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B EXPERIMENTAL BACKGROUND

Non-targeted screening (NTS) using liquid chromatography
coupled to high-resolution mass spectrometry (LC/HRMS)
generates large feature tables that are translated into
meaningful chemical information through in silico structural
annotation methods. The resulting candidate structures are
then prioritised to exclude less probable candidates.[1]
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For illustration of in silico annotation workflows in NTS, we examined 10 spiked and 10 Predicting
unknown LC/HRMS features from a wastewater sample, showcasing one example per \ i ,
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Spiked features were correctly annotated (as blue !) by matching with MassBank (100%) and SIRIUS

(50%). Predicted RTs and CCSs deprioritised the correct structures for 20% of the spiked chemicals Property

each. Evaluating NTS workflows on spiked chemicals from known databases may introduce bias, as database Property
these chemicals are often included in the training data of in silico methods. prediction mode!
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We investigate if a generative model (MSNovelist[5]) adds information beyond the

gold-standard on literature data (MassBank and MassSpecGym|[6] (MSG)), and mm SMILES;c1, SMILES 2, SMILESycs¢ Qitcty Aiie2r Aiies

On literature data, MSNovelist added the correct structure in 3.6 % (3.8 %) in Top 1 (Top 10)

If it can generate novel rather than close analogues of known chemicals on
experimental datasets of chemicals absent from PubChem (unkown).

60 - Top10 Top10 Top10 m MSNovelist compared to , but also missed three times as many correct structures, highlighting that

x 150 Top1 | 50 o Both de novo generation can complement but not replace established methods. |
2 40 Topl == 3.3 Topl B Topl0 __ MSNovelist correctly annotated one structure of the Mean MCES Meilr;s-[jr?g:()to
> 77 i Top1 unknown dataset in the Top 10. Comparison of the distance
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b 195 156 g fingerprints to the correct structures showed that

O E _p_ annotations are slightly more similar, indicating
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Eull Massbank  MSG train  MSG val&test unknown structures similar to know.n chemicals for LC/HRMS
(48.123) 4.398) (30.980) (7.317) (30) feature of unknown chemicals.
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