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The stability of the substrate was calculated from the relative standard deviation (RSD).

According to the relative standard deviation (RSD):

          (S1)%100 XSRSD

where S was calculated as follows:
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where S was the standard deviation of the spectral intensity and  was the corresponding mean value.X

The Analytical Enhancement Factor (AEF) stood as a pivotal metric in assessing the SERS 

efficacy of a substrate1. AEF was calculated using Equation S2, which represents
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Where, ISERS represents the signal intensity of the characteristic peak of organic arsenic acid (500.0 

μg/L) measured utilizing Fe3O4@SiO2@Ag NPs as the SERS substrate, and NSERS denotes the count of 

effective organic arsenic acid molecules on the surface of the Fe3O4@SiO2@Ag NPs substrate under 

irradiation. INR is the Raman signal intensity of the organic arsenic acid at a concentration of 1 mol/L, 

and NNR dis the count of effective organic arsenic acid molecules illuminated by the laser spot.
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Table S1 Mass yield of each synthesis step for Fe₃O₄@SiO₂@Ag nanoparticles

Synthesis Step Starting Material Starting 

Mass (g)

Theoretical 

Mass (g)

Product 

Mass (g)

Yield (%)

Step 1: Fe₃O₄ FeCl3·6H2O 2.1 0.60 0.47 78.3%

Step 2: SiO₂ coating Fe₃O₄ 0.2 0.37 0.23 62.2%

Step 3: Ag Fe₃O₄@SiO₂ 0.05 0.17 0.15 88.2%

*Theoretical basis is calculated based on stoichiometric ratios

Table S2 Peak coordination of DMA and ROX in normal Raman and SERS spectra

Cacodylic acid(cm)-1 Roxarsone(cm)-1

Assignments
Normal Raman SERS Normal Raman SERS

Ref

v(As-C) / / 619 622
vs(As-OH) / / 750 /
v(AsOx) / / 809 799
vs(NO2) / / 1335 1323

2

v(As-C) 598,633 610, 640 637 633
vs(As-OH) 777 749 744 700
vs,vas(As=O) 816 832 862 824

Vs(NO2) / / 1263 1332, 1356

3

v(As-C) / / 637 627
vs(As-OH) / / 744 /
v(AsOx) / / 824 797

vs(NO2) / / 1342 1322

4

v(As-C) 658 / / /

vs(As-OH) 752 / / /
5

v(As-C) / 600 / /
v(As-O) / 830 / /

6

v(As-C) 634 666 619 617
vs(As-OH) 755 803 / /
v(AsOx) / / 810 797
vs(NO2) / / 1332 1334

This work



Table S3 Composition of natural surface water samples

Composition ρ(mg/L) Composition ρ(mg/L)

K+ 2.918 Cl- 12.309
Na+ 52.014 SO4

2- 214.320
Ca+ 87.829 HCO3

- 196.114
Mg+ 27.966 NO3

- 2.210

Fig. S1 Characterization of Fe3O4@Ag. SEM image(A), TEM image of Fe3O4@Ag (B) 

elemental analysis of energy dispersive spectroscopy (EDS)

Fig. S2 Regeneration test of Fe3O4@SiO2@Ag (A) and stability of the Fe3O4@SiO2@Ag (B).



Fig. S3 The contribution rate of the principal component characteristic variance

Fig. S4 Classification accuracies of four machine learning models



Fig. S5 ROC curve of validation set result by the trained support vector machinest model
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