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A * PFAS sampling data were compiled from publicly available sources, * Results can be used to inform source-water protection to target monitoring
including the EPA, the Florida Department of Environmental Protection strategies where water systems are predicted to be vulnerable to contamination.
(FDEP), and peer-reviewed studies into a unified canonical dataset. » Strengths: A variety of sources were used to collect a significant amount of data.
* The dataset was subset to the six PFAS compounds regulated under USEPA * Limitations: Measurement variability/inconsistency among different sources.
drinking water standards: PFOA, PFOS, PFHxS, PFNA, HFPO-DA (GenX), * Future steps include continuing to map each of the six priority PFAS
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o Table 1. Descriptive statistics of PFOA and PFOS concentrations (ng/L) in groundwater * Furtherresearch should:
Ny For b (GW) and surface water (SW) samples across Florida, including non-detect frequencies. * Use spatiotemporal machine learning for PFAS detection/exceedance
o 4 orediction and generate uncertainty maps.
oy o g -------_ * Predict drinking-water source vulnerability using machine learning models
FDEP, Esr, TomTom, ¢ TomTom, Garmin, FAO, NOAA, USGS, EPA, NPS PFOA 2440 1.07 39.2 3.08 2110 (86.48%) (logistic regression, Random Forest, XGBoost, and spatial blocks).
- o - R — PFOA SW 2292 3.99 2-91 81.16 4.5 295 (12.87%) * Identify and map likely PFAS sources using GIS proximity analysis, PFAS
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Figure 1. Potential sources of PFAS across the state of Florida. SFOS T = = Y, 20 | =nae 280 (19.02%) * Implement deep learning forecast scenarios.
SEOS Overall 3969 5 1 0 113592 2117 2197 (55.35%) * Assess correlations between PFAS levels and sources.
Objectives |DW Interpolation: Spatial prediction of PFAS concentrations was performed
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* Attribute sources of PFAS contamination. to identify PFAS hotspot regions and potential exposure risks.
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