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ABSTRACT: Background: Congenital heart disease (CHD) is the most common congenital anomaly worldwide, yet
the contribution of environmental factors to its global geographic variation remains incompletely understood. We
aimed to systematically identify environmental factors associated with CHD incidence using an integrated framework
combining machine learning and spatial epidemiology. Methods: Country-level data were obtained from the Global
Burden of Disease (GBD) 2021 study. Boruta algorithm-based feature selection and random forest SHAP value ranking
were applied to identify environmental factors associated with CHD incidence. Negative binomial regression was
used to evaluate the associations between selected variables and CHD incidence. Spatial clustering was assessed
using Global Moran’s I and Local Indicators of Spatial Association (LISA). The population attributable fraction (PAF)
associated with unsafe sanitation was further estimated. Results: Boruta identified 28 candidate environmental
variables associated with CHD incidence, among which unsafe sanitation consistently ranked as the most influential
factor based on SHAP analysis. Negative binomial regression demonstrated a significant association between unsafe
sanitation and CHD incidence. Spatial analyses revealed marked geographic concordance between regions with
high CHD incidence and high unsafe sanitation exposure, particularly in Sub-Saharan Africa. The estimated PAF
suggested that approximately 33% of the global CHD burden could theoretically be attributable to unsafe sanitation
under the assumptions of the analytical model. Conclusions: Unsafe sanitation was consistently identified as the
environmental factor most strongly associated with global CHD incidence across multiple analytical approaches.
These findings provide ecological evidence supporting a potential relationship between sanitation conditions and
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the geographic distribution of CHD. However, further individual-level epidemiological and mechanistic studies are
required to validate these findings and clarify the underlying biological mechanisms.

KEYWORDS: Congenital heart disease; unsafe sanitation; machine learning; spatial epidemiology; spatial autocorre-
lation; boruta algorithm; population attributable fraction

1 Introduction

Congenital heart disease (CHD) is the most common birth defect worldwide, and it is one of the main
causes of infant mortality and long-term disability [1,2]. It is estimated that each year over 1.3 million
newborns worldwide have CHD, and tens of thousands of cases require medical intervention in the early
stages of life, imposing a heavy burden on families and society [1,3]. Although the diagnosis rate and survival
rate of CHD have significantly improved with advancements in medical imaging, surgical techniques, and
perinatal management, its incidence has remained high globally and varied widely across regions over
the past few decades, especially in low- and middle-income countries [2]. The prevalence and mortality
rates of CHD in low socio-demographic index (SDI) areas are significantly higher than those in high SDI
areas [4,5]. This trend suggests that, in addition to genetic susceptibility factors, geographical differences
in environmental and socio-economic related factors may play an important role in the occurrence of CHD.

The etiology of CHD is complex. Previous mechanistic studies have discovered that, in addition to
genetic mutations, environmental hazards play an important role in pathogenesis. Only about 15% of
CHD cases can be attributed to determined genetic causes, while at least 10% of CHD cases are directly
related to environmental factors [6,7]. Epidemiological studies have extensively explored environmental
exposure factors that affect the risk of CHD, such as air pollution, heavy metals, maternal infections, drug
use, and unhealthy lifestyles [8–12]. However, most of these studies have focused on specific environmental
toxins or macroscopic socioeconomic indicators, such as per capita GDP or urbanization rate, while largely
ignoring a more fundamental and highly modifiable public health factor: basic sanitation.

According to the World Health Organization (WHO), unsafe sanitation includes open defecation, the
lack of private toilets or latrines, and the lack of facilities to safely isolate human excrement from the
environment [13]. Such conditions not only lead to a high incidence of intestinal infectious diseases but may
also indirectly affect pregnancy outcomes and fetal development. Cardiac morphogenesis primarily occurs
during weeks 3–8 of human gestation, encompassing cardiac looping, chamber formation, septation, and
outflow tract development. During this critical developmental window, the embryonic heart is particularly
susceptible to maternal environmental perturbations, including infection, systemic inflammation, nutritional
deficiencies, and toxic environmental exposures [14,15]. Unsafe sanitation may contribute to these adverse
maternal conditions through increased exposure to infectious pathogens, impaired nutritional status, altered
maternal microbiota, and environmental contaminants. For example, poor sanitation is strongly associated
with increased maternal exposure to infectious agents and inflammatory conditions during pregnancy,
which are established risk factors for CHD [16,17]. In fact, there are still over 1.5 billion people worldwide
who lack access to safe sanitation facilities, and a considerable portion of them are women of childbearing
age [13]. Currently, most epidemiological models of birth defects only consider traditional environmental
or behavioral exposures, such as smoking, drinking, and air pollution exposure, while neglecting this
fundamental but widespread inequality factor of hygiene conditions.
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The aim of this study is to explore the relationship between exposure to unsafe sanitation facilities
during reproductive age and the incidence of CHD from the perspective of spatial distribution, using data
from the Global Burden of Disease (GBD), Injuries, and Risk Factors Study 2021 database.

2 Methods

2.1 Overview

Comprehensive data from the GBD 2021 database were utilized in this study to examine the spatial
distribution of CHD and its related risk factors. The analysis covered the incidence of CHD across all
age groups in 204 countries and regions, as well as the summary exposure values (SEV) for risk factors
among women of childbearing age (15–49 years). This manuscript was produced as part of the GBD
Collaborator Network and by GBD protocols (Contact ID: 0034o00001nHH4NAAW) and followed the
GATHER guidelines [18].

Comprehensive statistical analysis and machine learning models were employed, including global
Moran’s I analysis, local indicators of spatial association (LISA) analysis, the Boruta algorithm based on
random forests, Shapley additive explanations (SHAP) analysis, and negative binomial regression, to identify
key risk factors, clarify their spatial distribution relationship with the occurrence of CHD, and quantify
their impact on disease burden.

2.2 Data Extraction

The incidence data for CHD and the exposure data for risk factors were all obtained from the GBD
database. The detailed information on the data search, extraction, and screening criteria of GBD 2021 has
been described elsewhere [19]. In brief, the GBD database collects data on 371 diseases and injuries, as
well as 88 risk factors worldwide, covering information across different age groups, genders, and regions,
including assessment of disease burden, disease trends, and risk factors [19]. Congenital heart malformations
include all live births with existing structural abnormalities of the heart and great vessels at birth, including
but not limited to abnormalities in the structure of the heart (valvular abnormalities, ventricular or atrial
septal defect, single ventricle heart defects, etc.), abnormalities in the structure of major blood vessels
(malformations of great vessels, patent ductus arteriosus, etc.), and other complex congenital heart defects.
In this study, we extracted the incidence of CHD for all age groups in 204 countries and regions in 2021, as
well as the exposure rates of all 58 most detailed risk factors for women of childbearing age (aged 15 to 49),
including environmental, occupational, and lifestyle factors.

2.3 Risk Factor Selection

Only risk factors with standardized Summary Exposure Values (SEVs) for women aged 15–49 years
available in GBD 2021 were eligible for machine-learning screening. Several important maternal-level
risk factors, including maternal diabetes, obesity, prenatal care utilization, and genetic susceptibility, are
not currently represented by globally standardized SEVs and therefore could not be incorporated into the
present analytical framework. To more comprehensively identify risk factors for the onset of CHD, we
employed a three-step method that independently screened all 58 most detailed risk factors. Firstly, we
used the Boruta algorithm based on random forest to calculate the importance scores for each risk factor.
To ensure the robustness and reproducibility of the feature selection process, a fixed random seed was
specified, a significance threshold of p = 0.01 with multiple-testing correction was applied, and the maximum
number of iterations was set to 200. Variables classified as tentative were subsequently evaluated using the
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TentativeRoughFix procedure, and only variables confirmed as important were retained for downstream
analyses.

Then, 28 important risk factors with significantly higher importance scores than those of randomly
generated shadow features were selected from the 58 most detailed risk factors. Subsequently, for the
remaining 28 risk factors, the SHAP method, a machine learning algorithm, was applied to assess the
influence of each risk factor, thereby further screening those potentially associated with CHD.

Finally, we used negative binomial regression to estimate the incidence rate ratio (IRR) for each risk
factor and identify the one most strongly associated with the onset of CHD. The dependent variable in the
negative binomial regression model was the number of incident cases (val.num). To account for differences
in population size across countries and regions, the natural logarithm of the population size [log(pop)]
was included as an offset term, allowing the model to estimate incidence rate ratios (IRRs). The covariates
included unsafe sanitation, household air pollution from solid fuels, no access to handwashing facilities,
unsafe water source, lead exposure, occupational exposure to particulate matter, gases and fumes, high
temperature, and the 2021 SDI. All covariates were standardized prior to model fitting. The Benjamini-
Hochberg (BH) procedure was applied to control the false discovery rate (FDR) for the statistical tests
involving multiple variables.

2.4 Definition of the Spatial Distribution Characteristics of Congenital Heart Anomalies and
Unsafe Sanitation

In order to explore the spatial distribution and spatial clustering patterns of CHD and the identified
risk factors, we first divided the CHD incidence level and the exposure levels of the identified risk factors
into 4 levels: low (<25 percentiles), lower-middle (25–50 percentiles), upper-middle (50–75 percentiles),
and high (>75 percentiles). Subsequently, we used global Moran’s I analysis to analyze the overall spatial
autocorrelation of CHD and the identified risk factors, with the calculation formula as follows:
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𝑛
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here, 𝑛 is the sample size, 𝑥𝑖 is the attribute value of region 𝑖, 𝑥 is the average value, and 𝑤𝑖𝑗 is the spatial
weight used to describe the adjacency relationship between 𝑖 and 𝑗 . Before calculation, the normality of
the data was tested. If the data did not meet the normal distribution, the calculation of the p-value was
conducted using the Monte Carlo permutation test. Then, we further used LISA analysis to calculate the
individual autocorrelation index for each spatial unit and divide them into four key regions: hotspots with
high values surrounded by high values (High-High), cold spots with low values surrounded by low values
(Low-Low), and spatial outliers where high values are surrounded by low values or vice versa (High-Low or
Low-High).

2.5 Disease Attribution

For the identified risk factors, we calculated the PAF using a continuous exposure-response framework.
Specifically, the dose-response relationship between each risk factor and CHD incidence was estimated
using a negative binomial regression model. All exposure variables were standardized before model fitting,
and the regression coefficient (𝛽) was used to construct a continuous risk function:

𝑅𝑅(𝑥) = 𝑒
𝛽𝑥
,
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where x represents the standardized exposure level.
Because no established theoretical minimum risk exposure level (TMREL) is currently available for these

environmental risk factors, we defined the counterfactual exposure distribution empirically. Specifically,
individuals with exposure levels below the population median were considered the low-exposure reference
group, and the empirical exposure density of this group was used to estimate 𝑃∗(𝑥). Therefore, the formula
for calculating the PAF of the 𝑗th (𝑗 = 1, 2) disease in the 𝑘th (𝑘 = 1, 2, 3) region for the 𝑖th risk factor is
as follows:

𝑃𝐴𝐹 =
∫
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among them, 𝑥 represents the risk factor exposure rate, min and max denote the lowest and highest
exposure levels for each risk factor, and 𝑅𝑅𝑖𝑗 (𝑥) is calculated by the negative binomial regression for the IRR
value of the 𝑖th risk factor at the exposure rate x for the 𝑗th disease incidence. 𝑃𝑖𝑘(𝑥) is the exposure rate
distribution of the 𝑖th risk factor in the 𝑘th region, and 𝑃𝑖∗(𝑥) is the theoretical distribution of the minimum
risk exposure level of the 𝑖th risk factor, which is estimated based on the exposure level distribution of
countries and territories with exposure levels lower than the median of the global exposure rate.

3 Results

3.1 Identification of Key Environmental Associated Factors of CHD

In order to identify the main risk factors for women of childbearing age, we first employed the Boruta
algorithm to screen the 58 most detailed risk factors for women aged 15–49 years old. Based on the
importance results, a total of 28 significant risk factors were identified out of the 58 most detailed risk
factors for women of childbearing age (Fig. 1). The importance scores of these features were significantly
higher than those of randomly generated shadow features, indicating that they have stable and significant
predictive contributions in the model. Among them, unsafe sanitation, no access to handwashing facilities,
household air pollution from solid fuels, and unsafe water sources had the highest importance scores,
suggesting that unsatisfactory basic hygiene conditions are the main risk sources for women aged 15–49.
Secondly, several occupational and environmental exposure factors also exhibit high importance, such as
lead exposure, occupational exposure to asbestos, occupational particulate matter gases and fumes, and
occupational exposure to polycyclic aromatic hydrocarbons, etc. To further evaluate model performance, a
random forest model was constructed using the Boruta-selected variables and assessed by 10-fold cross-
validation. Model performance was evaluated using the root mean square error (RMSE), mean absolute error
(MAE), and coefficient of determination (R2). The cross-validation results demonstrated good predictive
performance, with an RMSE of 9.589, an MAE of 6.872, and an R2 of 0.841, suggesting that the model
achieved satisfactory predictive accuracy while reducing the risk of overfitting.

The algorithm identifies 28 variables with statistically significant predictive importance for congenital
heart disease (CHD) incidence, shown by bars in green.

Next, to reveal the specific contribution directions and intensities of each risk factor to disease risk
prediction, we used the SHAP method to conduct a further analysis on the 28 significant risk factors
identified. The analysis results showed that the contribution directions and intensities of different features
in the model’s predictions differed significantly (Fig. 2). We selected seven risk factors with higher SHAP
values, which were concentrated in the positive region and associated with increased disease risk. The
risk factors include: unsafe sanitation, household air pollution from solid fuels, no access to handwashing
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facilities, unsafe water source, lead exposure, occupational particulate matter, gases, and fumes, and high
temperature. Among them, the SHAP values of unsafe sanitation, no access to handwashing facilities, and
unsafe water source were the highest among all variables, suggesting that the lack of sanitation facilities and
inadequate living environmental conditions are the strongest risk drivers. Air pollution, lead exposure, and
occupational exposure also showed positive risk trends and played an important role in risk prediction. These
results indicated that the contributions of the macro-environment and lifestyle factors to the risk were much
greater than those of individual behaviors or noise factors. The lack of sanitation facilities and inadequate
hygiene conditions may occupy the most prominent position in the occurrence of diseases. Because the
GBD database primarily includes established or suspected risk factors, variables exhibiting an inverse
association with CHD incidence in regression analyses may reflect residual confounding, data heterogeneity,
or limitations inherent to ecological analyses rather than genuine protective effects. Therefore, to facilitate
interpretation of independent associations among plausible risk factors, variables demonstrating consistent
positive contributions in the SHAP analysis and biological plausibility as environmental risk factors were
prioritized for subsequent multivariable regression analyses.

 
Figure 1: Importance scores of top candidate risk factors based on the Boruta algorithm.
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Figure 2: Shapley additive explanations (SHAP) summary plot for the 28 Boruta-selected factors.

The SHAP value on the horizontal axis represents the influence of the factor on the outcome, with
positive values indicating promotion and negative values indicating inhibition. The top 7 variables showed
consistently positive contributions to congenital heart disease (CHD) risk.

Subsequently, we further quantitatively evaluated the association between the 7 major risk factors
identified by the SHAP analysis and the disease risk. The 2021SDI was also included as an important
potential confounder in the model to account for the influence of differences in socioeconomic development
levels across countries or regions. First, we fitted a Poisson regression model using the same dependent
variable, offset term, and covariates. Overdispersion was assessed using the Pearson dispersion parameter.
The results showed that the Pearson dispersion parameter was 546.485, and the corresponding test was
highly significant (p < 0.001), indicating substantial overdispersion. These findings demonstrated that the
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assumptions of the Poisson model were violated and that the negative binomial regression model was
therefore more appropriate to calculate the incidence rate ratio (IRR) and 95% confidence interval (95%
CI) for the present data. Among the 7 risk factors and confounders, binomial regression showed that
unsafe sanitation was the most significant independent risk factor, with an IRR of 1.48 (95% CI: 1.30–1.68),
outperforming other environmental or occupational exposure factors (Fig. 3). This finding suggested that
the lack of sanitation facilities may be associated with higher disease burden through multiple pathways
such as pathogen exposure, intestinal infection, and immune stress, and is an important controllable risk
source. After adjusting for SDI, other risk factors such as household air pollution from solid fuels, no access
to handwashing facility, unsafe water source, lead exposure, occupational particulate matter, gases and
fumes, and high temperature had little effect on the occurrence of CHD with IRR values close to 1 and 95%
CIs crossing 1, suggesting that their risk contributions were relatively small and the effects were uncertain.
The comprehensive analysis results indicated that unsafe sanitation is the most significant independent risk
factor in this study population, and its impact intensity is much higher than that of other environmental or
occupational exposure factors.

 
Figure 3: Forest plot and incidence rate ratio (IRR) values of major risk factors and confounders.

Negative binomial regression was used to estimate incidence rate ratio (IRR) values for the seven major
risk factors identified by SHAP, adjusting for the 2021 Sociodemographic Index (SDI). Values of 7 major
risk factors identified by SHAP and the 2021 sociodemographic index (SDI) were obtained by negative
binomial regression independently conducted in this study. Adjusted p-values were calculated using the
Benjamini-Hochberg (BH) procedure.

3.2 Global Spatial Distribution and Clustering Patterns of CHD and Unsafe Sanitation

Next, to reveal the spatial distribution characteristics of CHD incidence and its main risk factor, unsafe
sanitation, this study first produced the global quartile distribution map for both. The spatial distribution
demonstrated marked geographic heterogeneity, with substantial overlap between regions exhibiting high
CHD incidence and high unsafe sanitation exposure, suggesting spatial concordance between these variables
(Fig. 4).

To further explore the spatial distribution characteristics of CHD and its spatial correlation with
environmental risk factors, this study conducted a global spatial autocorrelation analysis of CHD incidence
rates and key risk factors. The results showed that the Moran’s I value for CHD was 0.68342 (p = 0.001),
indicating a significant spatial positive autocorrelation distribution feature within the study area. That is,



Struct Congenit Heart Dis. 2026;21(3):3 9

areas with higher incidence rates tend to be spatially adjacent, forming obvious high-value aggregation
areas (hot spots), while areas with lower incidence rates also show a tendency to be adjacent to each other,
indicating that the disease distribution is not random but has a certain spatial clustering property. At the
same time, Moran’s I value of unsafe sanitation was 0.72347 (p = 0.001), also showing a significant spatial
clustering feature. Its spatial distribution pattern was highly similar to that of CHD, suggesting that the
uneven distribution of environmental sanitation conditions may have a geographical overlap or spatial
coupling relationship with the high-incidence areas of the disease. This result indicated potential spatial
correlation between unsafe sanitation and the incidence rate of CHD, and the differences in regional health
infrastructure construction may affect disease risk through environmental exposure pathways.

Figure 4: Global distribution of CHD incidence and unsafe sanitation exposure. (A) Quartile distribution of
the incidence of congenital heart anomalies across 204 countries and territories. (B) Quartile distribution of the SEV
of unsafe sanitation across 204 countries and territories.

In the subsequent LISA local spatial autocorrelation analysis, both exhibited significant spatial clus-
tering. Spatial autocorrelation analyses consistently demonstrated that both CHD incidence and unsafe
sanitation exhibited significant clustering, supporting the existence of shared geographic patterns rather
than random spatial distributions (Fig. 5). This consistency across geographic space suggested that environ-
mental hygiene conditions may play an important role in regional differences in incidence. The weak health
infrastructure, low levels of clean water and sewage treatment in African and South Asian countries may
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significantly amplify the risk of CHD through infection during pregnancy, malnutrition, and environmental
exposure pathways.

Figure 5: Spatial autocorrelation of CHD incidence and unsafe sanitation. (A) Local Indicators of Spatial
Association (LISA) cluster maps of the incidence of congenital heart anomalies across 204 countries and territories.
(B) LISA cluster maps of the SEV of unsafe sanitation across 204 countries and territories.

3.3 Attributable Burden and Socioeconomic Gradient of Unsafe Sanitation

On a global scale, the PAF of unsafe sanitation for CHD showed significant spatial heterogeneity.
Approximately 33% of the CHD burden could theoretically be attributable to unsafe sanitation under the
assumptions of the present statistical model. From a national perspective, the PAF was generally lower in
high-income countries, mostly below 10%, such as North America, Western Europe, Australia, and Japan
(Fig. 6A). In contrast, the PAF in sub-Saharan Africa, South Asia, and some Southeast Asian countries was
generally above 40%, with many countries exceeding 60%. This reflected severe deficiencies in health infras-
tructure, such as in Chad, Niger, South Sudan, Somalia, and Malawi, indicating that children in these areas
were exposed to a very high risk of CHD due to unsafe sanitation. More importantly, there was a significant
negative correlation between national PAF and the SDI (Fig. 6B). The linear fitting results suggested that
nearly 80% of the differences in PAF can be explained by the national socio-economic development level.
This strong correlation indicated that the construction of sanitation facilities was highly constrained by
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economic development, and unsafe sanitation may be an important mediating factor connecting poverty and
CHD risk. As SDI increases, countries have achieved significant improvements in water supply, drainage,
sewage treatment, toilet coverage, and hygiene education, resulting in a significant reduction in risks such
as pathogen exposure, parasitic infection, water pollution, and exposure to environmental toxins, thereby
simultaneously reducing the environmental burden of CHD. In high PAF areas, there were also “High-High”
clusters of CHD, indicating a significant spatial overlap between exposure and outcome.

Figure 6: PAF of unsafe sanitation and its relationshipwith SDI. (A) Global distribution of population attributable
fraction (PAF) for CHD attributable to unsafe sanitation. (B) Regression analysis of PAF and social demographic
indices (SDI).

Overall, the distribution of global and regional PAFs was highly consistent with the previous spatial
aggregation analysis results, further strengthening the potential relationship between unsafe sanitation
conditions and the incidence of CHD. The evidence of spatial overlap between high PAF regions and
high incidence regions suggested that improving sanitation infrastructure could potentially contribute
to reducing the global burden of CHD. However, this hypothesis requires confirmation in prospective
epidemiological and mechanistic studies.

4 Discussion

Based on the GBD 2021 database, we systematically analyzed global incidence patterns of CHD and
the multidimensional environmental and behavioral risk factors that may influence it. Firstly, the Boruta
algorithm was used to identify 28 potentially important factors, and then SHAP values were used to explain
the directionality of the screening results, indicating that seven risk factors, such as unsafe sanitation,
may be positively associated with CHD. Subsequently, this study used negative binomial regression to



12 Struct Congenit Heart Dis. 2026;21(3):3

quantitatively analyze seven significant factors and found that the incidence rate ratio of unsafe sanitation
(IRR = 1.48, 95% CI: 1.30–1.68) was the highest, suggesting that unsafe sanitation is strongly associated
with the global distribution of CHD and may represent an important environmental correlate deserving
further investigation. Additionally, this study used Moran’s I and LISA spatial autocorrelation analyses
to find that CHD incidence exhibited significant spatial clustering worldwide, which overlapped with the
spatial distribution pattern of unsafe sanitation. This spatial consistency provided geographical evidence
supporting a potential link between this exposure factor and the disease. Further, through PAF analysis, this
study quantified the contribution of unsafe sanitation to the burden of CHD, showing that the global PAF in
2021 was over 33%, and in several countries in sub-Saharan Africa and South Asia, the PAF was significantly
over 60%, suggesting that unsafe sanitation exposure may be associated with a significant proportion of
CHD cases in these regions. This study revealed the potential importance of exposure to unsafe sanitation
in the occurrence of CHD through a data-driven, comprehensive evidence chain, providing new research
perspectives and a scientific basis for future global prevention and control strategies for birth defects.

This study found that the incidence of CHD and unsafe sanitation conditions globally exhibits a highly
similar spatial pattern. High incidence and high exposure are concentrated in sub-Saharan Africa and South
Asia, while middle-income and developed regions show low values. This conclusion is highly consistent
with previous large-scale epidemiological and public health monitoring reports. Multiple global and regional
systematic analyses have pointed out that the burden of CHD has been consistently higher in low-middle
income countries than in high-income countries, and the incidence or prevalence rates in Africa and South
Asia are at a relatively high level globally [20,21]. For example, systematic analysis of global CHD and
meta-analysis of birth prevalence rates both reported higher incidence burdens in developing countries [2,3].
At the same time, long-term monitoring by the World Health Organization and international institutions
has shown that unsafe sanitation conditions are widespread in sub-Saharan Africa and South Asia, and are
strongly associated with adverse health outcomes such as intestinal infections and malnutrition [13,22,23].
This is consistent with the high-exposure areas of unsafe sanitation in this study. However, there have
been reports that some high or middle-income countries show relatively higher CHD reporting rates
in individual studies, largely influenced by differences in diagnostic capabilities, completeness of birth
registration, and screening policies for birth defects [3,19,24]. On the other hand, this study conducted
ecological comparisons at the national or regional level, which may mask the heterogeneity at the sub-
national level within a country, such as urban-rural differences, concentrated exposure in poverty-stricken
areas [25–28], and some previous cohort or case-control studies have revealed the complex mechanisms of
different risk factors at more detailed geographical or population levels, which may lead to inconsistencies
to some extent [29,30].

The spatial concentration of unsafe sanitation is closely related to factors such as a country’s level of
economic development, geographic location, and climate. Low-income and middle-low-income countries,
due to limited financial resources and insufficient technical and human capital, have difficulty building
and maintaining centralized drainage and sewage treatment systems, resulting in a widespread lack of
safe sanitation facilities in rural and poor communities [31]. This creates a high-risk zone that coincides
with poverty rates and public investment capabilities. WHO monitoring indicates that the coverage of
safe sanitation in regions such as sub-Saharan Africa and South Asia is significantly below the global
average [23], where overlapping areas of high PAF for unsafe sanitation and high incidence of CHD are
identified in this study. Geographical location also directly affects the accessibility and cost of infrastructure.
Inland countries have scarce water resources, making the cost of constructing sanitation facilities high [32].
The degradation of forest ecosystems, such as tropical rainforests, will indirectly harm basic hygiene
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conditions and water supply security, leading to an increase in unsafe sanitation rate in remote forest
areas [33]. Islands, due to their boundedness, smallness, and isolation, have unignorable geographical
inequalities in access to drinking water and sanitation compared to the mainland [34]. These factors
together have led to a high geographic concentration of unsafe sanitation. In terms of climate, areas with
frequent monsoons and floods and shallow groundwater levels are more prone to sewage overflow and
contaminated drinking water, thereby exacerbating health risks [35–37]. Unsafe sanitation not only directly
leads to the incidence and mortality of CHD, but also indirectly restrains economic growth by reducing labor
productivity, increasing medical expenses, and inhibiting educational participation [13,38–40], making it
difficult for vulnerable regions to escape the cycle of the health-development deadlock. Therefore, this study
emphasizes the importance of establishing safe sanitation facilities to reduce the incidence of CHD and other
diseases, thereby breaking this vicious cycle. However, it should be noted that the GBD definition of unsafe
sanitation represents a composite environmental exposure rather than a single sanitation technology. The
present findings cannot distinguish the relative effectiveness of individual interventions such as sewerage
systems, improved pit latrines, composting toilets, or handwashing facilities. Future studies integrating
more detailed infrastructure indicators are warranted to identify the most effective public health strategies.

The study suggests that improving environmental sanitation may be a key intervention to reduce the
global burden of CHD. It should be emphasized that this study does not directly investigate these biological
mechanisms. Instead, the following pathways represent biologically plausible hypotheses supported by
previous experimental and epidemiological studies that may explain the observed spatial associations.
Firstly, maternal infection is one of the most direct and well-documented pathways. Unsafe sanitation
may significantly increase the overall burden of infections in the digestive and respiratory tracts, including
infections caused by fulminant intestinal pathogens, bacterial urinary tract infections, and several viral
diseases. Systemic or local infections occurring in the early stages of pregnancy may lead to maternal
immune activation, fever, and the release of inflammatory mediators, which then affect embryonic heart
layer differentiation and heart tube formation through the placenta [41]. For example, the rubella virus
has a teratogenic effect on the fetal heart [42], and modern research also indicates that exposure to
various viral and bacterial agents is associated with an increased risk of CHD [43,44]. Secondly, chronic
gastrointestinal infections and recurrent diarrhea can lead to maternal nutrient absorption disorders
and deficiencies of micronutrients. Women exposed to unsafe sanitation for a long time are more likely
to suffer from malnutrition and insufficient intake or absorption of essential nutrients such as vitamin
B12, zinc, and folic acid, while the one-carbon metabolism pathway plays a crucial role in embryonic
heart development [45,46]. On the other hand, malnutrition weakens the maternal immune system,
increases susceptibility to infection, and exacerbates inflammatory responses, further increasing the risk
of CHD. Thirdly, an increasing number of recent studies have focused on the impact of the maternal
microbiome on fetal development during pregnancy. Unsafe sanitation affects the metabolic and immune
microenvironment at the maternal-fetal interface by altering the environmental microorganisms’ exposure
spectrum, promoting pathogens spread, and inducing maternal intestinal dysbacteriosis, thereby interfering
with placental function, fetal nourishment, and organ formation. Several studies have shown that abnormal
microbiota during pregnancy is associated with fetal developmental abnormalities, and the metabolic
products of the maternal microbiota have potential effects on cardiovascular development during the critical
period of embryonic development [47–49]. Finally, unsafe sanitation is often accompanied by chemical
pollution of drinking water and the environment, including heavy metals, organic pollutants, and polycyclic
aromatic hydrocarbons. These pollutants can come from sewage overflow and untreated discharges, or may
accumulate in drinking water due to the small diameter of groundwater channels and the shallow aquifers’



14 Struct Congenit Heart Dis. 2026;21(3):3

susceptibility to contamination. Epidemiological studies and toxicological experiments have suggested
that exposure to lead, arsenic, cadmium, mercury, and certain organic pollutants during pregnancy may
increase the risk of congenital heart malformations through pathways such as increased oxidative stress,
interference with embryonic cell signaling pathways, and induction of epigenetic changes [11,50,51]. In
areas with poor sanitation, such chemical and microbial exposures often co-occur, potentially generating
synergistic or additive effects, thereby further amplifying the negative impact on heart development. The
spatial analysis results of this study indicated spatial clustering of unsafe sanitation, high PAF values, and
a high degree of overlap with CHD incidence. These biological mechanisms provide multiple levels of
rationality for causal explanations and also suggest that improving basic sanitation facilities has significant
health economic benefits.

This study not only clarified the core role of unsafe sanitation in global spatial differences in CHD
but also proposed a research framework that integrates machine learning and spatial epidemiology. This
new approach provides new methodological paths and empirical evidence for global risk identification,
mechanism exploration, and health resource investment and policy formulation for birth defects.

This study still has several limitations. Firstly, this study primarily relied on a cross-sectional ecological
analysis framework, using countries or regions as statistical units. Although this macro-scale analysis could
reveal global spatial and exposure patterns, it inevitably carries the risk of ecological fallacies and does not
necessarily reflect the causal relationship between individual-level real exposure and outcomes. Secondly,
this study relied on GBD-estimated data, including CHD incidence and exposure values for multiple risk
factors. These data may be highly dependent on model calculations in some low-income countries due
to data scarcity, thereby introducing uncertainty. In countries with limited healthcare infrastructure,
incomplete birth registration, restricted access to prenatal echocardiography, or insufficient diagnostic
capacity, CHD incidence may be underestimated. Such regional differences in data quality could introduce
systematic bias into spatial analyses despite the standardized GBD estimation framework, and the more
recent GBD 2023 data were not included into this analysis. Moreover, although machine-learning screening
of risk factors helped identify potential associations, it still primarily reflected statistical correlations and
may not reflect a true causal relationship. Thirdly, although this study combined various methods to form a
more complete evidence chain, it still failed to account for the interactive effects of multiple factors such
as genetic background, utilization rate of maternal health care, underlying maternal diseases, nutritional
status, air pollution, and chemical pollution. Differences in these factors across countries may be an
important component of the observed spatial differences. Moreover, sanitation infrastructure generally
reflects relatively stable long-term environmental conditions rather than transient exposures. Consequently,
the SEVs used in this study are assumed to approximate chronic environmental exposure among women of
reproductive age. However, the ecological design cannot determine the precise timing of maternal exposure
during the critical period of embryonic cardiac development. Unmeasured confounders and using the same
dataset for variable selection and testing may lead to overfitting. Thus, these limitations suggest that future
research needs to further combine individual-level pregnancy cohorts, biomarker measurements, refined
exposure models, genomic datasets, and multi-level causal inference methods to more accurately identify
the true causal relationship and biological pathways between unsafe sanitation and CHD.

5 Conclusions

Using an integrated framework combining machine learning and spatial epidemiology, this study
identified unsafe sanitation as the environmental factor most strongly associated with the global incidence
of CHD. Significant spatial concordance was observed between unsafe sanitation exposure and CHD burden
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across countries, particularly in sub-Saharan Africa and South Asia. Nevertheless, these findings should
be interpreted as ecological associations rather than causal evidence. The theoretical PAF estimate of
approximately 33% is model-dependent and requires validation in individual-level prospective cohorts.
Future prospective studies integrating individual-level environmental exposure, genetic susceptibility, and
mechanistic investigations are warranted to validate these observations and inform targeted public health
interventions.
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