocrine-disrupting chemicals,
and nutritional status—and the risk of CHD [4-6]. However, most previous etiological
investigations have pooled patent foramen ovale (PFO) together with structural cardiac
malformations. PFO is a remnant interatrial communication that persists in a substantial
proportion of the population and is clinically silent in most individuals [7-9]. Pooling PFO with

structural CHD may increase etiologic heterogeneity and attenuate exposure—outcome
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associations [10, 11]. Therefore, excluding PFO and focusing specifically on non-PFO
structural CHD is essential for accurately identifying modifiable teratogenic factors and
developing precise first-trimester prevention strategies. Therefore, analyzing non-PFO
structural CHD separately may improve etiologic specificity when evaluating maternal
exposures.

Hainan Province is characterized by a unique geographic environment, diverse ethnic
composition, and distinctive dietary and lifestyle customs, which may be associated with
region-specific maternal nutritional, environmental, and behavioral patterns [12]. Nevertheless,
systematic data on gestational risk factors for non-PFO CHD in Hainan children remain scarce,
and the lack of region-specific screening tools hampers effective local prenatal care and birth
defect prevention efforts. To address this gap, we conducted a multicenter retrospective
case-control study across multiple hospitals in Hainan Province, enrolling children diagnosed
between 2024 and 2025. Participants were classified as either PFO (control group) or non-PFO
structural CHD (case group). Comprehensive information was collected on maternal nutrition,
medication use, tobacco and alcohol exposure, environmental contacts, psychological status
during pregnancy, as well as child and family medical history. We employed least absolute
shrinkage and selection operator (LASSO) regression to reduce dimensionality from 55
candidate variables, followed by five machine learning algorithms (logistic regression, random
forest, boosted tree, linear discriminant analysis, and extreme gradient boosting) to identify
core predictors. A nomogram was constructed based on the selected risk factors, and its
discriminative ability and clinical utility were assessed using receiver operating characteristic

curves, calibration plots, decision curve analysis, and clinical impact curves.
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This study aimed to identify key local risk factors for non-PFO CHD in Hainan, fill the
regional evidence gap, and develop a preliminary risk-stratification tool to support prenatal
health education, high-risk population screening, and targeted preventive interventions. These
findings may inform region-specific prenatal counseling and future externally validated
risk-prediction research.

2. Materials and methods

2.1 Study population

This study was conducted in maternal and child health care institutions across 16 cities and
counties in Hainan Province, including Wenchang, Qionghai, Wanning, Danzhou, Lingshui,
Chengmai, Ding'an, Lingao, Qiongzhong, Wuzhishan, Changjiang, Tunchang, Baisha,
Dongfang, and Ledong. Pediatric patients diagnosed with CHD at various municipal and
county hospitals in Hainan Province between 2024 and 2025 were enrolled as participants.
This study was approved by the Medical Ethics Committee of Hainan Women and Children's
Medical Center on March 4, 2024. The ethics approval number was HNWCMC Ethics Review
2024 No. [43]. The study complies with the Declaration of Helsinki. Written informed consent
was obtained from the guardians of all participants.

Patients with a definitive diagnosis of CHD confirmed by echocardiography were included.
Exclusion criteria were as follows: age older than 14 years, unclassifiable CHD subtypes,
coexistence of severe infections or chronic genetic and metabolic disorders, missing core
clinical variables, and invalid questionnaire data. A total of 208 children were included,
consisting of 78 children with PFO assigned to the control group and 130 children with

non-PFO CHD included in the case group. Non-PFO CHD encompassed patent ductus
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arteriosus, atrial septal defect, ventricular septal defect, tetralogy of Fallot, and other structural
cardiac abnormalities requiring clinical intervention. All diagnoses were verified by pediatric
cardiologists in combination with echocardiographic findings.

2.2 Data collection and variable definition

Data were collected via standardized questionnaires, physical examinations, and electronic
medical records. Non-PFO CHD status was defined as the binary outcome. A total of 55
candidate exposure variables were included, covering multiple dimensions: basic pediatric
characteristics, parental sociodemographic features, parental health status, family medical
history, maternal medication use during pregnancy, assisted reproductive technology,
gestational nutritional supplementation, parental preconception alcohol and tobacco exposure,
environmental exposure during pregnancy, maternal lifestyle during gestation, psychosocial
factors in pregnancy, and maternal obstetric history. All categorical variables were coded
following unified standardized protocols, while continuous variables were recorded as raw

numerical values. Detailed information is presented in Table 1.

2.3 Statistical analysis

All data analyses and visualizations were performed using R software (v4.3.3). The tableone
package (v0.13.2)[13] was adopted for descriptive statistics of baseline characteristics between
the two groups. Categorical variables were presented as counts and percentages, while
continuous variables were described as mean + standard deviation or median (interquartile
range), as appropriate. The least absolute shrinkage and selection operator (LASSO) regression

with five-fold cross-validation was performed via the glmnet package (v4.1.4)[14] to reduce
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dimensionality of high-dimensional variables. The model was set with a binary response
variable and an alpha value of 1, and the optimal lambda value was determined according to the
minimum cross-validated error to screen core predictive variables.

All enrolled samples were randomly divided into a training set and a test set at a ratio of 7:3.
Based on the selected features, five machine learning models were established: logistic
regression using the stats package (v4.3.3)[15], random forest and boosted tree using the
randomForest package (v4.7.1.2)[16], linear discriminant analysis (LDA) using the MASS
package (v7.3.60.0.1) (https://www.stats.ox.ac.uk/pub/MASS4/), and extreme gradient
boosting (XGBoost) using the xgboost package (v1.7.11.1)
(https://CRAN.R-project.org/package=xgboost). The area under the receiver operating
characteristic curve (AUC), calibration curves generated by the regplot package (v1.1)[17],
overall accuracy, sensitivity, specificity, Fl-score and Brier score were comprehensively
calculated to evaluate the discriminative ability and calibration performance of each model,
and the optimal model was finally selected. SHapley Additive exPlanations (SHAP) analysis
was implemented with the fastshap package (v0.1.1)[18] and shapviz package (v0.10.2) [19] to
quantify the contribution of each feature to model prediction and interpret the effect of
individual variables. A threshold of SHAP feature importance > 0 was adopted as the primary
criterion for judgment.

Subsequently, a visual nomogram was constructed using the rms package (v6.8.1)[20] based on
the core variables. The pROC package (v1.19.0.1)[21] was used to plot ROC curves for
assessing model discrimination. Decision curve analysis was performed using the ggDCA

package (v1.1)[22], and clinical impact curves were drawn via the rmda package (v1.6)[23].
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Collectively, these analyses were applied to evaluate the potential clinical utility of the
nomogram model.

3. Results

3.1 Baseline characteristics

Atotal of 208 children were enrolled in the study, consisting of 78 controls with patent foramen
ovale and 130 cases with non-PFO CHD. Baseline characteristics of the two groups are
comprehensively summarized in Table 2. Several descriptive between-group differences were
observed. Children in the case group exhibited an older mean age (28.02 = 30.70 months vs.
14.36 + 20.90 months). Males accounted for a larger proportion in the case group (50.8% vs.
42.3%), and the proportions of Li and Miao ethnicities were relatively higher among cases. A
positive history of other congenital cardiac malformations was more frequent in cases (8.5%)
than in controls (1.3%).

For pre-conceptional parental exposures, higher maternal pre-pregnancy smoking rates were
seen in the case group (8.5% vs. 1.3%), while paternal pre-pregnancy smoking was more
common in controls (67.9% vs. 58.5%). Regarding gestational supplementation, folic acid use
was less frequent among cases (81.5% vs. 88.5%), whereas the uptake of multivitamins and
other nutritional supplements was higher in cases. More mothers of case children consumed
protein multiple times per day during gestation (30.8% vs. 19.2%). Additionally, descriptive
differences in gestational interpersonal conflict were also observed: 46.2% of case-group
mothers reported rare quarrels during pregnancy versus 26.9% of controls; conversely, the
proportion of mothers reporting almost no quarrels was substantially higher in the control

group (53.8% vs. 33.1%).

10
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No clear between-group differences were observed for the remaining variables, including birth
weight, mode of delivery, preterm birth, comorbidities, parental demographics, anthropometric
measurements, obstetric and family history, consanguinity, gestational passive smoking,

environmental exposure, water source, pet raising, and prenatal examination adherence.

3.2 Feature selection by LASSO regression

LASSO regression analysis was conducted on all 55 clinical variables in the present study. The
optimal A value of 0.0409 was identified according to the minimum model error, and eight core
feature variables were ultimately selected, namely child age in months, history of CHD in other
offspring, gestational folic acid supplementation, maternal pre-conception smoking status,
exposure to hazardous substances in the first trimester, frequency of protein intake during
pregnancy, pet rearing during gestation, and frequency of family conflicts during pregnancy

(Figure 1A-B).

3.3 Machine learning model assessment

The entire dataset was randomly split into a training set and a test set at a 7:3 ratio. Five
machine learning models were established using the eight screened feature variables, followed
by comprehensive performance evaluation. The LDA model yielded the optimal predictive
performance. The AUC values of the LDA model were 0.721 in the training set (Figure 2B)
and 0.702 in the test set (Figure 2A). Sensitivity, specificity, accuracy, F1-score and other
composite evaluation metrics of the LDA model achieved favorable values in the test set

(Figure 2C). The calibration curve demonstrated strong consistency between predicted
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probabilities and actual event rates, with a Brier score of 0.2324, indicating reliable calibration
performance of the LDA model (Figure 2D). The remaining four algorithms exhibited varying
degrees of performance deterioration on the test set and possessed weaker generalization

ability compared with the LDA model.

3.4 SHAP-based feature importance analysis

SHAP analysis was performed on the optimal linear discriminant analysis model to quantify
the contribution of each variable to the prediction of non-PFO CHD. Among the eight
LASSO-selected features, pet rearing during gestation was excluded after SHAP filtering
(importance = 0), leaving seven core predictors with nonzero global importance. These factors
ranked by contribution intensity from high to low were infant age in months, frequency of
maternal protein intake during pregnancy, parental history of CHD in previous offspring, folic
acid supplementation during pregnancy, frequency of quarrels during pregnancy, maternal
smoking before pregnancy, and exposure to special substances in the first trimester (Figure 3).
3.5 Nomogram construction and validation

A nomogram for predicting the risk of non-PFO CHD was established based on the screened
core predictive variables. The total score of 260 calculated from individual variable scores
corresponded to a predicted disease probability of 0.865 for children (Figure 4A). The AUC of
the nomogram was 0.732, indicating satisfactory discriminative power (Figure 4B). Decision
curve analysis revealed that the net benefit of the model remained above zero across the risk
threshold range of 0 to 0.8, which demonstrated promising value for clinical decision-making

(Figure 4C). The clinical impact curve further verified that the actual disease prevalence

12
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among high-risk individuals screened by the model increased gradually along with the rising
risk threshold, suggesting favorable performance for population screening and reliable
application in early identification of high-risk children (Figure 4D). These findings indicated
that the established nomogram is a practical and reliable tool for clinical risk assessment of

non-PFO CHD.

4. Discussion

CHD remains one of the leading causes of infant morbidity and mortality worldwide. However,
most previous etiological studies have pooled PFO together with structural cardiac
malformations, which may dilute true risk associations. Based on multicenter case-control data
from Hainan Province, this study screened eight core features from 55 candidate variables
using LASSO regression. After excluding variables with zero SHAP importance, seven
predictors with nonzero global SHAP importance to non-PFO CHD were identified. The linear
discriminant analysis (LDA) model achieved a test-set AUC of 0.702, and the constructed
nomogram attained an AUC of 0.732, with decision curve analysis confirming a positive net
benefit across the 0—0.8 risk threshold range, supporting preliminary risk stratification while
indicating the need for external validation.

CHD is the leading birth defect in China, and structural cardiac malformations significantly
increase the risk of infant mortality, long-term surgical intervention, and chronic cardiac
dysfunction. However, most existing studies have analyzed PFO and non-PFO structural CHD
cases together[24-26]. PFO is common in the general population and is often clinically silent,

particularly in childhood[27]. Including PFO in CHD case groups substantially dilutes the true

13
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associations between maternal exposures and structural cardiac anomalies[10, 11]. PFO and
non-PFO CHD differ fundamentally in embryonic pathogenesis—PFO results from failure of
postnatal foramen ovale closure, whereas structural cardiac malformations involve complex
morphogenetic abnormalities of cardiac septa, valves, and outflow tracts. The maternal
exposure profiles and pathogenic drivers of these two conditions are inherently heterogeneous,
and pooled analysis systematically underestimates the true effect sizes of environmental,
nutritional, and psychological exposures on teratogenic cardiac malformations[27-29]. By
separating PFO controls from non-PFO CHD cases, this study reduced phenotypic
heterogeneity in the case definition; however, this comparison did not eliminate confounding,
selection bias, or differences from unaffected children.

Ranked by SHAP contribution, the seven core predictive factors encompass disease follow-up
characteristics, genetic susceptibility, gestational nutrition, maternal psychological status, and
preconceptional and first-trimester teratogenic exposures. These factors span several domains;
however, interaction effects were not formally tested, and the observed associations may
reflect region-specific patterns in Hainan.

Child age in months was the predictor with the highest global SHAP importance. Child age
likely captured diagnostic timing and cumulative case ascertainment rather than prenatal
causation; therefore, it should be interpreted as a detection-related predictor. Child age is more
plausibly interpreted as a marker of cumulative diagnosis and referral timing than as a prenatal
etiologic exposure. Less symptomatic lesions, including some atrial or ventricular septal
defects, may remain unrecognized until later childhood or routine screening. Accordingly, the

observed age association should not be incorporated into a causal chain of maternal gestational

14
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risk factors. Instead, it highlights the need to distinguish detection-related variables from
potentially modifiable prenatal exposures when interpreting SHAP rankings and developing
clinically meaningful prediction tools.

A history of CHD in other offspring may reflect inherited susceptibility, shared familial
exposures, and intensified fetal cardiac surveillance. In this study, the case group had a positive
rate of 8.5%, far higher than the 1.3% in controls. Genetically, pathogenic variants in key
cardiac developmental transcription factors such as NKX2-5 and GATA4 can be vertically
transmitted, with families carrying risk loci exhibiting significantly elevated recurrence risks.
Environmentally, siblings within the same family share dietary patterns, living environments,
and preconceptional tobacco and alcohol exposure habits, further amplifying risk on a
background of genetic susceptibility. This history may inform preconception counseling and
targeted fetal cardiac assessment, although its predictive value requires confirmation in larger
cohorts.

Maternal high protein intake and folic acid supplementation during pregnancy were interpreted
cautiously because the questionnaire did not quantify intake amount, source, timing, or total
energy. In this study, mothers who consumed protein multiple times daily accounted for a
significantly higher proportion in the case group (30.8% vs 19.2%). The present questionnaire
did not quantify protein source, total intake, or co-exposure to contaminants; therefore,
mechanisms involving heavy metals, organic pollutants, or MAPK signaling remain
speculative[6, 30, 31]. Meanwhile, high protein intake may also indirectly reflect confounding
effects of family economic status and prenatal health behaviors, which cannot be explained by

a single "overnutrition" mechanism. The lower folic acid supplementation rate in the case

15
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group is directionally consistent with a potentially protective association, but the direction
cannot be inferred from global SHAP importance alone. Residual confounding, exposure
timing, dosage, and recall bias should be considered before assigning a causal explanation.
Future analyses should additionally examine supplement formulation, dietary source,
dose-response patterns, and potential nonlinear effects. Prospective biomarker testing
measuring maternal serum folate and homocysteine levels is needed to clarify the associations
of nutritional factors.

Additionally, maternal psychological stress, preconceptional smoking, and first-trimester
hazardous substance exposure are potentially modifiable maternal exposures. These exposures
were associated with non-PFO CHD classification, but the retrospective design does not
establish pathway-specific causality. Frequent interpersonal conflict may indicate maternal
psychological stress, which has been associated with altered neuroendocrine and inflammatory
signaling during pregnancy[32-34]. Maternal smoking has been associated with increased
CHD risk, but the pathway-specific mechanism proposed here requires direct evidence[4, 35,
36]. First-trimester exposure to organic solvents, renovation pollutants, and pesticides has also
been associated with congenital anomalies, although exposure-specific and phenotype-specific
effects require further study[31]. These exposure categories are potentially amenable to
prenatal health education, but their effects should be interpreted as associations rather than
established causal pathways.

This study constructed five mainstream machine learning models—Ilogistic regression, random
forest, boosted tree, LDA, and XGBoost—with internal validation through 7:3 training-test set

splitting. Discriminative and calibration performance were comprehensively evaluated using
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AUC, calibration curves, Brier scores, sensitivity, and specificity. Among the evaluated models,
LDA vyielded the highest test-set AUC (0.702); however, the single random split, modest
sample size, and absence of confidence intervals limit conclusions regarding comparative
performance and generalizability. Tree-based models such as random forest and XGBoost
performed well on the training set but showed marked performance degradation on the test set,
suggesting possible overfitting in this small sample. The logistic model, as specified without
interaction or nonlinear terms, may not capture more complex relationships among nutritional,
psychological, and environmental exposures. Within this dataset, the LDA model balanced
discrimination and computational simplicity; its suitability for primary-care deployment
remains to be established.

Based on the retained predictors, the nomogram yielded an AUC of 0.732 in the available
dataset. Decision and clinical impact curves suggested potential net benefit within the
evaluated threshold range, but these analyses do not establish effectiveness for population
screening. Moreover, because participants were children already classified as PFO or non-PFO
CHD, the predicted probability represents discrimination within this selected clinical sample
rather than absolute disease risk in the general maternal-child population. External validation
and recalibration are therefore required before implementation in primary-care settings.

The main design feature of this study was the separate analysis of PFO controls and non-PFO
structural CHD cases, which reduced phenotypic heterogeneity in the case definition but did
not eliminate confounding or selection bias. Together with the seven retained predictors and the
internally evaluated nomogram, the study provides preliminary evidence for classification

within this Hainan clinical sample.
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However, several limitations should be carefully considered. First, the retrospective
case-control design cannot establish causal relationships, and recall bias may have affected
exposure reporting—particularly for subjective variables such as nutritional supplementation
and psychological status, whose reporting accuracy may be influenced by maternal
retrospective cognition after the child's diagnosis. Second, although this study separated PFO
from non-PFO CHD, etiological spectra may differ across non-PFO CHD subtypes (ventricular
septal defect, atrial septal defect, tetralogy of Fallot, etc.), and pooled analysis may mask
subtype-specific risk factors. Third, the study did not include biomarker data such as maternal
serum folate, vitamin Bi2, homocysteine, or heavy metals; nutritional exposure assessment
relied solely on food frequency questionnaires, limiting precision. Fourth, the sample size (208
participants) remains modest for machine learning modeling, and statistical power for some
variables may be constrained. In addition, using PFO rather than unaffected children as
controls, performing only an internal split, and not reporting confidence intervals for
performance metrics limit transportability and clinical interpretation. Future validation should
include both unaffected controls and phenotype-specific CHD subgroups to determine whether
the selected predictors are specific to structural CHD or primarily reflect patterns of clinical
referral and ascertainment. Such evaluation should use prospectively recruited cohorts.

Future research should be based on prospective cohort designs, integrating multi-omics
biomarker testing (metabolomics, genomics, epigenomics) with high-resolution fetal
echocardiographic parameters to construct multimodal integrated risk prediction models.
Subtype-stratified analyses in larger samples should be conducted to reveal exposure-risk

profiles specific to different structural cardiac malformations. Prospective studies with
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quantitative dietary assessment and biomarker measurements are needed to clarify the
direction and potential causality of nutritional factors and provide high-quality evidence for
developing regionally tailored prenatal care guidelines.

5. Conclusion

Among children with PFO or non-PFO CHD in this multicenter Hainan sample, seven
candidate predictors were retained after LASSO and SHAP analysis. The LDA model and
nomogram showed modest discrimination and potential net benefit for preliminary
classification. Because the study used a retrospective case-control design, PFO controls, and
internal validation only, the findings should not be interpreted as population risk estimates or
causal effects. External validation in larger prospective cohorts including unaffected controls is

required before clinical use.
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A B
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Partial Likelihood Deviance
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590
591  Figure 1. LASSO regression analysis for feature selection. (A) Coefficient profile plot

592  showing the changes in regression coefficients of the candidate variables as the penalty
593  parameter (L) increased. (B) Five-fold cross-validation curve illustrating the selection of the
594  optimal A value based on the minimum cross-validation error. The optimal A value was used to
595  identify predictive features associated with non-patent foramen ovale congenital heart disease

596  (non-PFO CHD).
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598  Figure 2. Predictive performance evaluation of machine learning models. (A) Receiver

599  operating characteristic (ROC) curves for the five machine learning models in the test set. (B)

600  Receiver operating characteristic (ROC) curves for the five machine learning models in the
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606

607

608
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610

611

training set. (C) Comparison of predictive performance metrics, including area under the ROC
curve (AUC), accuracy, sensitivity, specificity, Fl-score, positive predictive value, negative
predictive value, and Brier score, among the five models in the test set. (D) Calibration curves

and Brier scores for the five machine learning models in the test set.
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Figure 3. SHAP-based feature importance analysis of predictors for non-PFO CHD. SHapley
Additive exPlanations (SHAP) analysis showing the global importance ranking of the seven
retained predictors in the optimal linear discriminant analysis model. Variables with nonzero
SHAP importance were considered core predictors, including child age in months, maternal
protein intake frequency during pregnancy, history of congenital heart disease (CHD) in other

offspring, folic acid supplementation during pregnancy, frequency of family conflicts during
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41

Construction and evaluation of the nomogram model for non-PFO CHD risk

prediction. (A) Nomogram developed based on the selected core predictors for estimating the

probability of non-patent foramen ovale congenital heart disease (non-PFO CHD). (B)

Receiver operating characteristic (ROC) curve demonstrating the discriminative performance

of the nomogram model. (C) Decision curve analysis (DCA) evaluating the potential clinical

net benefit of the nomogram across different risk thresholds. (D) Clinical impact curve

illustrating the estimated number of high-risk individuals and true positive cases across varying

threshold probabilities.
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626

Tables

Table 1. Variables and coding scheme.

Variable Variable name Coding description Category

Child sex Gender I=male, 2=female Child characteristics
Child ethnicity Race 1=Han, 2=Hui, 3=Li, 4=Miao, 5=other Child characteristics
Gestational age (months)  Month Continuous value (months) Child characteristics
Birth weight Weight Continuous value (g) Child characteristics
Mode of delivery Delivery.method 1=vaginal delivery, 2=cesarean section Child characteristics
Premature birth Premature 1=yes, 2=no Child characteristics

33



Variable Variable name

Coding description

Category

Comorbidities (severe
acute/chronic  infections,
Comorbidities

inherited metabolic or

chronic wasting diseases)

Other congenital heart
chd
disease history in children

Paternal ethnicity Father.race

34

1=present, 2=absent

I=present, 2=present in other children,

3=absent

1=Han, 2=Hui, 3=Li, 4=Miao, 5=other

Child characteristics

Child characteristics

Parental

sociodemographic

characteristics



Variable

Variable name

Coding description

Category

Maternal ethnicity

Paternal age

Maternal age

Maternal.race

Father.age

Maternal.age

35

1=Han, 2=Hui, 3=Li, 4=Miao, 5=other

Continuous value (years)

Continuous value (years)

Parental

sociodemographic

characteristics

Parental

sociodemographic

characteristics

Parental

sociodemographic

characteristics



Variable

Variable name

Coding description

Category

Paternal height

Paternal weight

Maternal height

Father.height

Father.weight

Maternal.height

Continuous value (cm)

Continuous value (kg)

Continuous value (cm)

36

Parental

sociodemographic

characteristics

Parental

sociodemographic

characteristics

Parental

sociodemographic

characteristics



Variable Variable name Coding description Category
Parental

Maternal weight Maternal. weight Continuous value (kg) sociodemographic
characteristics

Maternal education level

Maternal.education

37

1=illiterate, 2=primary school,
3=junior high school, 4=senior high
school, 5=technical school,
6=secondary  specialized school,
7=junior college, 8=bachelor's degree,

9=postgraduate or above

Parental

sociodemographic

characteristics



Variable Variable name

Coding description

Category

Paternal education level Father.education

Monthly household
Income
income per capita (yuan)

Maternal medical history = Maternal.medical.history

Paternal medical history =~ Father.medical.history

38

I1=illiterate, 2=primary school,

3=junior high school, 4=senior high

school, S5=technical school,

6=secondary  specialized school,

7=junior college, 8=bachelor's degree,

9=postgraduate or above

1=<1000, 2=1000-3000,

3=3000-5000, 4=5000-10000,

5=10000-20000, 6=>20000

O=present, 1=absent

O=present, 1=absent

Parental

sociodemographic

characteristics

Parental

sociodemographic

characteristics

Parental health status

Parental health status



Variable Variable name Coding description Category
Paternal family history of
Father.family.congenital.heart.disease 1=present, 2=absent Family history
congenital heart disease
Maternal family history of
Maternal.family.congenital.heart.disease I=present, 2=absent Family history
congenital heart disease
Consanguineous marriage Consanguineous.marriage 1=yes, 2=no Family history
Maternal medication use Medication  during
Maternal.medication.during.pregnancy 1=yes, 2=no
during pregnancy pregnancy
Assisted reproductive
Artificial.assisted.reproductive.technology 1=yes, 2=no Assisted reproduction
technology
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Variable Variable name Coding description Category
Folic acid Nutritional
supplementation  during Folic.acid.supplementation.during.pregnancy I=yes, 0=no supplementation
pregnancy during pregnancy
Multivitamin Nutritional
supplementation  during Multivitamin.supplementation.during.pregnancy 1=yes, 0=no supplementation
pregnancy during pregnancy
Nutritional

Calcium supplementation

Calcium.supplements.during.pregnancy 1=yes, 0=no supplementation

during pregnancy

40

during pregnancy



Variable Variable name Coding description Category
Nutritional
Iron supplementation
Iron.supplements.during.pregnancy I=yes, 0=no supplementation
during pregnancy
during pregnancy
Other nutrient Nutritional
supplementation  during Supplement.other.nutrients.during.pregnancy 1=yes, 0=no supplementation
pregnancy during pregnancy
Parental smoking and
Paternal smoking before
Father.smoked.before.pregnancy 1=yes, 2=no drinking before
pregnancy
pregnancy
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Variable Variable name

Coding description

Category

Paternal drinking before
Father.drinking.before.pregnancy
pregnancy

Maternal smoking before
Mother.smokes.before.pregnancy
pregnancy

Maternal drinking before
Mother.drinking.before.pregnancy
pregnancy

1=yes, 2=no

1=yes, 2=no

1=yes, 2=no
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Parental smoking and

drinking before

pregnancy

Parental smoking and

drinking before

pregnancy

Parental smoking and

drinking before

pregnancy



Variable Variable name Coding description Category
Exposure to  special Environmental
substances in first First.trimester.exposure.to.special.substances I=yes, 2=no exposure during
trimester pregnancy
Environmental
Indoor home decoration
Interior.decorating.during.pregnancy 1=yes, 2=no exposure during
during pregnancy
pregnancy
Environmental
Presence of
Pollution.related.plant 1=yes, 2=no exposure during
pollution-related factory
pregnancy
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Variable Variable name Coding description Category
Environmental
Presence of gas station gas.station I=yes, 2=no exposure during
pregnancy
Environmental
Presence  of  garbage
Garbage.station I=yes, 2=no exposure during
station
pregnancy
Environmental
Presence of viaduct or
Viaduct.or.highway 1=yes, 2=no exposure during
highway
pregnancy
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Variable Variable name Coding description Category
Environmental
Presence of main traffic
Main.traffic.road I=yes, 2=no exposure during
road
pregnancy
Protein intake frequency l=multiple times/day, 2=once/day, Lifestyle during
Protein.frequency.during.pregnancy
during pregnancy 3=once/2-3 days, 4=less often pregnancy
Fruit and vegetable intake
I=multiple times/day, 2=once/day, Lifestyle during
frequency during Frequency.of.fruits.and.vegetables.during.pregnancy
3=once/2-3 days, 4=less often pregnancy
pregnancy
Passive smoking during Lifestyle during
Passive.smoking.during.pregnancy 1=yes, 2=no
pregnancy pregnancy
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Variable Variable name

Coding description

Category

Source of drinking water ~ Source.of.drinking.water

Keeping pets  during
Keeping.pets.during.pregnancy
pregnancy

Raising poultry during
Raising.poultry.during.pregnancy
pregnancy

[rritability level during
Irritability.level
pregnancy

Emotional dimension of
Emotional.dimension
personality

46

I=tap water, 2=well water, 3=spring

water, 4=river water, 5=lake water,

6=other

l=yes, 2=no

I=yes, 2=no

I=very low, 2=low, 3=moderate,

4=high, 5=very high (ordinal)

I=optimistic, 2=pessimistic

Lifestyle during
pregnancy
Lifestyle during
pregnancy
Lifestyle during
pregnancy

Psychosocial factors

during pregnancy

Psychosocial factors

during pregnancy



Variable Variable name

Coding description

Category

Social  dimension  of
Social.dimension
personality

Frequency of quarrels
Quarrel
during pregnancy

Psychological attack
Psychological.attack.during.pregnancy
during pregnancy

Regular prenatal
Regular.prenatal.examination
examination

Non-patent foramen ovale
Non PFO
(outcome)
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I=introverted, 2=extroverted

I1=often, 2=sometimes,

4=almost never

I=yes, 2=no

1=yes, 2=no

I=yes, 0=no

3=rarely,

Psychosocial factors

during pregnancy

Psychosocial factors

during pregnancy

Psychosocial factors

during pregnancy

Psychosocial factors

during pregnancy

Outcome variable



627

628

629

630

631

Variable Variable name Coding description Category

Parity (number of Continuous  value (number of Maternal  obstetric
Fertility.history

deliveries) deliveries) history

Notes:

Continuous variables are presented as raw values with units indicated.
All categorical variables are dummy-coded as shown.
The outcome variable Non PFO indicates the absence of patent foramen ovale (coded as 1) or presence (coded as 0).

Table 2. Baseline characteristics of participants stratified by non-PFO status.

Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Child characteristics

Gestational age, months, mean (SD) 14.36 (20.90) 28.02 (30.70)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)
Birth weight, g, mean (SD) — 3151.41 (759.14) 3037.06 (597.45)
Sex, n (%) Female 45 (57.7) 64 (49.2)
Male 33 (42.3) 66 (50.8)
Ethnicity, n (%) Han 45 (57.7) 73 (56.2)
Hui 29 (37.2) 41 (31.5)
Li 3(3.8) 11 (8.5)
Miao 1(1.3) 3(2.3)
Other 0(0.0) 2(1.5)
Mode of delivery, n (%) Vaginal delivery 50 (64.1) 83 (63.8)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Cesarean section 28 (35.9) 47 (36.2)
Premature birth, n (%) No 61 (78.2) 101 (77.7)
Yes 17 (21.8) 29 (22.3)
Comorbidities, n (%) No 74 (94.9) 124 (95.4)
Yes 4 (5.1) 6 (4.6)
Other congenital heart disease history, n (%) Absent 51(65.4) 76 (58.5)
Present in other children 26 (33.3) 43 (33.1)
Present 1(1.3) 11 (8.5)

Parental sociodemographics
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Paternal age, years, mean (SD) - 33.56 (6.21) 32.58 (6.13)
Maternal age, years, mean (SD) — 30.47 (5.08) 29.92 (5.51)
Paternal ethnicity, n (%) Han 47 (60.3) 78 (60.0)
Hui 28 (35.9) 37 (28.5)
Li 3(3.8) 5(3.8)
Miao 0(0.0) 8(6.2)
Other 0(0.0) 2(1.5)
Maternal ethnicity, n (%) Han 45 (57.7) 77 (59.2)

Li 30 (38.5) 49 (37.7)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)
Miao 3(3.8) 2(1.5)
Other 0(0.0) 2 (1.5)
Paternal height, cm, mean (SD) - 168.49 (5.40) 167.04 (15.60)
Paternal weight, kg, mean (SD) — 68.40 (18.09) 70.97 (22.75)
Maternal height, cm, mean (SD) — 156.72 (6.81) 156.46 (6.27)
Maternal weight, kg, mean (SD) — 59.50 (19.01) 60.71 (21.45)
Maternal education, n (%) [lliteracy 2(2.6) 0 (0.0)
Primary school 3(3.9) 11 (8.5)
Junior high school 39 (50.0) 57 (43.8)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

High school 5(6.4) 11 (8.5)
Technical school 1(1.3) 5(3.8)
Secondary specialized school 11 (14.1) 7(5.4)
Junior college 8 (10.3) 21 (16.2)
Bachelor's degree 9 (11.5) 15 (11.5)
Postgraduate or above 0 (0.0) 3(2.3)
Paternal education, n (%) [lliteracy 2(2.6) 0 (0.0)
Primary school 5(6.4) 11 (8.5)
Junior high school 40 (51.3) 53 (40.8)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

High school 5(6.4) 15 (11.5)
Technical school 4(5.1) 8(6.2)
Secondary specialized school 5 (6.4) 14 (10.8)
Junior college 9(11.5) 16 (12.3)
Bachelor's degree 8 (10.3) 11 (8.5)
Postgraduate or above 0 (0.0) 2 (1.5)
Monthly household income per capita, yuan, n (%) <1000 12 (15.4) 21 (16.2)
1000-3000 35 (44.9) 52 (40.0)
3000-5000 20 (25.6) 39 (30.0)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)
5000-10000 8(10.3) 13 (10.0)
10000-20000 1(1.3) 3(2.3)
>20000 2 (2.6) 2(1.5)
Parity (number of deliveries), mean (SD) — 1.95 (0.94) 1.86 (0.87)
Parental health and family history
Maternal medical history (any disease), n (%) No 58 (74.4) 100 (76.9)
Yes 20 (25.6) 30 (23.1)
Paternal medical history (any disease), n (%) No 67 (85.9) 111 (85.4)
Yes 11 (14.1) 19 (14.6)

55



Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Paternal family history of CHD, n (%) No 77 (98.7) 129 (99.2)
Yes 1(1.3) 1(0.8)

Maternal family history of CHD, n (%) No 78 (100.0) 127 (97.7)
Yes 0(0.0) 3(2.3)

Consanguineous marriage, n (%) No 76 (97.4) 128 (98.5)
Yes 2 (2.6) 2(1.5)

Medication and assisted reproduction

Maternal medication during pregnancy, n (%) No 63 (80.8) 104 (80.0)

Yes 15 (19.2) 26 (20.0)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Assisted reproductive technology, n (%) No 72 (92.3) 115 (88.5)

Yes 6 (7.7) 15 (11.5)

Nutritional supplementation during pregnancy

Folic acid supplementation, n (%) No 9(11.5) 24 (18.5)
Yes 69 (88.5) 106 (81.5)

Multivitamin supplementation, n (%) No 66 (84.6) 101 (77.7)
Yes 12 (15.4) 29 (22.3)

Calcium supplementation, n (%) No 40 (51.3) 74 (56.9)
Yes 38 (48.7) 56 (43.1)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Iron supplementation, n (%) No 49 (62.8) 88 (67.7)
Yes 29 (37.2) 42 (32.3)

Other nutrient supplementation, n (%) No 70 (89.7) 107 (82.3)
Yes 8 (10.3) 23 (17.7)

Parental pre-pregnancy lifestyle

Paternal smoking before pregnancy, n (%) No 25(32.1) 54 (41.5)
Yes 53 (67.9) 76 (58.5)
Paternal drinking before pregnancy, n (%) No 44 (56.4) 82 (63.1)
Yes 34 (43.6) 48 (36.9)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Maternal smoking before pregnancy, n (%) No 77 (98.7) 119 (91.5)
Yes 1(1.3) 11 (8.5)

Maternal drinking before pregnancy, n (%) No 70 (89.7) 120 (92.3)
Yes 8(10.3) 10 (7.7)

Environmental exposure during pregnancy

First-trimester exposure to special substances, n (%) No 70 (89.7) 125 (96.2)
Yes 8(10.3) 5(3.8)

Indoor home decoration, n (%) No 75 (96.2) 127 (97.7)
Yes 3(3.8) 3(2.3)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)
Presence of pollution-related factory, n (%) No 78 (100.0) 129 (99.2)
Yes 0 (0.0) 1 (0.8)
Presence of gas station, n (%) No 76 (97.4) 125 (96.2)
Yes 2(2.6) 5(3.8)
Presence of garbage station, n (%) No 74 (94.9) 121 (93.1)
Yes 4(5.1) 9(6.9)
Presence of viaduct or highway, n (%) No 76 (97.4) 128 (98.5)
Yes 2 (2.6) 2(1.5)
Presence of main traffic road, n (%) No 65 (83.3) 108 (83.1)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Yes 13 (16.7) 22 (16.9)
Lifestyle and psychosocial factors during pregnancy
Protein intake frequency, n (%) Multiple times/day 15 (19.2) 40 (30.8)
Once/day 31(39.7) 54 (41.5)
Once/2-3 days 19 (24.4) 19 (14.6)
Less often 13 (16.7) 17 (13.1)
Fruit/vegetable intake frequency, n (%) Multiple times/day 27 (34.6) 50 (38.5)
Once/day 34 (43.6) 56 (43.1)

Once/2-3 days 6 (7.7) 16 (12.3)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Less often 11 (14.1) 8(6.2)
Passive smoking during pregnancy, n (%) No 66 (84.6) 109 (83.8)
Yes 12 (15.4) 21 (16.2)
Source of drinking water, n (%) Tap water 61 (78.2) 97 (74.6)
Well water 15 (19.2) 27 (20.8)
Spring water 1(1.3) 3(2.3)
River water 0 (0.0) 1 (0.8)
Other 1(1.3) 2(1.5)
Keeping pets during pregnancy, n (%) No 75 (96.2) 118 (90.8)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)
Yes 3(3.8) 12 (9.2)
Raising poultry during pregnancy, n (%) No 66 (84.6) 104 (80.0)
Yes 12 (15.4) 26 (20.0)
Irritability level, n (%) Very low 34 (43.6) 52 (40.0)
Low 25(32.1) 36 (27.7)
Moderate 12 (15.4) 28 (21.5)
High 3(3.8) 9(6.9)
Very high 4(5.1) 5(3.8)
Emotional dimension, n (%) Optimistic 70 (89.7) 115 (88.5)
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Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Pessimistic 8(10.3) 15 (11.5)
Social dimension, n (%) Extroverted 58 (74.4) 84 (64.6)
Introverted 20 (25.6) 46 (35.4)
Frequency of quarrels, n (%) Almost never 42 (53.8) 43 (33.1)
Rarely 21(26.9) 60 (46.2)
Sometimes 12 (15.4) 21 (16.2)
Often 3(3.8) 6 (4.6)
Psychological attack during pregnancy, n (%) No 73 (93.6) 118 (90.8)
Yes 5(6.4) 12 (9.2)
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633

634

Characteristic Level Non-PFO (-) (n=78) Non-PFO (+) (n =130)

Regular prenatal examination, n (%) No 10 (12.8) 17 (13.1)

Yes 68 (87.2) 113 (86.9)

Notes: Non-PFO (—) indicates absence of the outcome (i.e., patent foramen ovale or other non-PFO conditions), and Non-PFO (+) indicates

presence of non-PFO. Data are presented as mean (standard deviation) for continuous variables and as number (percentage) for categorical

variables. Percentages may not sum to 100 due to rounding. CHD, congenital heart disease.
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