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Supplemental Methods: Global Data Analysis Procedure 

 

Raw data was converted to .mzML format using msConvert. Feature finding for Feature-Based 

Molecular Networking (FBMN) was accomplished with mzmine (ver. 4.2.0). Mass detection 

thresholds of 1E5 for MS1 and 1E4 for MS2 were employed. The Chromatogram builder module 

was used to assemble chromatograms with a minimum of 3 consecutive scans, minimum intensity 

of 5E5 for consecutive scans, a minimum height of 1E6 and an m/z tolerance of 5 ppm. This was 

followed by the Local minimum feature resolver with a chromatographic threshold of 10%, a 

minimum search range of 0.1 min, a minimum absolute height of 1E6, a minimum peak top/edge 

ratio of 1.4, a peak duration range of 0.05 to 3 min and a minimum of 5 scans, while MS/MS scans 

were paired using the feature edges, m/z tolerances of 0.005 Da or 10 ppm and a minimum 

relative height of 25%. The 13C isotope filter was used with an m/z tolerance of 5 ppm and a 

retention time tolerance of 0.1 min and a maximum charge of 2. Individual feature lists were 

aligned with the Join aligner using an m/z tolerance of 5 ppm and a retention time tolerance of 

1.7 min (weights = 3/1). The aligned feature list was filtered to contain only features that were 

contained in at least 10 samples and had an assigned MS/MS spectrum. Duplicate features were 

merged using the Duplicate peak filter module with the NEW AVERAGE mode, an m/z tolerance 

of 5 ppm and a retention time tolerance of 1.7 min. The final feature list and associated MS/MS 

spectra file were then exported and uploaded to GNPS2. The files were analyzed through the 

FBMN workflow using precursor and fragment ion tolerances of 0.02. Window and precursor 

window filters were activated, molecular networking was carried out with a minimum cosine of 0.7 

and a minimum of 6 matched fragments. Network topology parameters were set to 10 for Top K 

and 100 for the maximum component size. Library search parameters were set to a minimum 

cosine of 0.7 and a minimum of 4 matched fragments. The same parameters were used for both 

ionization modes. The ESI+ FBMN job can be accessed at: 

https://gnps2.org/status?task=61e48c4af96944aeba73f59f0dbd51c2. The ESI- FBMN can be 

accessed at: https://gnps2.org/status?task=88f8fdb9665b42688b53cf560f4e23fd. 

 

Classical Molecular Networking (CMN) was carried out using precursor and fragment ion 

tolerances of 0.02 Da. Window and precursor window filters were activated, molecular networking 

was carried out with a minimum cosine of 0.7, a minimum of 6 matched fragments and a minimum 

cluster size of 10. Network topology parameters were set to 10 for Top K and 100 for the maximum 

component size. Library search parameters were set to a minimum cosine of 0.7 and a minimum 

of 4 matched fragments. The ESI+ CMN job can be accessed at 

https://gnps2.org/status?task=cc2c071be92f428ca85188ae3654ea32 and the ESI- CMN job at 

https://gnps2.org/status?task=b8ad0450cf134dca9932394f856125f1. 

Upset plots were generated with Intervene (https://asntech.shinyapps.io/intervene/) (Khan & 

Mathelier, 2017) and blank removal, PCoA plots and Random Forest Analysis (fixed random seed 

and 100 trees) were carried out using the FBMN-STATS APP (https://fbmn-statsguide.gnps2.org/; 

Kelminal et al., 2024) where data was generally imputed and normalized (TIC normalization). LC-

MS/MS heatmaps and extracted ion chromatograms (XICs) were plotted using the GNPS 

dashboard (https://dashboard.gnps2.org/). All other plots and merging of feature tables based on 

identical matched library IDs were carried out using dedicated python scripts. Processed and 

https://gnps2.org/status?task=61e48c4af96944aeba73f59f0dbd51c2
https://gnps2.org/status?task=88f8fdb9665b42688b53cf560f4e23fd
https://gnps2.org/status?task=cc2c071be92f428ca85188ae3654ea32
https://gnps2.org/status?task=b8ad0450cf134dca9932394f856125f1
https://asntech.shinyapps.io/intervene/
https://fbmn-statsguide.gnps2.org/
https://dashboard.gnps2.org/
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source files as well as python scripts can be accessed at ZENODO 

https://doi.org/10.5281/zenodo.16897529. 

 

Supplemental Tables 

 

Table S1: Final concentrations of study samples 

Sample A A45M A15M A5M M 

Marine DOM [µg/mL] 0 4500 4500 4500 4500 

Algae Extract [µg/mL] 225 225 75 25 0.0 

Internal Standards [µg/mL] 0 0.12 0.12 0.12 0.12 

 

Table S2: Exact masses of internal standards 

Compound Molecular Formula Mass [M+H]+ Mass [M+Na]+ 

Domoic acid  C15H21NO6 312.1442 334.1261 

Kainic acid C10H15NO4 214.1074 236.0893 

Isoxaben C18H24N2O4 333.1809 355.1628 

Irgarol C11H19N5S 254.1434 276.1253 

Imazapyr C13H15N3O3 262.1186 284.1006 

Heroin C21H23NO5 370.1649 392.1468 

Methamphetamine  C10H15N 150.1277 172.1097 

Cocaine C17H21NO4 304.1543 326.1363 

 

  

https://doi.org/10.5281/zenodo.16897529
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Table S3: Overview of LC methods 

 
 

Table S4: Overview of MS methods 
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Table S5: Summary of molecular networking metrics from all datasets. Metrics include the 

presence or absence (✓/✗) of internal standard annotation during classical molecular networking 

(CMN), as well as the number of library ID matches, clustered features (clusters), networked 

nodes, singletons, and annotation rates obtained from both CMN and feature-based molecular 

networking (FBMN). 

 
 

 

 

 

 

 

 

 

 

 

 

 



7 
 

 

Table S6: Important Metabolites for Sample Classification according to sample-set wise 

Random Forest Analyses. 
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Figure S1: XICs of Cocaine for the 15 selected datasets.  
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Figure S2: XICs of Domoic acid for the 15 selected datasets. 
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Figure S3: XICs of Heroin for the 15 selected datasets. 

 



11 
 

 
Figure S4: XICs of Imazapyr for the 15 selected datasets. 



12 
 

 
Figure S5: XICs of Irgarol for the 15 selected datasets.  
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Figure S6: XICs of Isoxaben for the 15 selected datasets.  
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Figure S7: XICs of Kainic acid for the 15 selected datasets.  
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Figure S8: XICs of Methamphetamine for the 15 selected datasets.  
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Figure S9: XICs of Cocaine and Domoic acid for the excluded datasets. 

 
Figure S10: XICs of Heroin and Imazapyr for the excluded datasets. 
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Figure S11: XICs of Irgarol and Isoxaben for the excluded datasets. 

 

 
Figure S12: XICs of Kainic acid and Methamphetamine for the excluded datasets. 
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Figure S13: LC-MS/MS (ESI-) heatmaps and MS/MS placement for a representative sample 

(A45M) for each analyzing laboratory. Datasets from laboratories a–o were selected for 

subsequent unified analysis. 
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Figure S14: MS/MS precursor purity. (A) shows the raincloud plots of the MS/MS precursor 

purity between the different data sets. (weighted percentage of the desired precursor in the 

MS/MS isolation window). The violin shapes depict the full data distribution. The box-and-whisker 

represents the interquartile range, the horizontal line inside the box marks the median purity, and 

the whiskers indicate the range of non-outlier values. (B) shows  scatter plots that display the 

relationship between precursor purity and peak height in a double logarithmic scale, between the 

different datasets.  
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Figure S15: Overview of shared LC-MS/MS features and ubiquity across laboratories. LC-MS/MS 

(ESI+) data was analyzed with Classical Molecular Networking (CMN). (A) UpSet plot illustrating 

the distribution of shared features across laboratories when considering all detected features. (B) 

UpSet plot showing shared feature distributions across laboratories, restricted to the top 1000 

most intense features. (C) Boxplot showing average peak area as a function of the number of 

laboratories in which a feature is observed. (D) Cumulative count of features detected in all 

laboratories, plotted against feature intensity rank.  
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Figure S16: Overview of shared LC-MS/MS features and ubiquity across laboratories. LC-MS/MS 

(ESI-) data was analyzed with Feature Based Molecular Networking (FBMN). (A) UpSet plot 

illustrating the distribution of shared features across laboratories when considering all detected 

features. (B) UpSet plot showing shared feature distributions across laboratories, restricted to the 

top 1000 most intense features. (C) Boxplot showing average peak area as a function of the 

number of laboratories in which a feature is observed. (D) Cumulative count of features detected 

in all laboratories, plotted against feature intensity rank.  
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Figure S17: Overview of shared LC-MS/MS features and ubiquity across laboratories. LC-MS/MS 

(ESI-) data was analyzed with Classical Molecular Networking (CMN). (A) UpSet plot illustrating 

the distribution of shared features across laboratories when considering all detected features. (B) 

UpSet plot showing shared feature distributions across laboratories, restricted to the top 1000 

most intense features. (C) Boxplot showing average peak area as a function of the number of 

laboratories in which a feature is observed. (D) Cumulative count of features detected in all 

laboratories, plotted against feature intensity rank.  
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Figure S18: FBMN–PCoAs (ESI+) of individual laboratories, all sample types. 
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Figure S19: FBMN–PCoAs (ESI-) of individual laboratories, all sample types. 
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Figure S20: CMN–PCoAs (ESI+) of individual laboratories, all sample types. 
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Figure S21: CMN–PCoAs (ESI-) of individual laboratories, all sample types. 
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Figure S22: A) PCoA and PERMANOVA using Bray-Curtis dissimilarity for the Classical Molecular 

Networking analysis (CMN, ESI+). B) for the CMN (ESI+) analysis considering only the top 1000 most 

intense features (by average feature sum); C) for the CMN (ESI+) analysis considering the top 100 features. 

D) PCoA and PERMANOVA using Bray-Curtis dissimilarity for the Classical Molecular Networking analysis 

(CMN, ESI-). E) for the CMN (ESI-) analysis considering only the top 1000 most intense features (by 

average feature sum); F) for the CMN (ESI-) analysis considering the top 100 features. The colors indicate 

the different extracts. The colors indicate the different extracts. 
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Figure S23: A) PCoA and PERMANOVA for the ESI+ Feature-Based Molecular Networking 

analysis (FBMN) without samples A. A) all features ; B) PCoA and PERMANOVA for Classical 

Molecular Networking (CMN) without samples A, all features; C) PCoA and PERMANOVA for the 

FBMN analysis considering the top 1000 features, without samples A; D) PCoA and 

PERMANOVA for the CMN analysis considering the top 1000 features without samples A; E) 

PCoA and PERMANOVA for the FBMN analysis considering the top 100 features, without 

samples A; F) PCoA and PERMANOVA for the CMN analysis considering the top 100 features, 

without samples A. 
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Figure S24: FBMN–PCoAs of individual laboratories, without samples A (ESI+). 
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Figure S25: CMN–PCoAs of individual laboratories, without samples A (ESI+). 
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Figure S26: Random Forest (RF) analysis results of ESI+ features driving sample type clustering 

depicted as an UpSet plot showing the overlap of significant features identified by RF analysis 

across laboratories using feature-based molecular networking (FBMN) without merging of 

features based on identical spectral library annotation. 

 

 

 
Figure S27: Random Forest (RF) analysis of ESI+ features driving sample type clustering. UpSet 

plot showing the overlap of significant features identified by RF analysis across laboratories using 

classical molecular networking (CMN) followed by merging of features based on identical spectral 

library annotation. 

 

 


