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H. Hupatz, |. Rahu, W.-C. Wang et al. Anal. Bioanal. Chem. 2025, 473; L. Malm, E. Palm, A. Souihi et al. Molecules. 2021, 3524.
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55/142 detected and quantified

Targeted
analysis

38/258 suspects flagged and 26/38 had standards
available

Suspect
screening

Unknown transformation products are missed

Non-target
screening

F. Menger, G. Bostrom, O. Jonsson et al. Environ. Sci. Technol. 2021, 10343.
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I LC/HRMS WORKFLOW

Spiked Sample High-resolution LC-ESI- Data processing
standard mix MS/MS
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No experimental data.




I LC/HRMS WORKFLOW
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No experimental data. MS2 data taken from MassBankEU.
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I LC/HRMS WORKFLOW

Caffeine Thiram Imazalll Unknown

c=25nM How to c=05nM
determine RF?
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No experimental data. MS2 data taken from MassBankEU.




I SEMI-QUANTIFICATION INTERLABORATORY STUDY
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I SEMI-QUANTIFICATION INTERLABORATORY STUDY
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I IONISATION EFFICIENCY MODELS
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I SEMI-QUANTIFICATION WORKFLOW
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I LC/HRMS WORKFLOW
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No experimental data. MS2 data taken from MassBankEU.




I MOLECULAR FINGERPRINTS FROM MS2 DATA
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K. Dihrkop, M. Fleischauer, M. Ludwig et al. Nature Methods 2019, 299. MS2 data taken from MassBankEU.
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I MOLECULAR FINGERPRINTS FROM MS2 DATA
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I MS2QUANT SPECTRAL MODE
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I SEMI-QUANTIFICATION WORKFLOW
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I LC/HRMS WORKFLOW
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No experimental data. MS2 data taken from MassBankEU.




Bl OUTLOOK MS2QUANT
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Unified datasets 13 23 (20)
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H. Hupatz, L. Malm, F. Menger et al. in preparation.




I HAZARD PREDICTION FROM MS2 DATA
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I LC/HRMS WORKFLOW
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No experimental data. MS2 data taken from MassBankEU.




I RISK-BASED PRIORITISATION
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D. Szabo, S. Fischer, A. P. Mathew et al. Anal. Chem. 2024, 14150; H. Sepman, L. Jonsson, M. Posselt et al. Water Reserch, submitted.
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