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Abstract

Cardiovascular disease (CVD) is the leading cause of mortality in the United States, yet the role of
atmospheric exposures as independent predictors of county-level CVD mortality remains poorly
characterized. We integrated satellite-derived atmospheric data alongside socioeconomic, demo-
graphic, and livestock predictors across 24,487 county-year observations in the contiguous United
States (2012-2019) and applied an XGBoost model with SHAP-based interpretability to identify the
leading predictors of county-level CVD mortality (Test R? = 0.712, RMSE = 29.26 per 100,000). Three of
the top ten predictors were atmospheric variables. Ambient formaldehyde exposure frequency ranked
second among all 43 predictors, exceeded only by educational attainment and surpassing poverty
rate. Wet-bulb temperature, which captures the combined physiological burden of heat and humidity,
ranked third. Sulphate aerosol mixing ratio ranked seventh. These atmospheric predictors contributed
independently of socioeconomic covariates, indicating that atmospheric exposure carries information
about county-level CVD mortality risk not captured by income or education alone. Integrating atmo-
spheric exposure monitoring into county-level CVD surveillance alongside socioeconomic indicators
may improve the identification of high-risk geographies.

Keywords: cardiovascular disease; CVD mortality; formaldehyde; air pollution; machine learning;
XGBoost; SHAP; remote sensing; environmental health; county-level; United States

1. Introduction

Cardiovascular disease (CVD) is the leading cause of mortality in the United States, responsible for
941,652 deaths in 2022, surpassing all forms of cancer and unintentional injuries combined [1]. Despite
substantial declines in age-standardized CVD mortality rates over the past four decades, progress
has been unevenly distributed across the country. County-level analyses reveal persistent geographic
disparities in CVD burden, with the highest mortality concentration extending from southeastern
Oklahoma along the Mississippi River Valley to eastern Kentucky [2]. As shown in Figure 1, county-
level CVD mortality rates in 2019 ranged from approximately 73 to 639 deaths per 100,000 population.
These patterns suggest that CVD mortality reflects not only individual clinical risk factors but also
place-based socioeconomic and environmental conditions that remain incompletely characterized.
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County-Level Cardiovascular Disease Mortality Rate in the United States (2019)
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Figure 1. County-level age-standardized cardiovascular disease (CVD) mortality rate in the United States (2019).
Values range from approximately 73 to 639 deaths per 100,000 population, with the highest burden concentrated
in the Southeast, Appalachia, and the Mississippi River Delta. Data source: Institute for Health Metrics and
Evaluation (IHME). Grey counties indicate missing data.

The socioeconomic determinants of CVD mortality are well established. Lower socioeconomic
position is associated with a greater prevalence of cardiovascular risk factors and higher CVD incidence
and mortality [3], with low socioeconomic status conferring a cardiovascular risk comparable to
traditional clinical risk factors [4]. Socioeconomic disadvantage is also associated with higher rates of
smoking, physical inactivity, and poor diet, each of which amplifies cardiovascular risk [5]. Higher
educational attainment, in turn, is linked to better employment prospects, greater health literacy,
and improved access to preventive care [6]. Despite the predictive strength of these socioeconomic
factors, they do not fully account for the geographic variation in CVD mortality observed across US
counties, pointing to a role for environmental exposures that operate independently of socioeconomic
conditions.

Atmospheric exposures have emerged as an independent class of cardiovascular disease de-
terminants. Air pollutants, including fine particulate matter (PM; 5) and nitrogen dioxide, promote
oxidative stress, immune cell activation, and vascular endothelial dysfunction, all established pathways
to cardiovascular disease [7]. Long-term PM, 5 exposure has been associated with an 8.8% increase in
cardiovascular disease mortality per 10 ug/m? increase in concentration, based on a study of 53 million
US Medicare beneficiaries, with no evidence of a lower safe threshold [8]. Formaldehyde, a ubiquitous
indoor and ambient air pollutant, has received comparatively little attention in cardiovascular research.
Like PMj; 5, it promotes oxidative stress through reactive oxygen species generation and glutathione
depletion [9]. Experimental and epidemiological evidence further shows that formaldehyde exposure
induces arrhythmia, myocardial infarction, heart failure, and atherosclerosis [10], and that ambient
concentrations are associated with short-term increases in circulatory disease mortality [11]. Extreme
heat and humidity, measured by wet-bulb temperature, also contribute to cardiovascular morbidity
and excess mortality during heat events [7,12]. Ground-based monitoring of ambient formaldehyde is
spatially sparse across the United States [13,14]. Satellite-derived atmospheric reanalysis products fill
this gap, enabling county-level exposure characterization at national scale.

Despite growing evidence for both socioeconomic and atmospheric contributors to CVD mortality,
no prior study has integrated these exposure classes within a unified predictive framework at the US
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county level. We address this gap using an XGBoost model [15] with SHAP-based interpretability [16]
and Bayesian hyperparameter optimization [17], applied to 24,487 county-year observations spanning
2012 to 2019. Our dataset integrates CVD mortality from the Institute for Health Metrics and Evaluation
[18], socioeconomic data from the US Census American Community Survey [19], satellite-derived
atmospheric and meteorological data from the Copernicus Atmosphere Monitoring Service and ERA5
reanalysis [20], and livestock density from the Food and Agriculture Organization Gridded Livestock
of the World [21]. Among 43 predictors, educational attainment, ambient formaldehyde, and wet-bulb
temperature emerge as the three leading drivers of county-level CVD mortality, with implications for
environmental surveillance and cardiovascular public health.

Atmospheric Exposures and Cardiovascular
Mortality in U.S. Counties

Formaldehyde and Wet-Bulb Temperature as Leading Predictors
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Figure 2. Study workflow. Four data sources are integrated into an XGBoost model with SHAP interpretability to
identify the leading predictors of county-level CVD mortality across the contiguous United States.

2. Methodology

This study constructs a county-year panel dataset spanning 3,061 counties in the contiguous
United States from 2012 to 2019. Four data sources were integrated to build the predictor and outcome
variables: IHME cause-of-death estimates provided the target variable, the American Community
Survey (ACS) contributed socioeconomic and demographic predictors, the Copernicus Atmosphere
Monitoring Service (CAMS) and ERA5 reanalysis supplied atmospheric and meteorological predictors,
and the Food and Agriculture Organization Gridded Livestock of the World (FAO GLW) provided
livestock density features. An XGBoost regression model was trained with hyperparameters selected
via Bayesian optimization. Model performance is reported as root mean square error (RMSE, in deaths
per 100,000 population) and the coefficient of determination (R?). Predictor contributions are quantified
and ranked using SHAP values.

2.1. IHME Dataset

The target variable is the age-standardized cardiovascular disease (CVD) mortality rate, expressed
as deaths per 100,000 population. Counties with older populations naturally have higher CVD
mortality. Age standardization adjusts for this, producing rates that are directly comparable across
counties regardless of their age structure. Estimates were drawn from the IHME Cause of Death
dataset (released June 2023), which integrates county-level vital registration records and population
data to produce annual, cause-specific mortality estimates for the contiguous United States [18]. The
records were filtered to retain estimates for the total population across all racial groups and age-
standardized mortality rates at the county level. The raw mortality proportion was converted to deaths
per 100,000 population for numerical stability and to conform with standard epidemiological reporting
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conventions. Data from 2012 to 2019 were selected to align temporally with the available predictor
data from the ACS and CAMS sources.

2.2. American Community Survey Dataset

Socioeconomic and demographic predictors were obtained from the American Community Survey
(ACS) five-year estimates, published by the US Census Bureau [19]. Five-year pooled estimates were
used rather than one-year estimates because many counties, particularly rural ones, have populations
too small for stable annual estimates, and for some smaller counties, one-year ACS data are not
published at all. Pooling five years of survey data reduces margins of error and ensures full county
coverage. The variables were retrieved via the Census API and covered poverty, income, educational
attainment, unemployment, racial and ethnic composition, disability, and household characteristics;
the complete list is provided in Appendix A. A total of 19 variables were initially retrieved; 10 were
retained as predictors following the feature reduction procedure described in Section 2.5. Together, they
cover the key socioeconomic determinants of CVD risk: income, education, poverty, and demographic
composition.

2.3. CAMS and ERA5 Atmospheric Dataset

Atmospheric and meteorological predictor variables were derived from the CAMS EAC4 global
reanalysis and the ERAS reanalysis, both produced by the European Centre for Medium-Range Weather
Forecasts (ECMWF) [20]. CAMS EAC4 integrates satellite retrievals from the Ozone Monitoring
Instrument (OMI), the Moderate Resolution Imaging Spectroradiometer (MODIS), and the Global
Ozone Monitoring Experiment-2 (GOME-2) with atmospheric model assimilation to produce spatially
continuous retrospective estimates of atmospheric composition at 0.75° x 0.75° horizontal resolution.
ERAS contributes relative humidity at 0.25° resolution, as this variable is not available in CAMS
EAC4. Three-hourly model output was averaged to produce annual mean concentrations for each
variable. Fraction-of-Time (FoT) metrics were also computed for selected variables, defined as the
proportion of three-hourly readings in a given year that exceeded the 75th percentile of that variable’s
long-term distribution. Annual values at county locations were obtained by multilinear interpolation
of grid-point output to county boundary sample points, then averaged across sample points to produce
a single county-level annual estimate. A total of 46 candidate atmospheric variables were analyzed. Of
these, 26 were retained following the feature reduction procedure described in Section 2.5.

2.4. Livestock Dataset

Livestock density data were obtained from the Food and Agriculture Organization Gridded
Livestock of the World (FAO GLW) dataset [21], which provides gridded population estimates for seven
species at approximately 10 km spatial resolution: cattle, pigs, chickens, horses, sheep, goats, and ducks.
County-level densities were computed using area-weighted zonal statistics applied to a 2019 National
Land Cover Database (NLCD) land-use mask. GLW estimates are available at approximately five-year
intervals (2010, 2015, and 2020); values for the intervening years from 2012 to 2019 were obtained by
linear interpolation. Livestock operations are a recognized source of ammonia (NH3), methane (CHy),
and nitrous oxide (N,O) emissions, which contribute to regional atmospheric degradation and may
elevate ambient concentrations of secondary pollutants associated with cardiovascular disease burden
[22]. Seven livestock density features were retained in the final dataset.
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Table 1. Summary of data sources used to construct the county-year panel dataset (2012-2019). Feature counts for
ACS, CAMS/ERAS, and FAO GLW reflect predictors retained after feature reduction.

Source Description Features (N)
IHME Age-standardized CVD mortality rate (deaths per 100,000) 1 (target)
ACS 5-year estimates  Socioeconomic and demographic predictors 10
CAMS/ERA5 Atmospheric and meteorological predictors 26
FAO GLW Livestock density by species 7
Predictors total 43

2.5. Data Processing

The final integrated dataset comprises 24,487 county-year observations spanning 3,061 US counties
from 2012 to 2019, assembled by merging the four source datasets on county FIPS code and year.
Records with missing values were excluded via listwise deletion. Multicollinearity was reduced by
removing one feature from each correlated pair with |r| > 0.85, with the feature to drop determined by
hierarchical clustering of the full correlation matrix. This reduced the initial candidate predictor pool
to the 43 features retained in the final model. The dataset was partitioned into training and test sets
using GroupShuffleSplit with a test fraction of 0.20 and county FIPS code as the grouping variable, so
that no county appears in both partitions. This ensures the model is evaluated on counties not seen
during training. The resulting partition yields 19,583 training observations across 2,448 counties and
4,904 test observations across 613 counties, with no county overlap between sets.

2.6. Modeling Approach

The modeling objective was to predict county-level age-standardized CVD mortality rates from
the 43-feature predictor set. An XGBoost regression model [15] was trained as the primary estimator.
Hyperparameters were selected using BayesSearchCV from the scikit-optimize library [17], which uses
a Gaussian process surrogate model to explore the hyperparameter space more efficiently than grid
or random search. The search ran for 30 iterations with 5-fold GroupKFold cross-validation, using
county FIPS as the grouping variable to prevent data leakage across folds. Model selection was based
on R? scoring. Table 2 reports the search bounds and the optimal values selected by the procedure.
Following hyperparameter selection, the model was refit on the full training set and evaluated on the
held-out test set. RMSE is expressed in deaths per 100,000 population.

Table 2. XGBoost hyperparameter search bounds and optimal values selected by BayesSearchCV. Log-uniform
distributions were used for learning_rate, reg_alpha, and reg_lambda.

Parameter Search Range Optimal Value
n_estimators 150-800 800

max_depth 3-7 5
learning_rate 0.03-0.25 (log-uniform) 0.03
subsample 0.60-0.90 0.7042
colsample_bytree 0.50-0.85 0.7814
reg_alpha 0.05-8.0 (log-uniform)  0.05
reg_lambda 0.50-8.0 (log-uniform)  8.00
min_child_weight 3-15 3

Best CV R? 0.7102

2.7. Modeling Interpretability

Three complementary methods were applied to interpret the trained model and assess predictor
importance. First, permutation importance was computed on the test set by randomly shuffling each
predictor in turn and measuring the resulting drop in R2. Second, SHAP values were computed
for all test-set predictions using TreeExplainer [16], which calculates exact Shapley values for tree-
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based models. SHAP values quantify each feature’s positive or negative contribution to individual
predictions. Dependence plots were generated for the three highest-ranked predictors to show how
their effect on predicted CVD mortality varies across their value range. Third, a feature ablation study
was conducted by training separate models on the top 20, top 10, and top 5 predictors ranked by
SHAP importance and comparing RMSE and R? across the reduced feature sets to assess how much
predictive performance depends on the full predictor set. Residual analysis was performed on the
top-20 feature model to examine whether prediction errors were randomly distributed or showed
systematic patterns by geography or CVD mortality level.

3. Results
3.1. Model Performance

The full 43-feature model achieved a test R? of 0.712 and a test RMSE of 29.26 deaths per 100,000,
with a mean absolute error of 22.03 per 100,000 on the held-out test set of 4,904 county-year observations.
The adjusted R? on the test set was 0.709, confirming that the result is not inflated by the number of
predictors. On the training set, the model achieved R? = 0.869 and RMSE = 19.86 per 100,000. The
gap between training and test R? (0.157) follows from the evaluation design. The test set comprises
counties entirely withheld from training, so the model must generalize to regions it has never seen
rather than interpolate across years within familiar counties. Predicted versus observed CVD mortality
rates are shown in Figure 3.

Model Performance: Predictions vs. Actual (All Features)

600

500 -

400 -

300 -

200 1

Predicted CVD Mortality Rate (per 100,000)

Train R2=0.87, RMSE=19.86, N=19,583

o 2= = =
1001 ﬁu Test.R 0.71, RMSE=29.26, N=4,904
----- 1:1line
100 200 300 400 500 600

True CVD Mortality Rate (per 100,000)

Figure 3. Predicted versus observed age-standardized CVD mortality rates (deaths per 100,000) on the held-out
test set (n = 4,904 county-year observations). The dashed line indicates perfect agreement.

Residual diagnostics for the top-20 model are shown in Figure 4. Residuals were centered at zero
across the full range of fitted values and showed no systematic relationship with poverty rate. The
distribution of residuals was approximately normal. No directional bias was apparent at any level of
predicted CVD mortality.
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Figure 4. Residual diagnostics for the top-20 feature model. Left: residuals versus fitted values. Center: residuals
versus poverty rate. Right: distribution of residuals. All residuals are in deaths per 100,000 population.

3.2. Feature Importance

SHAP values were computed for all test-set predictions to rank predictors by their contribution to
predicted CVD mortality. The SHAP beeswarm plot is shown in Figure 5. Permutation importance,
computed independently on the test set, yielded consistent rankings for the top predictors (Figure 6).

The percentage of adults with a bachelor’s degree or higher (Bachelor’s Degree or Higher %)
was the strongest predictor, with higher values associated with lower predicted CVD mortality. FoT
Formaldehyde Above the 75th Percentile ranked second and Wet-bulb Temperature third. Both
showed positive associations with predicted CVD mortality, with higher exposure corresponding
to higher predicted mortality rates. Poverty rate ranked fourth, with higher rates associated with
higher predicted mortality. Among the top ten predictors, four were drawn from the CAMS/ERA5
atmospheric and meteorological dataset (FoT Formaldehyde, Wet-bulb Temperature, Sulphate Aerosol
Mixing Ratio, and Leaf Area Index for High Vegetation), four were socioeconomic, and two were
demographic.
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SHAP Summary Plot (Top 20 Features)
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Figure 5. SHAP beeswarm plot for the full 43-feature model. Each row represents one predictor; each point
represents one test-set observation. Point color indicates the feature value (red = high, blue = low). Horizontal
position indicates the direction and magnitude of each feature’s contribution to the predicted CVD mortality rate.

Permutation Importance (Top 20 Features)
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Figure 6. Permutation importance for the top-20 feature model. Each bar shows the mean decrease in test R?
when the predictor’s values are randomly shuffled. The ranking is consistent with the SHAP analysis.
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SHAP dependence plots for the three highest-ranked predictors are shown in Figure 7. Edu-
cational attainment showed a monotonic negative relationship with predicted CVD mortality. FoT
Formaldehyde Above the 75th Percentile showed a positive association that steepened at higher expo-
sure levels, consistent with a non-linear dose-response relationship. Wet-bulb Temperature showed a
positive association across its full observed range.

SHAP Dependence Plots: Top 3 Features (Top 20 Model)
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Figure 7. SHAP dependence plots for the three highest-ranked predictors: Bachelor’s Degree or Higher % (top),
FoT Formaldehyde Above the 75th Percentile (middle), and Wet-bulb Temperature (bottom). The x-axis shows the
feature value; the y-axis shows the SHAP value (contribution to predicted CVD mortality). Point color encodes
the value of the most interacting feature identified by SHAP.

3.3. Feature Ablation Study

Table 3 summarizes test-set performance across all four feature subsets. The top-20 model
achieved a test R? of 0.703 and a test RMSE of 29.73 deaths per 100,000, a difference of 0.009 in R? from
the full model while using fewer than half the predictors. The top-10 model reduced test R? to 0.688, a
decline of 0.024 from the full model. The sharpest degradation occurred at the top-5 subset, where test
R? fell to 0.619 and test RMSE rose to 33.65 per 100,000. Figure 8 shows that performance gains are
concentrated in the transition from five to ten features, with diminishing returns above ten. The top 20
features provide a near-equivalent representation of the full model, while further reduction below ten
features results in meaningful performance loss.

Table 3. Test-set performance across feature subsets. RMSE and MAE are expressed in deaths per 100,000

population.
Feature Set N TestR?> Test AdjR> Test RMSE Test MAE
All features 43 0712 0.709 29.26 22.03
Top 20 20 0703 0.701 29.73 22.38
Top 10 10  0.688 0.687 30.47 22.66
Top 5 5 0619 0.619 33.65 25.49
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Ablation Study: Model Performance vs. Number of Features
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Figure 8. Ablation curve showing test R? (left axis) and test RMSE (right axis) as a function of the number of
predictors retained. Each point corresponds to a model trained on the top k features ranked by SHAP importance.

4. Discussion
4.1. Atmospheric Exposures as Independent Predictors of CVD Mortality

FoT Formaldehyde Above the 75th Percentile ranked second, Wet-bulb Temperature ranked
third, and Sulphate Aerosol Mixing Ratio ranked seventh among all 43 predictors by mean absolute
SHAP value. All three are atmospheric variables. Each ranked above several socioeconomic predictors
with well-established roles in cardiovascular epidemiology. Environmental exposures are recognized
determinants of cardiovascular health through multiple biological pathways [7]. These atmospheric
rankings held after the model accounted for socioeconomic predictors alongside them, so they reflect
an independent signal rather than a proxy for poverty or low educational attainment.

FoT Formaldehyde Above the 75th Percentile measures the fraction of time during a year when
county-level formaldehyde concentrations exceeded the 75th percentile of the full dataset. Formalde-
hyde has direct cardiovascular toxicity [10]. Experimental evidence documents its capacity to induce
arrhythmia, myocardial infarction, heart failure, and atherosclerosis through oxidative stress, endothe-
lial dysfunction, and vascular inflammation. At the population level, higher ambient formaldehyde
concentrations have been associated with increased circulatory disease mortality across Chinese coun-
ties [11]. Counties with higher chronic formaldehyde exposure had higher predicted CVD mortality in
this model, consistent with both the experimental and epidemiological evidence. Figure 9 shows the
geographic distribution of FoT Formaldehyde across US counties, averaged over 2012-2019, with the
highest exposure frequencies concentrated in the Southeast and Gulf Coast — regions that also bear a
disproportionate share of cardiovascular disease mortality in the United States.
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County-Level Formaldehyde Exposure Frequency in the United States (2012-2019 Average)

T
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Figure 9. County-level mean FoT Formaldehyde Above the 75th Percentile across the contiguous United States,
averaged over 2012-2019. Values represent the percentage of 3-hourly time steps in a year during which county-
level formaldehyde concentrations exceeded the 75th percentile threshold of the full dataset.Grey counties indicate
missing data.

Wet-bulb temperature ranked third. Unlike dry-bulb temperature, wet-bulb temperature captures
both heat and humidity, reflecting conditions under which the body cannot effectively dissipate heat
through evaporation [12]. Heat stress imposes a direct hemodynamic burden on the cardiovascular
system. The body maintains core temperature through peripheral vasodilation and elevated cardiac
output, creating demands that increase cardiovascular strain [7]. In individuals with pre-existing
coronary artery disease or reduced cardiac reserve, this added demand can precipitate myocardial
ischemia and arrhythmia. Large studies confirm that a substantial share of deaths linked to extreme
temperatures involve cardiovascular causes [23] and that heat-related mortality is disproportionately
cardiovascular in nature [24]. Counties with higher wet-bulb temperatures had higher predicted CVD
mortality in this model, consistent with this evidence. Figure 10 shows the geographic distribution of
mean wet-bulb temperature across US counties, with the highest values concentrated in the Gulf Coast
and the Deep South.
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County-Level Mean Wet-Bulb Temperature in the United States (2012-2019 Average)
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Mean Wet-Bulb Temperature (°C)

Figure 10. County-level mean wet-bulb temperature (°C) across the contiguous United States, averaged over
2012-2019. Wet-bulb temperature reflects the combined physiological burden of heat and humidity, representing
conditions under which evaporative cooling is limited. Grey counties indicate missing data.

Sulphate aerosol mixing ratio ranked seventh. Sulphates are a major component of fine particulate
matter (PM;5), and long-term PM, 5 exposure has been linked to higher cardiovascular mortality in
large US population studies [25,26]. Among 53 million US Medicare beneficiaries, PM; 5 was associated
with elevated cardiovascular cause-specific mortality [8]. That sulphate aerosol ranked among the
top predictors independently of the other atmospheric variables in the model suggests that sulphates
specifically, not air pollution in general, carry predictive signal for county-level CVD mortality.

Leaf Area Index for High Vegetation ranked eighth. This variable measures tree canopy density
and likely captures geographic variation in land cover rather than a direct exposure pathway.

Taken together, three of the top ten SHAP predictors are atmospheric variables, each linked to
the cardiovascular system through a distinct biological or epidemiological pathway. These findings
suggest that atmospheric exposures carry independent predictive signal for county-level CVD mortality,
beyond what socioeconomic predictors alone would provide.

4.2. Socioeconomic and Demographic Determinants

The percentage of adults with a bachelor’s degree or higher (Bachelor’s Degree or Higher %)
ranked first among all 43 predictors, with higher county-level values associated with lower predicted
CVD mortality. This is consistent with a large body of evidence linking population educational
levels to cardiovascular outcomes [3,4]. At the county level, educational attainment correlates with
income, occupational risk, healthcare access, and health behaviors, making it a compound indicator of
socioeconomic conditions rather than a single pathway [6]. Poverty rate ranked fourth and showed a
positive SHAP direction, consistent with the social determinants of health literature [27,28]. The two
predictors are correlated but carry partially non-overlapping information, and the presence of both in
the top five suggests each contributes independently to the variation in county-level CVD mortality.

The percentage of Hispanic residents (Hispanic Population %) ranked fifth and showed a negative
SHAP direction. Counties with larger Hispanic populations had lower predicted CVD mortality
after accounting for socioeconomic and atmospheric covariates. This is consistent with the Hispanic
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paradox, the empirically documented pattern in which Hispanic adults in the United States experience
lower cardiovascular mortality than non-Hispanic White adults despite a less favorable socioeconomic
profile [29]. The percentage of single mother families (Single Mother Families %) ranked sixth, with a
positive SHAP direction, consistent with evidence that single-parent household status is associated
with elevated cardiovascular risk [30]. Disability Rate ranked tenth and also showed a positive SHAP
direction.

4.3. Strengths and Limitations

This study has several methodological strengths. Model evaluation used geographic train-test
separation by county FIPS code, so that every county in the test set was entirely absent from training.
This design ensures that no county contributed observations to both the training and test sets, which
is the appropriate holdout for data structured as repeated observations across counties and years.
SHAP values were computed using TreeExplainer, which provides exact Shapley values rather than
approximations, enabling reliable attribution of model predictions to individual features across the full
predictor set. The predictor space spans socioeconomic, demographic, atmospheric, and land-surface
domains, reflecting the multifactorial nature of county-level CVD mortality. The feature ablation study
confirmed that predictive performance is distributed across the predictor set and is not driven by any
single variable or small subset.

Several limitations should be acknowledged. All associations are ecological. The data are
aggregated at the county level, and individual-level causal inference is not possible from county-level
patterns. Each county-year is treated as an independent observation. The model does not track how
conditions within individual counties change from year to year. Whether the predictor-outcome
associations documented here persist or change as environmental and socioeconomic conditions
evolve cannot be determined from this analysis. SHAP values identify which predictors contribute
most to model predictions, but they do not establish whether those predictors have causal effects on
CVD mortality. A predictor that ranks highly may reflect a direct relationship with CVD mortality
or may be correlated with an unmeasured variable that is the true driver. Unmeasured county-
level factors, including healthcare access quality, diet patterns, physical activity rates, and smoking
prevalence, may account for part of the residual variance. Educational attainment and poverty rate,
both of which ranked among the top five predictors, are established correlates of healthcare access,
health behaviors, and smoking prevalence, and may capture part of the variation attributable to these
unmeasured factors [6,27]. Atmospheric data were drawn from CAMS/ERAD reanalysis at 0.75° spatial
resolution. This resolution is coarser than many US counties, especially in the densely populated
eastern states, meaning that multiple counties may share identical atmospheric values. The resulting
spatial smoothing likely attenuates the observed associations between atmospheric exposures and
CVD mortality. The model also does not account for spatial autocorrelation. CVD mortality rates in
neighboring counties tend to be more similar than those in distant counties, and ignoring this structure
may understate the uncertainty of the results.

5. Conclusions

An XGBoost model trained on 43 county-level predictors explained 71.2% of the variance in
cardiovascular disease mortality across US counties (Test R? = 0.712, RMSE = 29.26 per 100,000). Three
of the top ten predictors by SHAP value were atmospheric variables. FoT Formaldehyde Above the
75th Percentile ranked second, Wet-bulb Temperature ranked third, and Sulphate Aerosol Mixing Ratio
ranked seventh. Each ranked above several socioeconomic predictors with well-established roles in
cardiovascular epidemiology. The atmospheric predictors contributed predictive value beyond what
socioeconomic variables alone would provide.

Atmospheric exposure data may complement socioeconomic indicators in county-level CVD
surveillance and improve the identification of high-risk geographies. Formaldehyde concentrations,
wet-bulb temperature, and sulphate aerosol levels are routinely available from satellite and reanalysis
products and could be incorporated into public health monitoring at low cost. Future work should
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examine the temporal dynamics of these associations and test whether finer-resolution atmospheric
data improve predictive performance in densely populated regions.
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Appendix A. Variable Descriptions

Table A1. Complete set of 43 predictor variables used in the XGBoost model, grouped by data source. FoT (Fraction
of Time) denotes the percentage of 3-hourly time steps in a year during which county-level concentrations exceeded
the 75th percentile threshold of the full dataset.

No. Variable Unit

Socioeconomic and Demographic Variables (American Community Survey, 5-year estimates)

1 Poverty Rate %
2 Bachelor’s Degree or Higher (%) Y%
3  Disability Rate %
4  Total Population count
5  Unemployment Rate %
6 White Population (%) %
7  Hispanic Population (%) %
8 Black Population (%) %
9 Households with No Vehicle (%) %
10  Single Mother Families (%) Y%

Atmospheric and Meteorological Variables (CAMS/ERA5)
11  Land-sea Mask -

12 Mean Sea Level Pressure Pa
13 Dust Aerosol (0.55-0.9 ym) Mixing Ratio kgkg_1
14 Dust Aerosol (0.9-20 um) Mixing Ratio kgkg™!

15  Hydrophilic Black Carbon Aerosol Mixing Ratio kgkg_1

16  Hydrophobic Black Carbon Aerosol Mixing Ratio kgkg™!
17 Hydrophobic Organic Matter Aerosol Mixing Ratio 1<gkg_1
18  Sea Salt Aerosol (0.5-5 ym) Mixing Ratio kgkg™!
19  Sea Salt Aerosol (5-20 ym) Mixing Ratio kgkg !
20  Sulphate Aerosol Mixing Ratio kgkg*1
21  Leaf Area Index, High Vegetation m?m 2
22 Leaf Area Index, Low Vegetation mZm2
23 Snow Depth m w.e.
24 10m Wind Speed ms~!
25  Wet Bulb Temperature K

26  FoT Carbon Monoxide Above 75th Percentile %

27  FoT Ethane Above 75th Percentile %

28  FoT Formaldehyde Above 75th Percentile %

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://github.com/samyakshrestha/predicting-cvd
https://github.com/samyakshrestha/predicting-cvd
https://doi.org/10.20944/preprints202603.1800.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 March 2026 d0i:10.20944/preprints202603.1800.v1

150f 17

Table A1l. Cont.

No. Variable Unit
Atmospheric and Meteorological Variables (CAMS/ERAS)

29  FoT Hydroxyl Radical Above 75th Percentile %
30  FoT Nitric Acid Above 75th Percentile %
31  FoT Nitrogen Dioxide Above 75th Percentile %
32 FoT Nitrogen Monoxide Above 75th Percentile %

33  FoT Ozone Above 75th Percentile Y%

34  FoT PM, 5 Above 75th Percentile %

35  FoT Propane Above 75th Percentile Y%

36  FoT Sulphur Dioxide Above 75th Percentile %
Livestock Density Variables (FAO Gridded Livestock of the World)

37  Cattle head km 2
38  Chicken head km—2
39  Duck head km 2
40  Goat head km 2
41  Horse head km 2
42  Pig head km ™2
43 Sheep head km—2
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