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poredicting toxicity
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poredicting toxicity

from the structure
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LCc, predictions

Peets et al. ES&T 2022
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toxic chemicals
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case study OoNn wastewater
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metrics

true label
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prediction
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workflow: validation

l MS? spectra
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prediction accuracy

bioassay
sr.mmp
sr.p53

nr.ahr

nr.ar

nr.er
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FPR

25.1%

25.4%

41.8%

82.4%

85.0%

MassBank & MoNA
748 compounds with MS2 & tox
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handling probabilistic fingerprints
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average predicted probability
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prediction changed with # of samples
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quantification in ESI/HRMS

Malm et al. Molecules 2021
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workflow
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performance

Sepman et al. Anal Chem 2023
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performance

Sepman et al. Anal Chem 2023
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predicted ionization efficiency
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|E range
100,000,000

training set
RMSE 3.6x

test set
RMSE 5.6X
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application

compound

methiocarb sulfoxide
pyridaben

aldicarb-sulfone
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application

g predict ionization efficiency
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application

compound

methiocarb sulfoxide
pyridaben

aldicarb-sulfone
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peak area
5,300

5,400
70,800

IogIEpred
2.57

3.78
1.99
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application

g predict ionization efficiency

Ir convert to instrument specific values
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application

compound peak area
methiocarb sulfoxide 5,300
pyridaben 5,400
aldicarb-sulfone 70,800

atrazine-D5
gabapentin-lactam
sitagliptin
5-methyl-1H-benzotriazole
neburon

caffeine
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loglE, .4 c(nM)
2.57
3.78
1.99
4.5
0.35
0.23
0.94
3.4
0.50
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application
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peak area
5,300

5,400
70,800
450,000
10,400
8,100
27,000
243,000
5,600

loglE
2.57

3.78
1.99

pred

c (nM)

4.5
0.35
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0.94
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0.50

anneli.kruve@su.se



application

RF = peak area /c

measured

compound

methiocarb sulfoxide
pyridaben
aldicarb-sulfone
atrazine-D5
gabapentin-lactam

sitagliptin

5-methyl-1H-benzotriazole

neburon

caffeine
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peak area
5,300

5,400
70,800
450,000
10,400
8,100
27,000
243,000
5,600

IogIEpred
2.57

3.78
1.99

c (nM) RF_ ..
4.5 9.8
0.35 3.0
0.23 3.5
0.94 2.9
3.4 7.2
0.50 1.1
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application

compound

methiocarb sulfoxide

pyridaben
aldicarb-sulfone

atrazine-D5

gabapentin-lactam
sitagliptin

5-methyl-1H-benzotriazole
neburon

caffeine
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peak area
5,300

5,400
70,800
450,000
10,400
8,100
27,000
243,000
5,600

IogIEpred
2.57

3.78
1.99
3.46
2.66
2.89
2.46
3.23
2.30

c (nM) RF ...
4.5 9.8
0.35 3.0
0.23 3.5
0.94 2.9
3.4 7.2
0.50 1.1

1010
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application

logRF = slope-logl/E + intercept
17.5

logRF
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application

logRF = slope-loglE

predicted

compound

methiocarb sulfoxide

pyridaben
aldicarb-sulfone

atrazine-D5

gabapentin-lactam
sitagliptin

5-methyl-1H-benzotriazole
neburon

caffeine
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predicted

peak area
5,300

5,400
70,800
450,000
10,400
8,100
27,000
243,000
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+ INntercept

IogIEpred
2.57

3.78
1.99
3.46
2.66
2.89
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3.23
2.30

c (nM) RF__..10° RF

4.5
0.35
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0.94

3.4
0.50

eas pred°-lo]6
2.6

15.5
1.1
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application

g predict ionization efficiency

Ir convert to instrument specific values
L
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estimate concentration
O o
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application

c = peak area/RF

predicted
compound peak area loglE, .4 c(nM) RF__..10° RF, 410° c, 4 (NM)

methiocarb sulfoxide 5,300 2.57 2.6 0.20

pyridaben 5,400 3.78 15.5 0.035

aldicarb-sulfone 70,800 1.99 1.1 6.3
atrazine-D5 450,000 3.46 4.5 9.8
gabapentin-lactam 10,400 2.66 0.35 3.0
sitagliptin 8,100 2.89 0.23 35
5-methyl-1H-benzotriazole 27,000 2.46 0.94% 29
neburon 243,000 3.23 3.4 7.2
caffeine 5,600 2.30 0.50 1.1
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lonization efficiency

Sepman et al. Anal Chem 2023

mean prediction error

S 1x707%}
: 7.4X

g

Cpredicted

1 x 10_63 geometric mean prediction error
: 4 5%
median prediction error

_8-
110 7 4.0x

1x10°® 1x10°®  1x10
Ctarget(M)
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porioritization in NTS

toxicity concentration risk
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porioritization in NTS

toxicity concentration risk
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S ol
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