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* Per- and polyfluoroalkyl substances (PFAS) are persistent “forever chemicals” that « K-Means Clustering: Moderate PFAS risk (Cluster 1) are ZIP codes with average PFAS . . ” 0.00125 | P
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. . N . . . * Clustering pattern generally follows national climate patterns as low risk dominates the oredictive skill = |
* PFAS exposure risks are elevated in communities near known point sources, including northeast and Midwest, high risk is distributed amongst the west, and moderate is highlighting ch’allenges %
industrial facilities, military installations, airports, wastewater treatments plants, concentrated around the geopolitical south associated with sparse |

agricultural areas with irrigation or biosolids application
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* Objective: Evaluate how climate variables influence PFAS concentrations and identify

potential contamination hotspots across the conterminous United States (CONUS)

DATA & METHODS

Data Integration: PFAS occurrence and concentration data from Environmental
Protection Agency’s 3@ and 5" Unregulated Contaminant Monitoring Rule (UCMR),
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Figure 6: Predicted vs Observed PFAS (XGBoost)

proxy variables.

* Predicted PFAS
concentrations closely
track observed values
(Figure 6), but explained
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* U.S. Census tract-level demographic data, population, and military site locations within " ( %A Vu'fn(g?abn'ity Index concentrations % Absolute Error
) 200
a ZIP code Y * Figure 7 shows o
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. : single Vulnerability Index value codes exhibiting >100% Figure 7: Spatial distribution of XGBoost %Absolute Error with error values
* Remote Sensing Products: Annual dominate land cover type of each ZIP code from , o , , : clipped at 200% for visual clarity
National Landcover Database (NLCD) * Higher values indicate populations that may be more socially vulnerable to error relative to
environmental hazards, including PFAS exposure observed PFAS

Climate & Hydrologic Variables: Annual averaged precipitation and temperature from . Lower values indicate relatively less vulnerable populations

predictive skill across folds

Parameter-elevation Regressions on Independent Slopes Model (PRISM), Annual CDNCLUS'DNS
maximum and minimum drought indices from the Standardized Precipitation , .
N , , | * Generally averaged variables (Table 2) performed better than the yearly variables due to
Evapotranspiration Index (SPEI) Table 1: Categorical variables used in K-Means R E S LT 2 o , ,
clustering, RF, and XGBoost modeling U added noise in the data, despite hyper-parameter tuning
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Figure 1: Mean PEAS concentrations across ZIP codes, values Identifier zip_code oredictors Figure 4: Yearly variable importance determined by RF and * Expand the analysis to UCMR water quality monitoring locations to AK, HI, and PR
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determined by Elbow and Silhouette methods * Incorporate lagged climate and hydrologic variables to train models on previous-year
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