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Intro & Credits!
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team

ECI @ LCSB



Background: Identification with HR-MS

Helmus et al (2021). patRoon. J. Cheminformatics. DOI: 10.1186/s13321-020-00477-w

https://doi.org/10.1186/s13321-020-00477-w


Mod. from Escher et al (2020). Science. DOI: 10.1126/science.aay6636

The Problem: Which chemicals are relevant? How to find them?

180 million

111 million

110 million

883,000

113,000
Source: ESO/IDA/Danish 1.5 m http://www.eso.org/public/images/potw1015a/

http://science.sciencemag.org/content/367/6476/388
http://www.eso.org/public/images/potw1015a/


Background: High Resolution Mass Spec & Cheminformatics

1 10 100 1000 10000  100000 1 million 1 billion chemicals …. …. ….

Schymanski et al. (2014) DOI: 10.1021/es4044374; Vermeulen et al. (2020) DOI: 10.1126/science.aay3164

Sample

High resolution 
mass spectrometry

Chemicals

AND connecting
chemical knowledge

http://pubs.acs.org/doi/abs/10.1021/es4044374
http://science.sciencemag.org/content/367/6476/392


Identification Strategies and Confidence in NT-HRMS(/MS)

Peak 
picking

Non-target HR-MS(/MS) Acquisition

Target
Screening

Suspect
Screening

Non-target
Screening

Target list Suspect list

Peak picking or XICs

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

https://doi.org/10.1021/es5002105
https://doi.org/10.1007/s00216-015-8681-7


Identification Strategies and Confidence in NT-HRMS(/MS)
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Schymanski et al, 2014, ES&T. DOI: 10.1021/es5002105 & Schymanski et al. 2015, ABC, DOI: 10.1007/s00216-015-8681-7

https://doi.org/10.1021/es5002105
https://doi.org/10.1007/s00216-015-8681-7


Key Challenge: MS and MS/MS alone is not enough!

5 ppm
0.001 Da

mz [M-H]-

213.9637
± 5 ppm

MS/MS
134.0054   339689
150.0001    77271
213.9607   632466

Ranked Candidates

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

https://doi.org/10.1186/s13321-016-0115-9


Key Challenge: MS and MS/MS alone is not enough!

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

MetFragRL 2016
MS/MS only (n=473)

0 20 40 60 80 100%

Schymanski, Kondic, Neumann, Thiessen, Zhang & Bolton (2021) J. Cheminf., DOI: 10.1186/s13321-021-00489-0

https://doi.org/10.1186/s13321-016-0115-9
https://doi.org/10.1186/s13321-021-00489-0


Key Challenge: MS and MS/MS alone is not enough!

MetFrag + PubChem + Formula Search + https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag

https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag


Status Quo in 2016: MetFrag Relaunched …

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


MetFragRL + PubChem + MS/MS + Metadata

• Adding literature, references & RT boosts to ~71 % rank 1!

Ruttkies, Schymanski, Wolf, Hollender, Neumann (2016) J. Cheminf., DOI: 10.1186/s13321-016-0115-9
Schymanski, Kondic, Neumann, Thiessen, Zhang & Bolton (2021) J. Cheminf., DOI: 10.1186/s13321-021-00489-0

MetFragRL 2016
MS/MS only (n=473)

MetFragRL 2016
MS/MS + Metadata (n=1298)

0 20 40 60 80 100%

https://doi.org/10.1186/s13321-016-0115-9
https://doi.org/10.1186/s13321-021-00489-0


MetFragRL + PubChem + MS/MS + Metadata

MetFrag + PubChem + Formula + MoNA + SusDat + Pat + Refs + https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag

BUT …databases grow … ID performance drops 
… and run times rise … (a lot!) 

https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag


Problem: Exposomics “Chemical Space” is too big! 

180 million 111 million 110 million

Candidates with high information content

Candidates with low information content

883,000



Can we break down                     into useful bits? 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://pubchem.ncbi.nlm.nih.gov/compound/
Furathiocarb#section=Agrochemical-Information

https://link.springer.com/article/10.1186/s13321-016-0115-9
https://pubchem.ncbi.nlm.nih.gov/compound/Furathiocarb#section=Agrochemical-Information


Introducing … 

~370,000 entries “small”

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://link.springer.com/article/10.1186/s13321-016-0115-9


Introducing … 

~370,000 entries “small”

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

Collapsed by InChIKey First Block (skeleton)
and by presence of annotation content

https://link.springer.com/article/10.1186/s13321-016-0115-9


MetFragRL + PubChemLite: tailor-made database + metadata

MetFrag+PubChemLite+Formula+MoNA+SusDat+Pat+Refs+Anno + https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag

PubChemLite v0.2.0

https://massbank.eu/MassBank/RecordDisplay.jsp?id=EQ300804&dsn=Eawag


How does PubChemLite perform?

• ~110 M => ~300 K … how does this influence performance?

Ruttkies, Schymanski, Wolf, Hollender, Neumann (2016) J. Cheminf., DOI: 10.1186/s13321-016-0115-9
Schymanski, Kondic, Neumann, Thiessen, Zhang & Bolton (2021) J. Cheminf., DOI: 10.1186/s13321-021-00489-0

MetFragRL 2016
MS/MS only (n=473)

MetFragRL 2016
MS/MS + Metadata (n=1298)

0 20 40 60 80 100%

tier0, MetFragRL
MS/MS, Ref, Patents, FPSum (n=1298)

tier1, MetFragRL
MS/MS, Ref, Patents, FPSum (n=1298)

https://doi.org/10.1186/s13321-016-0115-9
https://doi.org/10.1186/s13321-021-00489-0
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https://doi.org/10.1186/s13321-016-0115-9
https://doi.org/10.1186/s13321-021-00489-0


Expert Knowledge: NORMAN Database System
https://www.norman-network.com/nds/

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


Mass Spectral Libraries: MassBank (Open Source & Data!)
https://massbank.eu/MassBank/ https://github.com/MassBank/MassBank-data/

https://massbank.eu/MassBank/
https://github.com/MassBank/MassBank-data/


Expert Knowledge: NORMAN Suspect List Exchange (>80 lists!)

>80 individual contributions!

https://www.norman-network.com/nds/SLE/ https://zenodo.org/communities/norman-sle
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https://www.norman-network.com/nds/SLE/
https://zenodo.org/communities/norman-sle


Filling Gaps: Integrating NORMAN-SLE
https://www.norman-network.com/nds/SLE/ => https://pubchem.ncbi.nlm.nih.gov/source/23819

https://www.norman-network.com/nds/SLE/
https://pubchem.ncbi.nlm.nih.gov/source/23819


Filling Gaps: Integrating NORMAN-SLE
NORMAN-SLE Classification: https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101

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


Assessing the Missing Entries in 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

PubChemLite tier0 18 Nov 2019
MS/MS, Ref, Patents, FPSum (n=977)

PubChemLite tier0 14 Jan 2020
MS/MS, Ref, Patents, Anno (n=977)

0% 20 40 60 80 100%

https://link.springer.com/article/10.1186/s13321-016-0115-9


Transformation Products: Filling the Data Gaps!

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://link.springer.com/article/10.1186/s13321-016-0115-9


Transformation Products: Filling the Data Gaps!

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://link.springer.com/article/10.1186/s13321-016-0115-9


Assessing the Missing Entries in 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

PubChemLite tier0 18 Nov 2019
MS/MS, Ref, Patents, FPSum (n=977)

PubChemLite tier0 14 Jan 2020
MS/MS, Ref, Patents, Anno (n=977)

PubChemLite tier0 22 May 2020
MS/MS, Ref, Patents, Anno (n=977)

PubChemLite tier0 12 Jun 2020
MS/MS, Ref, Patents, Anno (n=977)

0% 20 40 60 80 100

https://link.springer.com/article/10.1186/s13321-016-0115-9


Influence of the Annotation Content in 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://link.springer.com/article/10.1186/s13321-016-0115-9


Influence of the Annotation Content in 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

>90%

https://link.springer.com/article/10.1186/s13321-016-0115-9


Influence of the Annotation Content in 

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

>90% of (well known) entries are Top 1 rank
>97% are Top 2 … 100 % Top 3 … 

Can we do even better?

https://link.springer.com/article/10.1186/s13321-016-0115-9


MetFrag Example: Isobars, Metadata & Measured Data
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Schymanski et al. 2015, ABC, 
DOI: 10.1007/s00216-015-8681-7

https://doi.org/10.1007/s00216-015-8681-7


MetFrag Example: Isobars, Metadata & Measured Data

Joint Black Sea 
Survey 2016

Image provided by Nikiforos Alygizakis. DSFP: Alygizakis et al, 2019, TrAC, DOI: 10.1016/j.trac.2019.04.008

Two very common
isomers … 

https://doi.org/10.1016/j.trac.2019.04.008


MetFrag & Measured Data – Retention Time and logP



MetFrag & Measured Data – Retention Time and logP



MetFrag & Measured Data – Retention Time and logP

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9 and https://massbank.eu/MassBank/RecordDisplay?id=EA067112

Fragmenter Score = 0.68
Spectral Match = 0.2976
Retention Time = 0.7 (of 1)

Fragmenter Score = 1.0
Spectral Match = 1.000
Retention Time = 0.7 (of 1)

Fragmenter Score = 0.4
Spectral Match = 0, 
Retention Time = 0.99 (of 1)

https://link.springer.com/article/10.1186/s13321-016-0115-9
https://massbank.eu/MassBank/RecordDisplay?id=EA067112


MetFrag & Measured Data – Retention Time and logP

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9 and https://massbank.eu/MassBank/RecordDisplay?id=EA067112

Fragmenter Score = 0.68
Spectral Match = 0.2976
Retention Time = 0.7 (of 1)

Fragmenter Score = 1.0
Spectral Match = 1.000
Retention Time = 0.7 (of 1)

Fragmenter Score = 0.4
Spectral Match = 0
Retention Time = 0.99 (of 1)

https://link.springer.com/article/10.1186/s13321-016-0115-9
https://massbank.eu/MassBank/RecordDisplay?id=EA067112


MetFrag & Measured Data – Retention Time and logP

Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9 and https://massbank.eu/MassBank/RecordDisplay?id=EA067112

https://link.springer.com/article/10.1186/s13321-016-0115-9
https://massbank.eu/MassBank/RecordDisplay?id=EA067112


“   … plus CCSbase!

Ross, D. H., Cho, J. H. & Xu, L. Anal. Chem. (2020). DOI: 10.1021/acs.analchem.9b05772.

https://pubs.acs.org/doi/10.1021/acs.analchem.9b05772


“   … plus CCSbase!

Ross, D. H., Cho, J. H. & Xu, L. Anal. Chem. (2020). DOI: 10.1021/acs.analchem.9b05772.
LCSB-ECI, PubChem Team, Xu Lab CCSbase team. (2021). DOI: 10.5281/zenodo.4456208

https://pubs.acs.org/doi/10.1021/acs.analchem.9b05772
http://doi.org/10.5281/zenodo.4456208


Isobars: MetFrag + PubChemLite + CCSbase

Ross, D. H., Cho, J. H. & Xu, L. Anal. Chem. (2020). DOI: 10.1021/acs.analchem.9b05772.
LCSB-ECI, PubChem Team, Xu Lab CCSbase team. (2021). DOI: 10.5281/zenodo.4456208
Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://pubs.acs.org/doi/10.1021/acs.analchem.9b05772
http://doi.org/10.5281/zenodo.4456208
https://link.springer.com/article/10.1186/s13321-016-0115-9


Isobars: MetFrag + PubChemLite + CCSbase

CCS (pred) = 143.7
CCS (exp) = 144.71 (UJI) 

CCS (pred) = 141.9
CCS (exp) = 143 (UJI) 
CCS (exp) = 142.09 (CCSbase) 

CCS (pred) = 142.2
CCS (exp) = 150 (CCSbase) 

CCS values all [M+H]+

LCSB-ECI, PubChem Team, Xu Lab CCSbase team. (2021). DOI: 10.5281/zenodo.4456208

http://doi.org/10.5281/zenodo.4456208


Incorporating CCS in Confidence Level Scheme

Level 1. Confirmed structure with IP 
by reference standard

CCS
(≤ 2%)

RT
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Celma, Sancho, Schymanski, Fabregat-Safont, Ibáñez, Goshawk, Barknowitz, Hernández & Bijlsma (2020) ES&T. DOI: 10.1021/acs.est.0c05713.

https://dx.doi.org/10.1021/acs.est.0c05713


“   … plus CCSbase!

Ross, D. H., Cho, J. H. & Xu, L. Anal. Chem. (2020). DOI: 10.1021/acs.analchem.9b05772.
Schymanski et al. (2021) JCheminform. DOI: 10.1186/s13321-016-0115-9

https://pubs.acs.org/doi/10.1021/acs.analchem.9b05772
https://link.springer.com/article/10.1186/s13321-016-0115-9


CCS Values in 

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=106

PubChem Annotations SLE Lists S50, S61, S79 CCSbase

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=106


CCS Values in 
PubChem Annotations SLE Lists S50, S61, S79 CCSbase

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=106

https://pubchem.ncbi.nlm.nih.gov/classification/#hid=106


CCS Values in 

https://pubchem.ncbi.nlm.nih.gov/compound/2256#section=Collision-Cross-Section
https://pubchem.ncbi.nlm.nih.gov/compound/2554#section=Collision-Cross-Section

PubChem Annotations SLE Lists S50, S61, S79 CCSbase

https://pubchem.ncbi.nlm.nih.gov/compound/2256#section=Collision-Cross-Section
https://pubchem.ncbi.nlm.nih.gov/compound/2554#section=Collision-Cross-Section


Calculated CCS Values in                      ???? 

https://pubchem.ncbi.nlm.nih.gov/compound/2256#section=Collision-Cross-Section
https://pubchem.ncbi.nlm.nih.gov/compound/2554#section=Collision-Cross-Section

https://pubchem.ncbi.nlm.nih.gov/compound/2256#section=Collision-Cross-Section
https://pubchem.ncbi.nlm.nih.gov/compound/2554#section=Collision-Cross-Section


“Take home” Messages

• Introduction to HR-MS, cheminformatics and 
identification confidence level scheme

• Identification with MetFrag and PubChemLite
oMass spectral libraries help deliver Level 2a IDs
oAnnotation content is extremely powerful in 

assisting interpretation

• Measured data is critical!
o log P / retention time can be integrated
oCollision Cross Section (CCS) integration available

• Help contribute by adding your knowledge!
Schymanski et al. (2021) DOI: 10.1186/s13321-016-0115-9

https://link.springer.com/article/10.1186/s13321-016-0115-9


Expert Knowledge is YOUR Knowledge!

• Help us help you!  Add data with FAIR templates
Chemical Structures

Transformations

Schymanski & Bolton (2021) FAIR Chemical Structures. J. Cheminform. DOI: 10.1186/s13321-021-00520-4

https://ftp.ncbi.nlm.nih.gov/
pubchem/Other/Submissions/

Schymanski & Bolton (submitted) FAIR-ifying the Exposome: Preprint DOI: 10.5281/zenodo.5495109

https://doi.org/10.1186/s13321-021-00520-4
https://ftp.ncbi.nlm.nih.gov/pubchem/Other/Submissions/
https://doi.org/10.5281/zenodo.5495109


Expert Knowledge is YOUR Knowledge!

• Help us help you!  Add data with FAIR templates
CCS values!

Schymanski & Bolton (2021) FAIR Chemical Structures. J. Cheminform. DOI: 10.1186/s13321-021-00520-4

https://ftp.ncbi.nlm.nih.gov/
pubchem/Other/Submissions/

Schymanski & Bolton (submitted) FAIR-ifying the Exposome: Chemical Structures and Transformations. 
Submitted to Exposome. Preprint DOI: 10.5281/zenodo.5495109

https://ftp.ncbi.nlm.nih.gov/pubchem/Other/Submissions/CCS_Template.csv

https://doi.org/10.1186/s13321-021-00520-4
https://ftp.ncbi.nlm.nih.gov/pubchem/Other/Submissions/
https://doi.org/10.5281/zenodo.5495109
https://ftp.ncbi.nlm.nih.gov/pubchem/Other/Submissions/CCS_Template.csv


Thank you!

… & 
team

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

Slides @ DOI: 10.5281/zenodo.5500083

https://msbi.ipb-halle.de/MetFrag/
https://pubchem.ncbi.nlm.nih.gov/

https://ccsbase.net/
https://wwwen.uni.lu/lcsb/research/
environmental_cheminformatics/

ECI @ LCSB

mailto:emma.schymanski@uni.lu
https://twitter.com/ESchymanski
https://doi.org/10.5281/zenodo.5500083
https://msbi.ipb-halle.de/MetFrag/
https://pubchem.ncbi.nlm.nih.gov/
https://ccsbase.net/
https://wwwen.uni.lu/lcsb/research/environmental_cheminformatics/
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