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ECOTOXICITY
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ENDOCRINE DISRUPTION
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structural fingerprints

Peets et al. ES&T 2022
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model training

Peets et al. ES&T 2022

mass (Da) fp1 ... fp243
317.32000 O 0
208.26100 1 0
240.27499 1 0
300.57998 O 0
201.22500 O 0
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model training
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endocrine
disruption

Rahu et al. JCIM 2024
Tox21 endpoints
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prediction

Rahu et al. JCIM 2024
Tox21 endpoints

FPR @ TPR = 0.9
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bioassay FPR

endocrine Sr.mmp 25.1%
d o t. Sr.ps3 25.4%
Isru p Ion nr.ahr 41.8%
Rahu et al. JCIM 2024 5
Tox21 endpoints nr.ar 82.4%
nr.er 85.0%

MassBank & MoNA

748 compounds with MS? & tox
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interlaboratory A
comparison

Sandberg, Rahu, in preparation

spiked water samples

ANALYSIS

D:D HRMS, etc. characterization

DATA PROCESSING

Cl AhR activity
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results
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LC/HRMS features detected features with MS? spectra features predicted active
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ARhR active
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alternative
approaches

Kreutzer et al. in preparation
Tox21 endpoints
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molecular
networks

Kreutzer et al. in preparation
Tox21 endpoints
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molecular
networks

Kreutzer et al. in preparation
Tox21 endpoints
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AhR activity
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quantification

from structure
Been et al. Water Research 2021
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quantification

from MS? spectra
Sepman et al. Anal Chem 2023
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orthogonal separation

Akhlagi et al. Anal Bioanal Chem 2023

chromatography ion mobility MS?2
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chromatography

predicting retention time



chromatography

Kruve et al. in preparation
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chromatography

for isomer identification
Kruve et al. in preparation
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chromatography

for isomer identification
Kruve et al. in preparation
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covered by prediction algorithms
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semi-supervised learning for RT

Sandberg et al. in preparation
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semi-supervised learning for RT
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semi-supervised learning for RT
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correct incorrect

model #
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candidate
structure 4

evaluation
Sandberg et al. in preparation 3
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ionization

adduct type & ionization polarity



ionization

Costalunga et al. Anal Chim Acta 2022
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adduct type

Costalunga et al. Anal Chim Acta 2022

In-source INn-source
fragment fragment
177.055 163.040
IM+H]*
195.066

1NN

[M+Na]*
217.048

INn-source

fragment

163.040

IM+H]*
195.066

m/z



ionization mode

Hupatz, Rahu, et al. Anal Bioanal Chem 2024
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orthogonal separation

Akhlagi et al. Anal Bioanal Chem 2023

14
Isomeric
chemicals
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orthogonal separation

Akhlagi et al. Anal Bioanal Chem 2023

CCS
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NE I EREE e

for prioritization and identification in nontarget screening

TOXICITY QUANTIFICATION RETENTION TIME

30% 60% 90%
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share your data!

please-please-please
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