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from different PFAS molecules must be distinguishable. Many PFAS molecules have Fig. 2. (a) The average SERS spectra of selected PFAS solutions (in methanol) at a fixed 103 ppt concentration. The Raman shift/cm Raman shift/cm P : ! A : :
remarkably similar molecular structures, which can result in similar SERS or Raman average SERS spectrum of AgNR substrate is shown as a reference. (b) The t-SNE plot of the SERS. As illustrated in Figure 8a, by excluding concentrations below the LOD, 3
] Fig. 5. The average SERS spectra from MCH-modified AgNR substrates: (a) PFOA of concentrations of 0, 10, 109, 104, of the 5 misclassified PFOS spectra were eliminated. The overall model
spectra. Figure 2a shows the average SERS spectra of 10° ppt PFOS, PFOA, PFNA, PFDA, and 102, 103, 104, 10°, 1096, 107, 108, and 10° ppt (from bottom to top); and (b) PFOS with concentrations of 0, 4.28 X 107?, accuracy is lifted from 0.93 to 0.95
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Fig. 3 (a) The representative average SERS spectra of PFOA in methanol at the concentrations of 10°, 10%, 103, 10°, 107, ; —
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To circumvent this problem, we can apply ML-based regression models. A support
vector regression (SVR) model was used to predict the concentration. Figure 3¢ shows a To demonstrate the capabilities of ML models, a more powerful SVM model with an ]
log-log plot of the predicted concentration versus the actual concentration. The average R2 RBF kernel was employed. Ten independent trials were conducted, resulting in an Conclusions
value resulting from 10 independent trials was 0.95 + 0.01, denoting an excellent fit. accuracy of 0.89 + 0.01. The trial with the highest accuracy (0.93) is demonstrated by the . —
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