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Finding Small Molecules (and PFAS)

with High Resolution Mass Spectrometry

Assoc. Prof. Dr. Emma Schymanski

plus the Environmental Cheminformatics team and many, many collaborators!

FNR ATTRACT Fellow; Head of Environmental Cheminformatics Group, 

Luxembourg Centre for Systems Biomedicine (LCSB), Luxembourg.

Email: emma.schymanski@uni.lu Twitter: @ESchymanski

Talk DOI: 10.5281/zenodo.3786338
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and toxic effects

Field Lab, Oregon State University, WFH Webinar Series - Invited Zoom Seminar - May 5th, 2020. 

mailto:emma.schymanski@uni.lu
https://doi.org/10.5281/zenodo.3786338
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University of Luxembourg & LCSB

o Uni Lu was founded in 2003

• Teenage years!

o LCSB was founded in 2009

• …and is still pre-teenager

• Young and very dynamic working environment!
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Luxembourg

Source: https://en.wikipedia.org/wiki/File:EU-Luxembourg.svg

.eu

https://en.wikipedia.org/wiki/File:EU-Luxembourg.svg
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Environmental Cheminformatics

@ 

Luxembourg Centre for 

Systems Biomedicine

LCSB-ECI, June 2019
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1 10 100 1000 10000  100000 1 million 1 billion chemicals …. …. ….

Our (Community) Challenge: Identifying Chemicals

Data: Schymanski et al 2014, Environ. Sci. Technol. DOI: 10.1021/es4044374; Hollender et al 2017 DOI: 10.1021/acs.est.7b02184

Sample

High resolution 

mass spectrometry

http://pubs.acs.org/doi/abs/10.1021/es4044374
http://pubs.acs.org/doi/abs/10.1021/acs.est.7b02184
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1 10 100 1000 10000  100000 1 million 1 billion chemicals …. …. ….

Our (Community) Challenge: Identifying Chemicals

Data: Schymanski et al 2014, DOI: 10.1021/es4044374; Schymanski & Williams, 2018, DMCM 2018. DOI: 10.5281/zenodo.3242674

Sample

High resolution 

mass spectrometry

Chemicals

AND connecting

chemical knowledge

~875,000

http://pubs.acs.org/doi/abs/10.1021/es4044374
http://doi.org/10.5281/zenodo.3242674
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Target, Suspect and Non-Target Screening

KNOWNS SUSPECTS No Prior Knowledge

HPLC separation and HR-MS/MS

TARGET 

ANALYSIS

SUSPECT 

SCREENING

NON-TARGET

SCREENING

Targets found Suspects found Masses of interest

(Molecular formula)

DATABASE 

SEARCH

STRUCTURE

GENERATION

Confirmation and quantification of compounds present

Candidate selection (retention time, MS/MS, calculated properties) 

Sampling                extraction (SPE)              HPLC separation            HR-MS/MS              

Time, Effort & Number of Compounds….

SUSPECTS

SPECTRUM 

SEARCH

Spectral match
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Target List Suspect List

(e.g. NORMAN,

LMC, Eawag-PPS,

ReSOLUTION)

Componentization

(nontarget)

TARGET 

ANALYSIS

SUSPECT 

SCREENING

NON-TARGET

SCREENING

(enviMass, 

vendor software)

Gather evidence

(nontarget, 

ReSOLUTION,

RMassBank)

Masses of interest
Molecular formula

determination

(enviPat, GenForm)

Non-target identification 

(MetFrag2.3, ReSOLUTION) 

Sampling                extraction (SPE)              HPLC separation          HR-MS/MS              

Detection of blank/blind/noise/internal standards; time trend analysis (enviMass)

Conversion (Proteowizard) and Peak Picking (enviPick, xcms, MZmine, …)

Prioritization

(enviMass)

MS/MS Extraction

(RMassBank)

Interpretation, confirmation, peak inventory, confidence and reporting

Altenburger et al, 2019, Env. Sci. Europe. DOI: 10.1186/s12302-019-0193-1

https://doi.org/10.1186/s12302-019-0193-1
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Identification Strategies and Confidence

Schymanski et al, 2014, ES&T. DOI: 10.1021/es5002105 & Schymanski et al. 2015, ABC, DOI: 10.1007/s00216-015-8681-7

Peak 
picking

Non-target HR-MS(/MS) Acquisition

Target
Screening

Suspect
Screening

Non-target
Screening

Start
Level 1 Confirmed Structure

by reference standard

Level 2 Probable Structure
by library/diagnostic evidence

Start
Level 3 Tentative Candidate(s)

suspect, substructure, class

Level 4 Unequivocal Molecular Formula
insufficient structural evidence 

Start
Level 5 Mass of Interest

multiple detection, trends, …

“downgrading” with 
contradictory evidence

Increasing identification
confidence

Target list Suspect list, library

Peak picking or XICs

https://doi.org/10.1021/es5002105
https://doi.org/10.1007/s00216-015-8681-7
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Scarcity of MS/MS Spectra 

H. Oberacher et al. (2020) Environmental Sciences Europe 32: 43. DOI: 10.1186/s12302-020-00314-9

o Only available for ~0.1-4 % of Exposomics-relevant resources

https://doi.org/10.1186/s12302-020-00314-9
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Modernising MassBank EU

http://massbank.eu/MassBank and https://github.com/MassBank/

>80,000 spectra

~16,000 chemicals 

>46 contributors

http://massbank.eu/MassBank
https://github.com/MassBank/
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Comparability of MS/MS Spectra: QTOF v Orbitrap

Oberacher et al. 2019, Metabolites, 9(1), 3; https://doi.org/10.3390/metabo9010003

Orbitrap

QTOF

https://doi.org/10.3390/metabo9010003
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Identification Strategies and Confidence

Schymanski et al, 2014, ES&T. DOI: 10.1021/es5002105 & Schymanski et al. 2015, ABC, DOI: 10.1007/s00216-015-8681-7

Peak 
picking

Non-target HR-MS(/MS) Acquisition

Target
Screening

Suspect
Screening

Non-target
Screening

Start
Level 1 Confirmed Structure

by reference standard

Level 2 Probable Structure
by library/diagnostic evidence

Start
Level 3 Tentative Candidate(s)

suspect, substructure, class

Level 4 Unequivocal Molecular Formula
insufficient structural evidence 

Start
Level 5 Mass of Interest

multiple detection, trends, …

“downgrading” with 
contradictory evidence

Increasing identification
confidence

Target list Suspect list, library

Peak picking or XICs

https://doi.org/10.1021/es5002105
https://doi.org/10.1007/s00216-015-8681-7
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NORMAN Suspect List Exchange (67 lists!)

Schymanski et al. (in prep.) https://www.norman-network.com/nds/SLE/

o https://www.norman-network.com/nds/SLE/

o https://zenodo.org/communities/norman-sle

o https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101

N
u
m

b
e
r 

o
f 

e
n
tr

ie
s

PFAS
Pesticides

Pharma

Priority Lists

CCS

Smoke

Dust

Water
Plastics

Surfactants

REACH

Toxins

NPS

https://www.norman-network.com/nds/SLE/
https://www.norman-network.com/nds/SLE/
https://zenodo.org/communities/norman-sle
https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101
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Suspect Screening – NORMAN SLE

https://www.norman-network.com/nds/SLE/

https://www.norman-network.com/nds/SLE/
https://www.norman-network.com/nds/SLE/


17

NORMAN-SLE on Zenodo

https://zenodo.org/communities/norman-sle/

https://zenodo.org/communities/norman-sle/
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NORMAN-SLE + more lists on CompTox

Huge thanks to Antony (Tony) Williams, US EPA for this continued integration of NORMAN content

o https://comptox.epa.gov/dashboard/chemical_lists

o https://comptox.epa.gov/dashboard/chemical_lists/?search=NORMAN

o https://comptox.epa.gov/dashboard/chemical_lists/?search=PFAS

https://comptox.epa.gov/dashboard/chemical_lists
https://comptox.epa.gov/dashboard/chemical_lists/?search=NORMAN
https://comptox.epa.gov/dashboard/chemical_lists/?search=PFAS
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NORMAN-SLE on PubChem

Huge thanks to Evan Bolton, Jian Zhang (Jeff), Paul Thiessen, Ben Shoemaker and the PubChem team for this!



20

NORMAN-SLE on PubChem

o https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101
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NORMAN-SLE on PubChem

o https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101
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NORMAN-SLE on PubChem
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o Information in individual records (Classification, Use)
o https://pubchem.ncbi.nlm.nih.gov/compound/139598272#section=Classification

NORMAN-SLE on PubChem

https://pubchem.ncbi.nlm.nih.gov/compound/139598272#section=Classification


24

o Information in individual records (Classification, Use)
o https://pubchem.ncbi.nlm.nih.gov/compound/74483#section=Use-Classification

o https://pubchem.ncbi.nlm.nih.gov/compound/74483#section=NORMAN-Suspect-

List-Exchange-Classification&fullscreen=true

NORMAN-SLE on PubChem

https://pubchem.ncbi.nlm.nih.gov/compound/74483#section=Use-Classification
https://pubchem.ncbi.nlm.nih.gov/compound/74483#section=NORMAN-Suspect-List-Exchange-Classification&fullscreen=true
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But what do we do with all this information?

Image: https://www.wikidata.org/wiki/Wikidata:Main_Page

https://www.wikidata.org/wiki/Wikidata:Main_Page
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MetFrag – Adding RT + MetaData

Ruttkies, Schymanski, Wolf, Hollender, Neumann (2016) J. Cheminf., 2016, DOI: 10.1186/s13321-016-0115-9

2010 => 2016

5 ppm

0.001 Da

mz [M-H]-

213.9637

ChemSpider

or

PubChem± 5 ppm

RT: 4.54 min

355 InChI/RTs

References

External Refs

Data Sources

RSC Count

PubMed Count  

Suspect Lists

MS/MS

134.0054   339689

150.0001    77271

213.9607   632466

Elements: C,N,S

S OO

OH

https://doi.org/10.1186/s13321-016-0115-9
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Connecting multiple lines of evidence for identification

Data: Schymanski et al 2014, DOI: 10.1021/es4044374; https://www.slideshare.net/EmmaSchymanski/small-molecules-in-big-data-analytica-munich

http://pubs.acs.org/doi/abs/10.1021/es4044374
https://www.slideshare.net/EmmaSchymanski/small-molecules-in-big-data-analytica-munich
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State of the Art in Small Molecule Identification

Schymanski et al, 2017, J Cheminf., DOI: 10.1186/s13321-017-0207-1 www.casmi-contest.org

Metadata is critical to improving annotation of known unknowns!

https://link.springer.com/article/10.1186/s13321-017-0207-1
http://www.casmi-contest.org/
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McEachran et al. 2018, DOI: 10.1186/s13321-018-0299-2; Schymanski & Williams, 2017 ES&T DOI: 10.1021/acs.est.7b01908

“MS-ready” Form for MetaData in MetFrag

https://doi.org/10.1186/s13321-018-0299-2
https://pubs.acs.org/doi/abs/10.1021/acs.est.7b01908
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US EPA ENTACT Trial (2016-18)

Elin Ulrich et al. 2018, https://www.epa.gov/sites/production/files/2018-06/documents/comptox_cop_6-28-18.pdf

with and

85-96 % coverage over both modes 

o High potential for successful automated identification

o Mixes 499-506: 83-91 % Level 1 IP4.5

Mix 499 500 501 502 503 504 505 506 507 508

Total Present 95 95 95 95 185 185 365 365 95 365*

Pos

Level1, IP4.5 82 82 86 79 159 160 321 316 40 139

 - In both modes 33 22 31 20 49 42 112 93 15 59

Level1, IP2 1 1 0 2 1 0 5 8 1 1

 - In both modes 0 0 0 0 0 0 0 0 0 0

Level 3 2 2 0 0 4 0 18 2 50 190

ND or <5E5 10 10 9 14 21 25 21 38 4 27

% Level 1 IP4.5 86% 86% 91% 83% 86% 86% 88% 87% 42% 38%

% Level 1 IP4.5 and 2 87% 87% 91% 85% 86% 86% 89% 89% 43% 38%

% All Levels 89% 89% 91% 85% 89% 86% 94% 89% 96% 90%

%NDs 11% 11% 9% 15% 11% 14% 6% 10% 4% 7%

%Level1 IP4.5 Both 35% 23% 33% 21% 26% 23% 31% 25% 16% 16%

Mix 499 500 501 502 503 504 505 506 507 508

Total Present 95 95 95 95 185 185 365 365 95 365*

Pos

Level1, IP4.5 82 82 86 79 159 160 321 316 40 139

 - In both modes 33 22 31 20 49 42 112 93 15 59

Level1, IP2 1 1 0 2 1 0 5 8 1 1

 - In both modes 0 0 0 0 0 0 0 0 0 0

Level 3 2 2 0 0 4 0 18 2 50 190

ND or <5E5 10 10 9 14 21 25 21 38 4 27

% Level 1 IP4.5 86% 86% 91% 83% 86% 86% 88% 87% 42% 38%

% Level 1 IP4.5 and 2 87% 87% 91% 85% 86% 86% 89% 89% 43% 38%

% All Levels 89% 89% 91% 85% 89% 86% 94% 89% 96% 90%

%NDs 11% 11% 9% 15% 11% 14% 6% 10% 4% 7%

%Level1 IP4.5 Both 35% 23% 33% 21% 26% 23% 31% 25% 16% 16%

https://www.epa.gov/sites/production/files/2018-06/documents/comptox_cop_6-28-18.pdf
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Automated Level Assignment for THS NTs

TIBP well documented in dust, e.g. Rostkowski et al 2019 DOI: 10.1007/s00216-019-01615-6 and DOI: 10.5281/zenodo.2653206

Approaching automatic assignment of confidence levels

Quick, high throughput prioritization for data reacquisition

Level 1

Target

Level 2

MSMS Match

Level 3

Tentative ID

Level 5

No MS/MS

Schymanski, Torres & Ramirez. (2019, May). Zenodo DOI: 10.5281/zenodo.3046373

https://link.springer.com/article/10.1007/s00216-019-01615-6
https://doi.org/10.5281/zenodo.2653206
http://doi.org/10.5281/zenodo.3046373
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Image: https://www.wikidata.org/wiki/Wikidata:Main_Page

Analytical Challenges for 

Non-target Screening

…and a few ideas to help solve them

https://www.wikidata.org/wiki/Wikidata:Main_Page
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ENTACT Observation: MS/MS for co-eluting peaks

Identical retention time for reference standards … “combined” match value

Still a challenge for automating NTS
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Isobars in Automated Screening

NORMAN Digital Sample Freezing Platform Image provided by Nikiforos Alygizakis

Joint Black Sea Survey 2016
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Separating/Identifying Co-eluting Peaks - HDX

o Hydrogen Deuterium Exchange

Ruttkies, Schymanski, et al. 2019, Anal. Bioanal. Chem. (Paper in Forefront). DOI: 10.1007/s00216-019-01885-0

https://doi.org/10.1007/s00216-019-01885-0
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Hydrogen Deuterium Exchange

Ruttkies, Schymanski, et al. 2019, Anal. Bioanal. Chem. (Paper in Forefront). DOI: 10.1007/s00216-019-01885-0

o Evaluated on 762 compounds of environmental interest

• See reference below for more

o Example with Metformin

https://doi.org/10.1007/s00216-019-01885-0
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Ion Mobility Separation

Images provided by Randolph Singh, LCSB-ECI

18.25

17.22

18.40

16.60
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Image: https://www.wikidata.org/wiki/Wikidata:Main_Page

Data Challenges for 

Non-target Screening

…and a few ideas to help solve them

https://www.wikidata.org/wiki/Wikidata:Main_Page
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Empowering MetFrag for a Broader Audience
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New MetaData: Disease-Specific Reference Counts

Schymanski et al. (Perspective) Environ. Sci.: Processes Impacts, 2019, DOI: 10.1039/C9EM00068B [cover image]

https://comptox.epa.gov/dashboard/chemical_lists/litminedneuro

https://doi.org/10.1039/2050-7895/2013
https://doi.org/10.1039/C9EM00068B
https://comptox.epa.gov/dashboard/chemical_lists/litminedneuro
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New MetaData: Disease-Specific Reference Counts
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Beyond “just” Suspect Lists: KEMI Metadata Scores
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Beyond “just” Suspect Lists: KEMI Metadata Scores
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The 103 million Challenge … 

500 masses ≈ 2-3 hrs with CompTox or 2-3 DAYS with PubChem

Bolton & Schymanski (2020). PubChemLite tier0 and tier1 

(Version PubChemLite.0.2.0) DOI: 10.5281/zenodo.3611238

PubChemLite tier0: 316 K

PubChemLite tier1: 360 K

103 million … OR …

the most relevant / annotated?

https://doi.org/10.5281/zenodo.3611238
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The 103 million Challenge … 
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Evaluating PubChemLite

o 103 M => 300 K … how does this influence performance?

MetFragRL, PubChem 2016

MS/MS only (n=473)

MetFragRL, PubChem 2016

MS/MS + Metadata (n=1298)

MetFragRL, PubChemLite tier0

MS/MS, Ref, Patents, FPSum (n=1298)

MetFragRL, PubChemLite tier1

MS/MS, Ref, Patents, FPSum (n=1298)

70=>80 %

MetFragRL: Ruttkies et al. (2016) DOI: 10.1186/s13321-016-0115-9

Bolton, Schymanski et al., in prep. + 

Bolton & Schymanski (2020). PubChemLite tier0 and tier1, DOI: 10.5281/zenodo.3611238

https://link.springer.com/article/10.1186/s13321-016-0115-9
https://doi.org/10.5281/zenodo.3611238
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Transformation Products: Filling the Data Gaps!
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Take Home Messages

o Over 60 % of 

HR-MS peaks 

are potentially 

relevant but 

unknown
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Take Home Messages

o Over 60 % of HR-MS peaks are potentially relevant but unknown

o Annotating unknowns requires data and evidence from many different sources

o Many excellent workflows available to collate this information

o Incorporation of all available metadata is critical to success!
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Take Home Messages

o Over 60 % of HR-MS peaks are potentially relevant but unknown

o Annotating unknowns requires data and evidence from many different sources

o Non-target Screening is “Ready to go”!

o Community efforts contribute greatly to improved cross-annotation

o Information in the public domain helps everyone!

o You never know when it will help you 
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Further Information:

https://massbank.eu/MassBank/

https://ipb-halle.github.io/MetFrag/

https://www.norman-network.com/nds/SLE/

https://wwwen.uni.lu/lcsb/research/

environmental_cheminformatics

mailto:emma.schymanski@uni.lu
https://massbank.eu/MassBank/
https://ipb-halle.github.io/MetFrag/
https://www.norman-network.com/nds/SLE/
https://wwwen.uni.lu/lcsb/research/environmental_cheminformatics
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