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Summary 
 
Microbial communities shape nearly every environment on earth, from the human gut to soil and 
marine ecosystems, through dense networks of chemical interactions. These interactions are 
mediated by metabolites that microbes produce, modify, exchange, or degrade, influencing 
processes such as drug metabolism, nutrient cycling, and host physiology. Untargeted LC-MS/MS 
metabolomics provides a direct window into this chemical layer, yet interpreting the high-
dimensional, sparse, and largely unannotated data remains a major challenge. This thesis 
develops computational approaches that transform raw metabolomics data into mechanistic and 
ecological insight, focusing on three complementary goals: statistical exploration, 
biotransformation inference, and cross-omics integration. 

Chapter 1 presents FBMN-STATS, a statistical workflow that integrates Feature-Based 
Molecular Networking (FBMN) with robust exploratory and differential analyses. Available as R, 
Python, and QIIME 2 workflows and as an interactive web application, FBMN-STATS guides 
users through preprocessing, multivariate and univariate analyses. It provides a reproducible and 
accessible framework for analyzing LC-MS/MS datasets within the GNPS ecosystem. 

Chapter 2 introduces ChemProp2, a method to infer directional chemical relationships from time-
resolved metabolomics data. While FBMN groups structurally related features, it lacks directional 
information. ChemProp2 addresses this by quantifying precursor-product patterns through anti-
correlated temporal trajectories and cascade scoring, revealing multi-step transformation 
pathways. Applied to a gut synthetic community treated with 50 clinical drugs, ChemProp2 
uncovered sequential degradation products and linked several transformations to microbial 
dynamics.  

Chapter 3 extends beyond metabolite-metabolite relationships and links chemical patterns to 
microbial ecology. Because metabolite trajectories are strongly influenced by microbial 
abundance dynamics, we developed CorrOmics to perform scalable, correlation-based 
integration of LC-MS/MS features with microbial profiles. The tool incorporates a target-decoy 
FDR strategy to reduce false positives and supports hierarchical binning to stabilize taxa-level 
interpretation. Benchmarking with a 13-strain synthetic community demonstrated the strengths 
and limitations of correlation-based cross-omics analysis, emphasizing the role of experimental 
design and normalization. 

Together, FBMN-STATS, ChemProp2, and CorrOmics form a cohesive workflow that advances 
metabolomics from statistical exploration to mechanistic inference and ecological integration. All 
tools are openly accessible via GNPS2, with source code provided through the Functional 
Metabolomics Lab GitHub
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Zusammenfassung 
 

Mikrobielle Gemeinschaften prägen nahezu jede Umgebung auf der Erde, vom menschlichen 
Darm über den Boden bis hin zu marinen Ökosystemen, durch dichte Netzwerke chemischer 
Wechselwirkungen. Diese Wechselwirkungen werden durch Metaboliten vermittelt, die Mikroben 
produzieren, modifizieren, austauschen oder abbauen und die Prozesse wie den 
Arzneimittelstoffwechsel, den Nährstoffkreislauf und die Physiologie des Wirts beeinflussen. Die 
nicht zielgerichtete LC-MS/MS-Metabolomik bietet einen direkten Einblick in diese chemische 
Ebene, doch die Interpretation der hochdimensionalen, spärlichen und weitgehend unannotierten 
Daten bleibt eine grosse Herausforderung. Diese Arbeit entwickelt computergestützte Ansätze, 
die rohe Metabolomikdaten in mechanistische und ökologische Erkenntnisse umwandeln, wobei 
der Schwerpunkt auf drei sich ergänzenden Zielen liegt: statistische Untersuchung, Rückschlüsse 
auf die Biotransformation und omicsübergreifende Integration. 

Kapitel 1 stellt FBMN-STATS vor, einen statistischen Workflow, der Feature-Based Molecular 
Networking (FBMN) mit robusten explorativen und differentiellen Analysen integriert. FBMN-
STATS ist als R-, Python- und QIIME 2-Workflow sowie als interaktive Webanwendung verfügbar 
und führt Benutzer durch die Vorverarbeitung sowie multivariate und univariate Analysen. Es 
bietet einen reproduzierbaren und zugänglichen Rahmen für die Analyse von LC-MS/MS-
Datensätzen innerhalb des GNPS-Ökosystems. 

Kapitel 2 stellt ChemProp2 vor, eine Methode zur Ableitung gerichteter chemischer Beziehungen 
aus zeitaufgelösten Metabolomikdaten. Während FBMN strukturell verwandte Merkmale 
gruppiert, fehlen ihm gerichtete Informationen. ChemProp2 behebt dieses Problem, indem es 
Vorläufer-Produkt-Muster durch antikorrelierte zeitliche Verläufe und Kaskadenbewertung 
quantifiziert und so mehrstufige Umwandlungswege aufzeigt. Angewandt auf eine synthetische 
mikrobielle Gemeinschaft, die mit 50 klinischen Medikamenten behandelt wurde, deckte 
ChemProp2 sequenzielle Abbauprodukte auf und verband mehrere metabolische 
Umwandlungen mit der mikrobiellen Dynamik.  

Kapitel 3 geht über die Beziehungen zwischen Metaboliten hinaus und verbindet chemische 
Muster mit der mikrobiellen Ökologie. Da die Trajektorien von Metaboliten stark von der Dynamik 
der mikrobiellen Abundanz beeinflusst werden, wurde CorrOmics entwickelt, um eine 
skalierbare, korrelationsbasierte Integration von LC-MS/MS-Merkmalen mit mikrobiellen Profilen 
durchzuführen. Das Tool beinhaltet eine Target-Decoy-FDR-Strategie zur Reduzierung von 
Fehlalarmen und unterstützt hierarchisches Binning zur Stabilisierung der Interpretation auf Taxa-
Ebene. Ein Benchmarking mit einer synthetischen Gemeinschaft aus 13 Stämmen zeigte die 
Stärken und Grenzen der korrelationsbasierten Cross-Omics-Analyse auf und unterstrich die 
Bedeutung von Versuchsdesign und Normalisierung. 

Zusammen bilden FBMN-STATS, ChemProp2 und CorrOmics einen zusammenhängenden 
Computer gestützten Arbeitsablauf, der die Metabolomik von der statistischen Untersuchung zur 



 14 

mechanistischen Schlussfolgerung und ökologischen Integration weiterentwickelt. Alle Tools sind 
über GNPS2 frei zugänglich, der Quellcode wird über das Functional Metabolomics Lab GitHub 
bereitgestellt.
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Chapter 1 
 

General Introduction 

1.1 Microbial Communities as Drivers of Life and Chemistry 

Microorganisms rarely exist in isolation. Instead, they assemble into highly interactive intra- and 
inter-species communities that inhabit nearly every environment on Earth1. Through processes 
such as metabolite exchange, cross-feeding, signaling, and co-metabolism, these communities 
continually modify their surroundings and fundamentally enable ecosystem function2. As such, 
microbial communities and the chemical dynamics among them, drive major terrestrial and marine 
biogeochemical cycles, including carbon, nitrogen, and sulfur cycling, that underpin global 
ecosystem productivity and climate regulation3,4. 

In human host-associated systems, microbial communities play equally essential roles, 
modulating immune development, digesting complex nutrients, and influencing metabolic and 
inflammatory disease risk5–8. When this balance is disrupted, a state known as dysbiosis, 
microbial composition and function can shift in harmful ways, increasing susceptibility to infection, 
inflammation, and disease9. Dysbiosis can arise from many intrinsic and extrinsic factors, 
including antibiotics, other medications, pathogenic infections, diet changes, stress, and 
underlying health conditions. These stressors may cause temporary, long-term, or even 
permanent microbiome shifts such as changes in community structure, reduced diversity, or the 
loss of functionally important microbes. Such changes can alter microbial function and human 
host-microbe interactions, contributing to broader impacts on physiology and disease risk10. 

The metabolites exchanged within these communities often possess potent bioactivities, including 
antibiotic, anticancer, and immunosuppressant properties, underscoring their relevance for 
natural product discovery3,4. Microbial communities also display emergent properties that 
individual species cannot achieve alone, such as degrading complex substrates (e.g., cellulose, 
plastics) or resisting pathogen invasion11–13. 

A central question in the study of microbial systems is how diverse species coexist despite 
differences in their competitive ability. Positive species interactions, where one species provides 
nutrients, detoxifies inhibitory compounds, or physically supports another, has emerged as a key 
stabilizing mechanism14. Understanding these principles is essential for interpreting natural 
ecosystems and for engineering synthetic consortia in medicine, agriculture, and environmental 
applications1,13. 
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1.2 Chemical Communication and Secondary Metabolism 

Microbes constantly sense and reshape their chemical environment. Quorum sensing (QS) 
exemplifies this, where autoinducers accumulate with cell density and initiate coordinated gene 
expression across the population15. Initially studied as a molecular mechanism, QS is now 
recognized as an ecological and evolutionary system involving cooperation, conflict, signaling, 
and chemical manipulation16.  

Beyond QS, microbes produce diverse secondary metabolites, including pigments, alkaloids, 
antibiotics, terpenoids, and toxins, that mediate competition, defense, and cooperation17. These 
metabolites are tightly regulated, often strain-specific, and enriched under nutrient limitation or 
stationary-phase conditions, when microbial growth slows due to resource depletion and stress-
response pathways become activated18–20. These chemical exchanges play fundamental roles in 
structuring community dynamics and shaping ecological outcomes21. Therefore, to understand 
microbial communities, we must understand their chemistry. 

1.3 Omics approaches to study microbial communities 

Microbial communities shape ecosystem structure, nutrient turnover, biomass productivity, and 
the chemical environment they inhabit. Their interactions such as competitive, cooperative, or 
commensal, drive processes such as nutrient cycling, secondary metabolite exchange, and 
community succession22,23. Modern biology seeks to understand these processes using multi-
omics approaches, where each layer reveals a different aspect of microbial function: genomics 
identifies genetic potential24, transcriptomics displays gene expression, which reflects regulatory 
activity and shows how cells respond to stimuli25, and proteomics quantifies translated/functional 
proteins and their modified proteoforms26. Yet these layers primarily describe what microbes 
could do, not what they are doing. Metabolomics fills this gap by directly observing what microbes 
are doing, what they synthesize, transform, and cross-feed. In other words, metabolomics 
captures the exchanged chemical currency. 

Metabolomics is arguably the most dynamic omics layer, responding rapidly to environmental, 
temporal, and physiological changes27. Its close link to the phenotype makes it powerful yet 
challenging, because metabolite levels are highly context dependent. Since metabolite levels 
reflect the current state of biochemical reactions, they can change within seconds in response to 
nutrient availability, stress, microbial interactions, or disease. This makes the metabolome far 
more sensitive to environmental and temporal variation than other omics layers, such as 
proteomics or transcriptomics, which respond more slowly due to regulatory and biosynthetic 
steps. For example, early metabolic shifts during drug-induced toxicity can appear well before any 
detectable changes in gene or protein expression. Thus, metabolomic measurements capture not 
only which pathways are present but how active they are at that specific moment. Metabolomics 
is primarily studied using mass spectrometry (MS) and nuclear magnetic resonance (NMR)-based 
platforms, with liquid chromatography-tandem mass spectrometry (LC-MS/MS), gas 
chromatography-mass spectrometry (GC-MS), matrix-assisted laser desorption/ionization mass 
spectrometry (MALDI-MS), and high-resolution NMR being the most widely applied28,29. Over the 
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past decades, improvements in sensitivity, mass accuracy, chromatographic separation, and 
imaging technologies have greatly expanded the number of detectable metabolites and enabled 
more detailed biochemical profiling. However, the interpretation of these complex and high-
dimensional datasets continues to be a major challenge, especially in untargeted workflows where 
metabolite identification and biological context are often difficult to resolve30–33. 

Untargeted LC-MS/MS is particularly valuable for studying microbial communities because it 
detects thousands of molecular features and enables tracking of metabolic exchange, nutrient 
transformation, and chemical interactions within and between populations, even when many 
molecules remain structurally unknown34–36. However, such untargeted datasets are high-
dimensional and sparse31,37. Thus, computational approaches are indispensable for transforming 
raw LC-MS/MS signals into meaningful biological insight. 

1.4 Interpreting Complex LC-MS/MS Data Through Computational 
Approaches 

1.4.1 Need for Reproducible and Scalable Computational Workflows 

Modern metabolomics increasingly depends on computational infrastructure. Early analyses 
relied on manual spreadsheets, which were labor-intensive and irreproducible. Reproducible 
environments such as R and Python notebooks have transformed biological data analysis38–40. 

Untargeted LC-MS/MS generates thousands of features defined by m/z, retention time, and 
intensity, requiring tools for feature detection, alignment, and annotation41 to extract meaningful 
molecular insights from the data. Feature-Based Molecular Networking (FBMN) on GNPS partially 
addresses this challenge by grouping structurally related metabolites through spectral similarity, 
enabling annotation propagation within molecular families and try to give information about 
distribution of these molecules among variable groups42. However, statistical interpretation of 
FBMN results often remains a bottleneck, particularly when moving from network structure to 
biological insight. 

To bridge this gap, Chapter 2 introduces FBMN-STATS, a reproducible and transparent 
framework that integrates FBMN outputs with downstream statistical analysis. The workflow 
supports preprocessing and exploratory data analysis (EDA), including univariate, multivariate, 
and visualization-driven approaches that help users identify trends, clusters, outliers, and 
biologically relevant patterns before formal hypothesis testing. These analyses are implemented 
through notebooks and an interactive web app, allowing users to move seamlessly from feature 
networking to quantitative interpretation. 
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1.4.2 Statistical Interpretation of Untargeted Metabolomics: From Features to 
Patterns 

EDA refers to the process of getting to know the dataset, visualizing it, checking its structure, 
detecting patterns, and identifying outliers before applying formal statistics. In untargeted 
metabolomics, this first requires careful preprocessing, including blank removal, normalization, 
and imputation, to ensure that observed patterns reflect biology rather than technical noise. Once 
the data are cleaned, multivariate methods such as Principal Component Analysis (PCA) help 
reveal global sample-level structure, clustering, and separation trends. In parallel, univariate tests 
enable hypothesis-driven comparisons to identify individual features that differ significantly 
between conditions. Best-practice guidelines also encourage evaluating effect sizes in addition to 
p-values, as significance alone is not always biologically meaningful43. 

Tools like MetaboAnalyst44 provide powerful statistical capabilities, but they do not integrate 
seamlessly with FBMN outputs or downstream annotation tools like SIRIUS45. FBMN-STATS 
addresses this gap with a unified, reproducible environment that connects structural context with 
statistical patterns. 

1.4.3 From Patterns to Mechanisms: Inferring Biotransformations with ChemProp2 

Statistical analyses reveal which metabolites change across conditions, but not why they change. 
A major challenge in metabolomics is understanding how molecules are transformed or 
connected through biochemical processes27,46. In microbial systems, many abundance shifts arise 
from biotransformations, chemical conversions mediated by microbial enzymes, shaping 
processes such as drug metabolism, nutrient cycling, environment chemistry, and xenobiotic 
turnover47–49. 

These reactions have broad biological and ecological consequences: 
• beneficial conversions, such as transforming dietary components into bioactive 

metabolites50 
• harmful conversions, such as generating toxic intermediates51 
• clinically relevant effects, including microbial inactivation or modification of therapeutic 

compounds52,53 

They are also central to questions such as how gut bacteria metabolize orally administered 
drugs48,54,55, how pesticides reshape soil microbial chemistry56, and how marine ecosystems 
respond chemically to stressors like algal blooms or nutrient shifts57,58. 

While many methods such as PCA, PLS-DA, and differential abundance tests59,60 can detect 
compositional differences between samples, and network-based methods like FBMN42 can group 
structurally related features, but none provides a means to track directionality between 
metabolites. Predictive tools, including machine learning and deep-learning models for drug 
discovery and metabolite prediction61–63 simulate biochemical outcomes but do not extract 
mechanistic relationships directly from experimental time-series data. 
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To bridge this gap, ChemProp2 (Chapter 3) quantifies directional relationships between 
connected features across time. By identifying precursor-product pairs with opposing temporal 
trends, ChemProp2 generates mechanistic hypotheses for microbially or environmentally driven 
transformations. Its cascade-scoring framework further reveals multi-step pathways, shifting 
analysis beyond pattern recognition toward biochemical interpretation. Rather than replacing 
predictive models, ChemProp2 complements them as an intuitive, reproducible, and visually 
interpretable tool for hypothesis generation grounded in empirical data. 

1.4.4 Linking Chemistry to Microbial Ecology: The Need for Multi-Omics Integration 

While ChemProp2 focuses on metabolite-metabolite relationships, biological interpretation 
often requires linking chemistry to community structure. Microbial activity, ecological 
interactions, and environmental gradients frequently shape metabolite trajectories64,65. Thus, 
understanding the biological drivers of these chemical changes requires integrating metabolomics 
with complementary omics layers66,67. Microbiome profiling provides complementary information 
on taxonomic structure and ecological dynamics67. Correlation-based integration offers a 
transparent way to explore metabolite-microbe relationships.  

Positive correlations may arise: 
• when a microbe and metabolite show coordinated responses to the same experimental 

condition, reflecting a shared environmental or experimental driver rather than a direct 
interaction68,69. 

• They can also arise from community-level ecological succession, where both features 
follow similar multi-stage trajectories across the experiment instead of responding to a 
single factor70,71.  

• They may reflect microbial production or release of a metabolite, causing their abundance 
profiles to co-vary through a direct biochemical relationship72,73. 

In contrast, negative correlations may reflect consumption, detoxification, antagonism, or 
opposing ecological niches65,74. However, correlation is not causation and can arise from shared 
external drivers or compositional effects. 

Model-driven multi-omics tools can be powerful75,76, but their complexity often makes results hard 
to interpret at the feature level. A simpler and more intuitive framework is therefore valuable 
compared to the existing complex models. Chapter 4 introduces CorrOmics, a scalable 
correlation-based framework for exploring metabolite-microbe associations. By combining simple 
correlations with a target-decoy FDR strategy, CorrOmics provides an interpretable first layer of 
multi-omics integration. It bridges the gap between chemical transformation mapping (Chapter 3) 
and ecological interpretation of microbial communities. 
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1.5 Software Development and Code Availability 
All three computational tools: FBMN-STATS, ChemProp2, and Corromics, are implemented as 
interactive Streamlit web applications77. Streamlit enables user-friendly, reproducible dashboards 
that allow complex analyses without programming expertise. The full source code for all tools is 
openly available on the Functional Metabolomics Lab GitHub page (https://github.com/Functional-
Metabolomics-Lab/). The web applications are hosted on GNPS2: 

• Chapter 2: FBMN-STATS: https://fbmn-statsguide.gnps2.org/ (v2.0.2) 
• Chapter 3: ChemProp2: https://chemprop.gnps2.org/ (v1.0.1) 
• Chapter 4: Corromics: https://corromics.gnps2.org/ (v1.0.0) 

The thesis is structured into three research chapters that together form a cohesive workflow: 
1. statistical exploration of LC-MS/MS data, 
2. inference of directional chemical transformations, 
3. cross-omics integration of metabolite-microbe relationships. 

 

 

 
 
 

https://github.com/Functional-Metabolomics-Lab/
https://github.com/Functional-Metabolomics-Lab/
https://fbmn-statsguide.gnps2.org/
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Statistical Analysis of Feature-based Molecular Networking 
Results from Non-Targeted Metabolomics Data 
Note: This chapter has been published as: Pakkir Shah, et al., “Statistical analysis of feature-
based molecular networking results from non-targeted metabolomics data,” Nature Protocols, 
2024. 

Abzer K. Pakkir Shah1,2, Axel Walter1,2,3, Filip Ottosson4, Francesco Russo4, Marcelo Navarro-
Diaz2, Judith Boldt1,5,6, Jarmo-Charles J. Kalinski1,7, Eftychia Eva Kontou1,8, James Elofson9, 
Alexandros Polyzois1,10, Carolina González-Marín1,11, Shane Farrell12,13, Marie R. Aggerbeck1,14, 
Thapanee Pruksatrakul1,15, Nathan Chan16, Yunshu Wang16, Magdalena Pöchhacker1,17, Corinna 
Brungs18, Beatriz Cámara19, Andrés Mauricio Caraballo-Rodríguez20, Andres Cumsille19, 
Fernanda de Oliveira21,20, Kai Dührkop22, Yasin El Abiead20, Christian Geibel2, Lana G. 
Graves23,24, Martin Hansen14, Steffen Heuckeroth25, Simon Knoblauch2, Anastasiia Kostenko9, 
Mirte C. M. Kuijpers26, Kevin Mildau1,27,28, Stilianos Papadopoulos Lambidis2, Paulo Wender 
Portal Gomes20, Tilman Schramm2,29, Karoline Steuer-Lodd2,29, Paolo Stincone2, Sibgha Tayyab2, 
Giovanni Andrea Vitale2, Berenike C. Wagner2, Shipei Xing20, Marquis T. Yazzie9, Simone 
Zuffa20,30, Martinus de Kruijff31, Christine Beemelmanns31,32, Hannes Link2, Christoph Mayer2, 
Justin J.J. van der Hooft1,28,33, Tito Damiani18, Tomáš Pluskal18, Pieter Dorrestein20, Jan 
Stanstrup34, Robin Schmid1,18, Mingxun Wang1,16, Allegra Aron1,9, Madeleine Ernst4,#, Daniel 
Petras1,2,29,# 
 

1. Virtual Multi-Omics Laboratory, The Internet 
2. University of Tuebingen, Interfaculty Institute of Microbiology and Infection Medicine, 

Tübingen 72076, Germany 
3. Applied Bioinformatics, Department of Computer Science, University of Tübingen, 

Tübingen, Germany 
4. Section for Clinical Mass Spectrometry, Danish Center for Neonatal Screening, 

Department of Congenital Disorders, Statens Serum Institut, Artillerivej 5, DK-2300 
Copenhagen S, Denmark 

5. Leibniz Institute DSMZ - German Collection of Microorganisms and Cell Cultures, 
Braunschweig, Germany 

6. German Center for Infection Research (DZIF), Partner Site Braunschweig-Hannover, 
Braunschweig, Germany 

7. Department of Biochemistry and Microbiology, Rhodes University, 6140, Makhanda, 
South Africa 



Chapter 2: FBMN-STATS 
 

 22 

8. The Novo Nordisk Foundation for Biosustainability, Technical University of Denmark, 
Kemitorvet 220, 2800 Kongens Lyngby, Denmark 

9. Department of Chemistry and Biochemistry, University of Denver, Colorado 80210, United 
States 

10. Boyce Thompson Institute and Department of Chemistry and Chemical Biology, Cornell 
University, Ithaca, New York 14853, United States 

11. Universidad EAFIT, Carrera 49, Cl. 7 Sur #50, Medellín, Antioquia, Colombia 
12. Bigelow Laboratory for Ocean Sciences, East Boothbay, ME 04544, United States 
13. School of Marine Sciences, Darling Marine Center, University of Maine, Walpole, ME 

04573, United States 
14. Department of Environmental Science, Aarhus University, Frederiksborgvej 399, 4000 

Roskilde, Denmark 
15. National Center for Genetic Engineering and Biotechnology (BIOTEC), National Science 

and Technology Development Agency (NSTDA), Thailand Science Park, Pathum Thani, 
12120, Thailand 

16. University of California Riverside, Department of Computer Science, 900 University Ave, 
Riverside CA, United States 

17. Department of Food Chemistry and Toxicology, University of Vienna, Vienna, Austria 
18. Institute of Organic Chemistry and Biochemistry of the Czech Academy of Sciences, 

Prague, Czech Republic 
19. Laboratorio de Microbiología Molecular y Biotecnología Ambiental, Centro de 

Biotecnología DAL, Universidad Técnica Federico Santa María, Valparaíso, Chile 
20. Skaggs School of Pharmacy and Pharmaceutical Sciences, University of California San 

Diego, 9500 Gilman Dr., San Diego, CA, 92093, United States 
21. Department of Biotechnology, Engineering School of Lorena, University of São Paulo, 

Lorena, São Paulo 12602-810, Brazil 
22. University of Jena, Department of Bioinformatics, Jena, Germany 
23. University of Tuebingen, Department of Environmental Systems Analysis, Tübingen 

72076, Germany 
24. Leibniz Institute of Freshwater Ecology and Inland Fisheries (IGB), Berlin, Germany 
25. Institute of Inorganic and Analytical Chemistry, University of Münster, Münster, Germany 
26. Department of Ecology, Behavior and Evolution, University of California San Diego, 9500 

Gilman Dr., San Diego, CA, 92093, United States 
27. Department of Analytical Chemistry, University of Vienna, Vienna, Austria 
28. Bioinformatics Group, Wageningen University & Research, 6708 PB Wageningen, the 

Netherlands 
29. University of California Riverside, Department of Biochemistry, Riverside, CA, United 

States 
30. Collaborative Mass Spectrometry Innovation Center, Skaggs School of Pharmacy and 

Pharmaceutical Sciences, University of California San Diego, 9500 Gilman Dr., San 
Diego, CA, 92093, United States 

31. Helmholtz Institute for Pharmaceutical Research Saarland (HIPS), Helmholtz Centre for 
Infection Research (HZI), Campus E8, 66123 Saarbrücken, Germany 

32. Saarland University, Saarbrücken 66123, Germany 



Chapter 2: FBMN-STATS 
 

 23 

33. Department of Biochemistry, University of Johannesburg, Johannesburg 2006, South 
Africa 

34. Department of Nutrition, Exercise and Sports, University of Copenhagen, 1958 
Frederiksberg C, Denmark 

 
# Correspondence should be addressed to Madeleine Ernst or Daniel Petras 

2.1 Abstract 
Feature-Based Molecular Networking (FBMN) is a popular analysis approach for LC-MS/MS-

based non-targeted metabolomics data. While processing LC-MS/MS data through FBMN is fairly 

streamlined, downstream data handling and statistical interrogation are often a key bottleneck. 
Especially users new to statistical analysis struggle to effectively handle and analyze complex 

data matrices. In this protocol, we provide a comprehensive guide for the statistical analysis of 

FBMN results, focusing on the downstream analysis of the FBMN output table. We explain the 

data structure and principles of data clean-up and normalization, as well as uni- and multivariate 

statistical analysis of FBMN results. We provide explanations and code in two scripting languages 

(R and Python) as well as the QIIME2 framework for all protocol steps, from data clean-up to 

statistical analysis. All code is shared in the form of Jupyter Notebooks 

(https://github.com/Functional-Metabolomics-Lab/FBMN-STATS). Additionally, the protocol is 

accompanied by a web application with a graphical user interface (https://fbmn-

statsguide.gnps2.org/), to lower the barrier of entry for new users and for educational purposes. 

Finally, we also show users how to integrate their statistical results into the molecular network 

using the Cytoscape visualization tool. Throughout the protocol, we have used a previously 

published environmental metabolomics dataset for demonstration purposes. Together, the 

protocol, code, and web application provide a complete guide and toolbox for FBMN data 

integration, clean-up, and advanced statistical analysis, enabling new users to uncover molecular 

insights from their non-targeted metabolomics data. Our protocol is tailored for the seamless 

analysis of FBMN results from Global Natural Products Social Molecular Networking (GNPS and 

GNPS2) and can be easily adapted to other MS feature detection, annotation, and networking 

tools.  

2.2 Introduction 
The field of metabolomics aims to characterize and quantify the detectable spectrum of small 

molecules in order to catalog and understand the metabolic dynamics within biological 

systems46,78. Phenotypes or environmental factors that distinguish samples within a given set are 

https://fbmn-statsguide.gnps2.org/
https://fbmn-statsguide.gnps2.org/
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often reflected in the chemical profiles of such small molecules across samples. Therefore, the 

characterization of chemical distinctions and gradients between samples provides crucial 

information for describing and understanding molecular mechanisms79,80. Metabolomics studies 

usually employ targeted or non-targeted approaches46. Targeted metabolomics is typically 

hypothesis-driven and aims to quantify known metabolites, often using internal standards and 
experimental methodology optimized for the study. Non-targeted metabolomics, on the other 

hand, aims to detect a maximum number of metabolites in order to comprehensively characterize 

the chemical profiles within a given sample set. 

To uncover molecular insights from non-targeted liquid chromatography tandem mass 

spectrometry (LC-MS/MS) data, several software tools are available that assist with mining and 

annotating metabolites, including feature detection and annotation tools41. FBMN is a popular 

analysis approach that integrates feature-detection tools with molecular networking for metabolite 

annotation and annotation propagation42 in the GNPS cloud ecosystem81. FBMN is routinely 

applied in many biological disciplines, including clinical studies82,83, plant84–86 and environmental 

science32,87–89, as well as microbiome investigations69,90,91 , and the functional analysis of natural 
products92–94. While platforms such as GNPS have improved the way that we identify and 

characterize metabolites, the statistical analysis of non-targeted metabolomics data remains a 

challenge for many researchers. Resources like MetaboAnalyst44,95 provide powerful solutions for 

the statistical analysis of metabolomics data, but lack shareability and transparency as well as 

straightforward means of integration with the complex multi-layer information from FBMN results 

and other downstream annotation tools (e.g., SIRIUS). Most tools and analysis approaches that 

can be used to achieve this are typically custom scripts or different software tools that are 

scattered across different platforms. This makes it especially difficult for users new to the field to 

effectively manage and analyze their data. Moreover, while there are several tools available for 
individual clean-up and analysis steps (see alternative approaches section), there is a lack of 

comprehensive, user-friendly guidance that covers the entire spectrum of data preparation and 

statistical analysis of FBMN results. 

In this protocol, we provide a detailed guide that starts with FBMN results, promoting an end-to-

end pipeline from feature detection, subsequent data clean-up, and statistical analysis to 

spectrum annotation. This step-by-step guide is complemented with ready-made code for the 

popular statistical scripting platforms R and Python, the QIIME2 (Quantitative Insights Into 

Microbial Ecology 2) toolkit (https://github.com/Functional-Metabolomics-Lab/FBMN-STATS), as 

well as a web application with a graphical user interface (GUI) designed to simplify the process 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS
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(https://fbmn-statsguide.gnps2.org/) as well as a downloadable GUI application 

(https://www.functional-metabolomics.com/resources) for new users and educational purposes. 

The protocol can be seamlessly integrated with FBMN results from GNPS (https://gnps.ucsd.edu) 

and GNPS2 (https://gnps2.org). 

 

2.2.1 FBMN from LC-MS/MS Data 
Liquid chromatography-mass spectrometry (LC-MS) is one of the most prominent metabolomics 

techniques, with applications in numerous research fields31,96–98. Specifically, LC coupled with 

tandem mass spectrometry (LC-MS/MS) has been widely used because it provides a broad 

coverage of chemical space allowing for the simultaneous semi-quantitative detection and 
qualitative annotation of many metabolites, including both organic and inorganic compounds, over 

a wide dynamic range30,32,99–101. 

In addition to providing the molecular mass, retention time, and isotopic pattern of a metabolite, 

MS/MS provides structural information about the detected species. This is achieved through the 

fragmentation of precursor ions into product ions and the measurement of their mass-to-charge 

ratios (m/z) and abundances. This can be conducted using Data-Dependent Acquisition (DDA) or 

Data-Independent Acquisition (DIA) methods. DDA involves selecting ions observed in MS1 

survey scans for further fragmentation in subsequent MS/MS scans (See Figure 1). It operates 

by selecting the “top N” peaks in each duty cycle, where “N” is a user-defined number. These 
peaks are chosen based on their intensity in a narrow isolation window and other user-defined 

criteria through an automated process88. Conversely, the DIA method fragments all ions within a 

predefined larger and sequential isolation window during each scan, directing the fragmented ions 

to a high-resolution mass spectrometry analyzer. Consequently, the MS/MS spectra show high 

complexity that demands the use of advanced processing and annotation tools, that have only 

recently become available to the scientific community. To date, most of the non-targeted 

metabolomics studies are performed in DDA mode due to its generation of simpler data and more 

straightforward analysis procedures compared to DIA88. 

https://fbmn-statsguide.gnps2.org/
https://www.functional-metabolomics.com/resources
https://gnps.ucsd.edu/
https://gnps2.org/
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Figure 1: Flowchart of LC-MS/MS-based metabolomics experiment. 1. Data-dependent acquisition of 

MS/MS spectra. 2. Centroiding and file conversion. 3. Feature detection. 4. Feature annotation, network 

propagation, and clustering. 5. Data clean-up, statistical analysis, and visualization (blank removal, 

imputation, normalization, and scaling, followed by data visualization and statistical analysis.) 

The resulting MS/MS spectra of product ions from either method can be used in several ways to 

indicate a candidate structure: 1) via spectral matching against spectral libraries of experimental 

reference spectra or in silico generated spectra102,103; 2) via machine learning-based structural 

predictions using experimental MS/MS-generated molecular fingerprints against structural 
databases104,105; 3) and via de novo structure prediction using molecular structure fingerprint 

prediction combined with neural networks106. 

Non-targeted LC-MS/MS metabolomics is a powerful and versatile research approach that 

enables high-throughput analysis and simultaneous detection of many small molecules, making 

it an excellent method for gaining insights into biological systems (For more information on 

Experimental Design and LC-MS/MS Data Acquisition, refer to Box 1). However, mining the vast 

amount of data created by non-targeted metabolomics experiments remains a challenging task 

despite a range of available resources that guide in the qualitative and quantitative aspects on 

non-targeted metabolomics. Qualitative data exploration has been democratized by platforms 
such as GNPS36, by providing MS reference libraries, data analysis workflows, and compute 

resources for the community. Molecular networking (MN) is GNPS’ core concept and is based on 

the comparison of all MS/MS spectra within a dataset by modification-aware similarity metrics, 
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which network features by their similar fragmentation patterns that are often reflective of structural 

similarity. FBMN42 and Ion Identity Molecular Networking (IIMN)107 add feature detection, 

improving the (semi) quantitative quality within MN results. FBMN builds upon the classical MN 

by harnessing both MS1 information, such as isotope patterns and retention time, and ion mobility 

separation when used. FBMN can distinguish isomers with similar MS/MS spectra, which might 
remain obscured in classical MN, through chromatographic or ion mobility separation. 

IIMN enhances MS/MS-based spectral networks by adding connectivity based on the MS1 feature 

shape correlation. It efficiently tackles the issue of unconnected ion adducts in Molecular 

Networking by connecting ions from the same molecules into groups called ion identity networks 

(IIN). This helps remove redundancy in MS-based metabolomics. 

 
Box 1 - Experimental Design for LC-MS/MS Data Acquisition 
To obtain high-quality and representative LC-MS/MS data, proper planning of the sampling and 
mass spectrometry analysis is essential. While this protocol article focuses on data analysis, the 

integrity and reliability of the results are significantly influenced by meticulous sample handling to 

avoid introducing bias. No single platform is capable of encompassing the entire metabolome. 

Therefore, the selection of an analytical approach should align with the specific research 

objectives and the sample characteristics162. We strongly emphasize the importance of rigorous 

sample preparation for achieving reliable and robust outcomes from the FBMN. For researchers 

new to these types of experiments, we advise seeking guidance from a statistician and analytical 

chemists to guarantee optimal experimental design, instrument performance (e.g., system 

suitability tests), and analysis pipeline. Before proceeding with further processing and statistical 
analysis, raw LC-MS/MS data should be manually inspected by the user163–165. Below, we provide 

a short checklist for guidance: 

● Experimental design and power calculation are crucial when determining the suitable 

number of samples and replicates. In non-targeted metabolomics experiments, it is often 

challenging to predict certain values, like the feature coefficient of variation and the 

expected effect size, which are crucial for estimating the required sample size and the 

power of the study. To navigate this, reviewing previous studies with similar biological 

systems and research questions can provide an approximate estimation of these values. 

As a general rule of thumb, when the effect size is smaller, one might need more samples 

or replicates. 

● Replicates (technical and biological) to measure instrument and biological variance. 
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● System and Process Blanks to identify and correct for contamination that may be 

introduced during the sample collection, preparation, or measurement process. Some 

common blank samples include166 solvent and extraction blanks. A solvent blank consists 

of only the solvent used to dissolve the sample and is used to identify the contaminants 

present in the solvent. Adding this blank periodically in an analytical run reduces carryover. 
Blanks should be added into the same well plates or vials to cover similar contaminations. 

An extraction blank is prepared by adding a known volume of solvent to a blank matrix 

such as water and extracting it the same way as a sample. This extracted blank is 

measured along with the real sample to find the contaminants introduced during the 

extraction process. 

● Control samples, e.g., negative and positive controls. Depending on the experimental 

design, control samples are essential and should be included in the same number as the 

treatment samples. 

● Quality Control (QC) samples are needed to measure instrument performance. These 

can be in the form of pooled QC (for example, a combination of aliquots from each sample) 
or standard mixtures (such as a combination of reference standard chemical compounds 

or isotopically labeled compounds that can also serve as internal standards). These 

mixtures should span a broad chemical spectrum and cover a wide retention time range. 

● Randomization of sample injection order. It is suggested to randomize the injection 

order throughout the samples. However, we recommend injecting blanks at the start of the 

queue to prevent carry-over, which could lead to the removal of actual features from the 

samples during the blank removal step. Depending on the experimental design, it might 

also be useful to select certain sample types with the injection order, e.g., KO (knockout) 

vs. WT (wild type) mutant strains or low vs. high biomass samples, to avoid carryover 
between them. 

● Managing Batch effects: Batch effects are systematic differences in sample 

measurements when samples are run as multiple batches or groups. In most cases, when 

the sample sizes exceed the measurement assay, it is often necessary to measure the 

samples in multiple batches. This might lead to varying mass spectra among the samples 

within a batch and among different batches167. Several factors could contribute to these 

batch effects such as variability in instrument conditions, RT shifts, and gradual 

contamination of LC columns when measuring multiple samples over a long period. These 

are often unavoidable issues, hence it is common to treat these effects post-sample 
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measurement168. To correct these unwanted variations, we first need to identify their 

presence, remove or adjust the variations for further statistical analysis, and assess the 

performance of our method169. See the section on Batch correction for more details. 

● Internal Standards (IS) can be added to every sample to track instrument performance, 

and if desired, quantify predefined metabolites. If no internal standards are available, 
“housekeeping features” such as ubiquitous contaminants or metabolites can be used to 

control for mass and retention time drift. 

2.2.2 FBMN Workflow 
This protocol addresses the downstream analysis of FBMN results from non-targeted 

metabolomics data. This section offers a structured approach leading up to FBMN and prior to 

our statistical workflow. As highlighted in Figure 1, the non-targeted LC-MS/MS analysis 
workflows can be split into five main stages: 

1. Data acquisition; 

2. File conversion with centroiding of the raw data; 

3. Feature detection and an optional ion identity networking; 

4. Feature annotation, which encompasses spectral library matching, in silico spectrum 

annotation, annotation propagation, and spectral clustering methods like spectral networking; 

5. Data refinement, visualization and statistical analysis. 

 

Stages 1 to 4 result in a comprehensive feature table, capturing all detected features (m/z, RT, 
and MS/MS spectra) alongside quantitative information (e.g., peak area) for each sample, 

including the feature annotations. The focus and main work of this article is predominantly on the 

fifth stage, involving the refinement of the feature-sample matrix through cleanup steps such as 

blank removal, imputation, normalization, scaling, and ultimately, data visualization and statistical 

analysis. Accordingly, the emphasis is on guiding users through stage 5, but it is crucial to be 

aware of how the preceding processing can influence results. We encourage users to review the 

protocols outlined in Figure 1 for a comprehensive understanding of the processing stages taken 

to produce the feature table used in our protocol. We will also briefly discuss each stage, as this 

information serves as a foundational starting point for the remainder of the protocol. 

1. Data acquisition 
Data acquisition very much depends on the experiment. Some guidelines on good experimental 

design can be found in Box 1. 
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2. File Conversion 
Raw data acquisition in MS instruments involves first generating spectra in profile mode, also 

called continuous mode typically resulting in a Gaussian shape. In high-resolution instruments, 

each chemical entity is represented by signals of m/z values within a 5-20 ppm window, depending 

on the instrument’s resolution. Researchers with access to vendor-specific software are 
encouraged to examine the raw data directly from these platforms to assess data quality. To 

simplify data for downstream analysis, a process called centroiding or “peak-picking”, is 

employed: This process converts each Gaussian peak in the m/z dimension into a singular peak, 

thereby reducing data complexity. Centroiding can be performed on-the-fly during data 

acquisition, where the profile information is lost, or post-acquisition through file conversion tools 

like the Proteowizard’s msconvert108 or the Thermo dedicated ThermoRawFileParser109. For 

novices, msconvert offers an accessible starting point, supporting binary files from various 

vendors with an intuitive GUI. When selecting the “vendor” option for centroiding in msconvert, 

the algorithm provided by the vendor of the instrument is applied110. Nonetheless, vendor-specific 

tools, such as ThermoRawFileParser, may offer more precise algorithms than msconvert’s 

default, making them preferable for accuracy (refer to Figure 1.2) as they can include the removal 

of flagged, e.g., noise or internal calibrant, signals109. Note that the conversion of vendor-specific 

formats into universally accessible, open formats like ‘mzML’ is often needed for compatibility with 

most feature detection software and to make data accessible without vendor-specific tools. 

3. Feature Detection 

The process of converting raw data from the preceding stage into a table of putative metabolic 

features, along with their relative abundances per sample, involves a pre-processing workflow 

that uses a series of algorithms (See Figure 1.3). The resulting table as shown in Table 1 is 

referred to as a ‘feature quantification table’. Open-source tools such as the R package 

XCMS111 (often used with the package CAMERA112 for feature grouping), MZmine 3113, MS-

DIAL114, or OpenMS115, in addition to vendor-specific tools can be utilized for this purpose. For 

advanced optimization and fine-tuning, multiple tools such as NeatMS116, MetaClean117, and 

mzRAPP118 exist to assess feature quality. 

For the present protocol, we chose MZmine 3 as a feature detection package due to the following 

reasons. First, it provides an interactive and user-friendly GUI that can assist researchers without 

programming skills. Second, harmonized data exchange formats enable its tight integration with 

downstream annotation tools such as GNPS and SIRIUS. Third, MZmine offers a tool (called 

Processing wizard) for the automatic generation of data-processing workflows that can be used 
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by new users as a starting point for parameter optimization119. For detailed descriptions and 

recommendations for processing parameter optimization, we direct the reader to the recently 

published MZmine 3 protocol119 and the software’s online documentation 

(https://mzmine.github.io/mzmine_documentation/index.html, https://mzmine.github.io/). Here, 

we want to emphasize that suboptimal parameters can dramatically impact the quality of the 
resulting feature quantification table and impair all downstream steps. For instance, a feature 

table with more than 20,000 features might significantly prolong or even cause the FBMN process 

to fail. Therefore, during the feature detection phase, distinguishing features from noise is crucial, 

such as ensuring the features fall above the noise threshold. This necessitates particular 

attention, especially from new users at this stage. 

Although the present protocol uses MZmine 3 as feature detection software, users of alternative 

platforms such as MS-DIAL, XCMS, and OpenMS can also integrate their data using their FBMN 

task ID. FBMN accommodates input tables from these platforms, standardizing them for the 

workflow. Utilizing an FBMN ID ensures the feature table automatically conforms to our protocol’s 

requirements. For those inputting data manually, we advise referencing our example dataset to 
understand necessary adjustments, thereby allowing for tailored adaptation of their data to meet 

protocol requirements. 

 
Table 1. Example of a Feature Quantification Table as generated by MZmine. 

The table illustrates how a typical quantification output from MZmine appears. Adducts and charges 
are assigned by running specific modules (de-isotoper and ion identity networking modules) in 
MZmine107,113 

  m/z RT 

(min) 
Adduct Charge Sample 

1 
Sample 
2 

… Sample 
N 

Feature 1   97.1082  4.6  [M+H]+  +1  2.08e07  

9.47e06 
… 3.27e08 

Feature 2  518.3032 2.0  [M+H]+2  +2  1.88e07  

5.56e05 
… 2.11e06 

⁞  ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ 

Feature K   83.1017  1.6 [M+Na]+  +1  4.77e04 8.13e03 …  5.17e09 

 

https://mzmine.github.io/mzmine_documentation/index.html
https://mzmine.github.io/
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4. Feature Annotation, Spectral Networking and Annotation Propagation 

The Metabolomics Standard Initiative (MSI) outlines four levels of metabolite annotation and 

structural identification through mass spectrometry to guide researchers in differentiating the level 

of identification rigor for the reported metabolites120. Level 1 annotations require fully 

characterized compounds such as authentic standards, analyzed under identical conditions as 
the experimental samples. To ensure accurate annotation confidence at level 1 for a feature, it is 

necessary to match two or more independent orthogonal data dimensions to those of an analytical 

standard. These dimensions typically include precursor m/z (MS1), RT, and MS/MS fragmentation 

patterns and significant differences in any of the available data dimensions preclude level 1 

annotation. Generally, a feature is only described as “identified” when a level 1 annotation was 

achieved while for those with lower confidence, the term “annotation” is preferred. 

In the context of tandem mass spectrometry, level 2 confidence is assigned when data are 

confidently matched to reference MS/MS spectra (precursor and fragment m/z values)120, as 

facilitated through e.g., FBMN on GNPS. The assignment of level 2 annotations usually requires 

manual curation of spectral matches, since spectral matching scores are not fool-proof and 
especially scores between spectra of different compounds from classes with high isomerism and 

structural analogism, such as steroids and other terpenoids, can produce highly similar MS/MS 

spectra. Moreover, spectral libraries contain entries with insufficient fragmentation to allow level 

2 annotation, such as matching based on low-intensity fragments and the residual precursor ion. 

Matching to such entries can be avoided by tuning parametrization of the FBMN workflow, such 

as the minimum number of matched fragments and noise level filters, but more stringent 

requirements may lead to losses of acceptable matches. 

Level 3 annotations are given to features for which chemical classes can be inferred through 

molecular network connectivity with other annotated features, analog spectral matching to 
reference MS/MS spectra (rational m/z deviation, high similarity score), or in silico prediction tools 

such as SIRIUS45,105, CSI:FingerID104 or CANOPUS106,121. The results of these approaches can 

be contradictory for the same feature and manual curation is required to maintain good 

confidence. Finally, level 4 refers to unknown features that can be consistently detected (e.g., 

defined m/z value, RT, and MS/MS spectrum), but not annotated to any of the higher levels. 

Feature annotation is essential in mass spectrometry-based metabolomics studies, especially to 

understand the biological significance of the detected features. Feature annotation entails several 

approaches, including database searches, spectral matching, and in silico annotation strategies. 

In silico annotation tools, such as SIRIUS, MS2Query, Network Annotation Propagation (NAP), 
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Dereplicator, and Dereplicator+, predict metabolite identities based on spectral similarities45 and 

can only lead to MSI levels 2, 3 or 4. 

Another popular method that combines feature annotation through spectral similarity scoring with 

visualization is molecular networking (MN), as shown in Figure 1.4. MN elucidates the structural 

relationships between metabolites based on similarities in their fragmentation patterns, 
highlighting potential biological pathways and processes. The utility of MN spans across various 

fields, such as natural products122, agriculture123 , and clinical microbiology124. Using the MS-

Cluster algorithm on the GNPS (https://gnps.ucsd.edu), and GNPS2 (https://gnps2.org) web 

platforms, MN generates a molecular network by calculating spectral similarities between each 

MS/MS spectra pair and provides structural annotations of varying reliability81 by scoring spectral 

similarity against public spectral database entries The .mzML or .mzXML spectra files can be 

analyzed directly on GNPS using the classical MN workflow36 which is based solely on the 

comparison of MS2 spectra in a dataset without any inflow of chromatographic information from 

the MS1 dimension. 

For more precise quantitative insights, FBMN has emerged as a significant advancement by 
incorporating MS1 peak intensities, retention times, isotope patterns, and when applicable, ion 

mobility separation. Consequently, FBMN distinguishes between isomers with near-identical 

fragmentation spectra, but different retention times42 and allows feature peak areas to feed into 

the data exploration. FBMN on the GNPS web platform conveniently accepts the output of feature 

detection and alignment tools such as Mzmine113,125 (see ‘Feature Detection’ above), MS-DIAL114, 

and XCMS111 that assemble feature lists and associate feature fragmentation spectra from raw 

MS/MS data. 

5. Data Refinement, Visualization and Statistical Analysis  

The feature quantification table (see section ‘Feature Detection’ and Table 1), contains a list of 
features, such as m/z and RT values, as well as their relative abundances per sample. This table 

represents the basic dataframe for statistical analyses, which can help reveal distribution patterns 

between sample types and determine which features are responsible for distinguishing between 

them. The challenge lies in prioritizing the important features in a large dataset, considering 

chemical and biological relevance, as well as statistical significance. In part, chemical and 

biological relevance can be understood through the FBMN workflow and our protocol offers a 

toolset to augment an FBMN analysis with information on the statistical significance of feature 

distribution and sample compositions. 

https://gnps.ucsd.edu/
https://gnps2.org/
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To refine the feature quantification table, the protocol involves cleanup steps such as blank 

removal, imputation, normalization, and scaling. After data refinement, we apply multivariate and 

univariate statistical analyses for a deeper exploration of samples. The multivariate techniques 

showcased in our workflow include Principal Coordinates Analysis (PCoA), Hierarchical 

Clustering Analysis (HCA), heatmaps, and Random Forest. The univariate techniques involve 
parametric tests such as Analysis of Variance (ANOVA) and t-tests, as well as non-parametric 

counterparts like the Kruskal-Wallis test. 

PCoA 
Initially, dimensionality reduction techniques like Principal Component Analysis (PCA) and PCoA 

are employed for data exploration and visualization. These unsupervised techniques generate 2- 

or 3-dimensional plots grouping similar samples, despite starting with a high number of 
dimensions (up to thousands of features). The key insight is that only a few top dimensions are 

needed to visualize the most critical data aspects, effectively reducing complexity. This can give 

valuable impressions on the presence of sample clusters and how they relate to metadata 

categories126. 

PCoA is a popular ordination technique used alongside PCA to visualize sample similarities by 

calculating distance matrices between samples. PCoA groups samples based on their 

dissimilarity or distances whereas PCA focuses on their correlation or covariance127. The process 

begins by computing a dissimilarity matrix to capture the sample differences. This matrix is then 

transformed using multidimensional scaling (MDS) to produce a new set of points called Principal 
Coordinates (PCos) in a lower-dimensional space. The distance between samples in these 

coordinates reflects the original sample differences128. It is important to mention that MDS can be 

categorized into metric MDS (as in PCoA) and non-metric MDS127. In this protocol, we focus solely 

on metric MDS. 

Coupled with Permutational Multivariate ANOVA (PERMANOVA), these techniques enable a 

comprehensive exploration of sample similarity by calculating correlations or distance matrices. 

Although not demonstrated in our workflow, t-Distributed Stochastic Neighbor Embedding (t-SNE) 

is another widely used technique for dimension reduction, recognized for its effectiveness in 

managing complex datasets129. For advanced feature extraction in high-dimensional data, tools 
such as Knowledge Discovery by Accuracy Maximization (KODAMA) can be considered. It 

functions as an unsupervised learning algorithm to perform feature extraction from noisy and high-

dimensional data130. 
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PERMANOVA 
In multivariate analysis like PCA, it is crucial to measure confidence in observed relationships or 

separation between objects. This is often achieved via statistical significance tests, which provide 

a p-value as a measure of the confidence level. For ordination techniques that do not assume a 

specific data distribution, parametric statistical testing is not applicable131. In such cases, 

resampling methods such as bootstrap, jackknife132, and permutation tests133 are used to assess 

the statistical confidence of the results. These methods generate multiple samples or 

permutations from original data to estimate variability and assess the significance of observed 

relationships139. 

Alternatively, non-parametric methods such as PERMANOVA can be used134. PERMANOVA 

allows for multivariate ANOVA and tests for differences between object classes. It enables any 
dissimilarity metric and calculates a test statistic by comparing the dissimilarities between objects 

within and between classes. Here, the p-values are determined through permutation131. 

HCA and Heatmaps 
Another unsupervised approach commonly used in metabolomics is the use of hierarchical 

clustering to group samples with similar relative abundance profiles of features. Unlike PCA, 
which focuses on capturing the maximum variance between samples, clustering aims to group 

samples with “similar” profiles. The results are often visualized as dendrograms128. 

The results of such analyses are often visualized as dendrograms in combination with a heatmap. 

This combination is ideal for hypothesis generation by providing an initial data overview. The 

heatmap displays the feature distribution across samples in a two-dimensional plot through cells 

that are colored according to the relative abundances of features in samples, with feature and/or 

sample rows and columns grouped according to their similarity profiles. A dendrogram is drawn 

beside the heatmap to further illustrate the hierarchical relationship between the samples and 

features.  

Compound class ontologies such as ClassyFire135 or NPC136 categorize compounds based on 
shared structural features or biosynthetic origins and serve as high-level annotations of the data. 

CANOPUS121 predicts these compound classes from tandem mass spectrometry data without 

searching in structure databases. Analyzing the distribution and variety of compound classes, 

along with their up- and down-regulation using these data visualization methods, can yield 

biological insights that may not be attainable when solely considering m/z and retention time 

values. 



Chapter 2: FBMN-STATS 
 

 36 

However, caution is advised with unsupervised methods; it’s essential to critically assess the 

clusters and dimensions produced. For instance, heatmaps can help validate clusters by revealing 

inconsistencies or alignments among samples and features. While users typically select the 

number of clusters or dimensions for analysis, heuristic methods exist to suggest optimal 

numbers, though they are not definitive137.  
In addition to that, traditional cluster heatmaps also have limitations. Their data representation in 

two-dimensional format can be restrictive when processing complex multidimensional data. 

Furthermore, their static nature does not allow for data to be sorted along different axes, filtered, 

or focused on specific elements, making the representation of a vast number of elements quite 

challenging. Regardless of these limitations, heatmaps are preferred in biological and biomedical 

data representation because their visual format simplifies data interpretation and comparison. To 

overcome these limitations, more advanced versions such as XCMS interactive heatmaps are 

available that offer a more versatile and dynamic data visualization experience138. For further 

details on applying these unsupervised and supervised methods, including their advantages and 

limitations, refer to the respective sections under ‘Procedure’. 

Supervised Classification: RF 
We use Random Forest (RF) as a key supervised classification technique in this protocol. While 

previously discussed unsupervised methods allows for the discovery of groups or trends in the 

data without prior assumptions about predetermined labels or categories, supervised analysis 

uses labeled data to guide the analysis toward specific objectives such as biomarker discovery, 

classification, and prediction. In supervised analysis, the algorithm is trained on labeled data to 

predict the response variable (or dependent variable) based on the predictor variables (or 

independent variables)139.  

Supervised learning is categorized into classification and regression problems based on the type 

of response variable: classification for categorical or discrete variables (e.g., cancer vs non-

cancer samples), and regression for continuous variables. Popular supervised models in 

metabolomics include logistic regression, partial least square discriminant analysis (PLS-DA), 

support vector machines (SVM), k-nearest neighbor (KNN), and RF. Here, we focused on RF due 

to its advantages such as the low risk of overfitting, ease of implementation, interpretability, and 

minimal hyperparameter tuning requirements140. 

However, to maintain simplicity, we are not discussing the hyperparameter tuning in the main 

protocol. For advanced users interested in exploring beyond RF, we offer instructions on using 
the gradient boosting method via XGBoost which includes tuning various hyperparameters. 
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XGBoost employs gradient boosting to sequentially correct errors in a series of decision trees, 

offering a different approach to model enhancement. These additional instructions are provided 

in a separate Jupyter Notebook (link) in our GitHub Repository. Additionally, we would like to point 

to PLS-DA, another supervised multivariate technique that is frequently used in metabolomics 

studies simply due to the availability of the model in several software packages and ease of use 
with default settings. It handles collinear and noisy data well and offers comprehensive results 

such as classification prediction accuracy, scores, and loadings plots. Yet, its prediction accuracy 

may lag behind methods like RF, especially with datasets handling fewer features. Therefore, 

PLS-DA might not be suitable for those who want to significantly reduce the feature numbers and 

then use the model on them141. While we do not dismiss the utility of PLS-DA, we suggest 

considering alternative models as well. For a comprehensive comparison of different machine 

learning-based classification tools, we recommend the study of Mendez et al.142 in which they 

evaluate eight machine learning algorithms across ten clinical metabolomics datasets for binary 

classification142. 

Univariate Statistics 

While multivariate analyses offer a comprehensive overview of the data, univariate statistical 

analyses allow us to focus on specific attributes. Primarily, univariate analysis in metabolomics 

helps identify individual metabolites that significantly differ between experimental groups, 

potentially serving as biomarkers for certain conditions or indicators of specific biological 

processes. It can also reveal impacts on specific metabolic pathways if related metabolites 

change significantly. However, it is worth noting that univariate analysis does not account for 

metabolite correlations and interactions, hence, it is best used in conjunction with multivariate 

analysis for a holistic data interpretation. 

For example, our test dataset consists of numerous features collected at seven diverse sample 

sites. Here, univariate analyses can assess feature differences across these sites. In the case of 

two site comparisons, the t-test can be used to examine significant feature differences (p-value < 

0.05). For a comparison involving more than two sample groups, we can use ANOVA. In the event 

of significant differences, we represent these findings through a bar graph that captures the 

distribution of a ‘significant’ feature across sample conditions. Post-hoc tests are also introduced 

as supplementary tools to identify which groups’ average values significantly differ.  

When conducting multiple univariate tests simultaneously, as is common in metabolomics, there 

is an increased risk of false positives. To manage this, the False Discovery Rate (FDR) gauges 

https://colab.research.google.com/github/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/Additional_Notebooks/XGBoost_Tuning_Parameters.ipynb
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the expected false positives among significant results. While the classical Bonferroni correction 

addresses false positives, it could increase the false negative rate. The following are some 

advanced methods that focus on maximizing true discoveries without escalating the false positive 

error rate143: 

● Benjamini-Hochberg (BH): Commonly used in metabolomics for being less conservative 
than Bonferroni. It ranks p-values and adjusts them, targeting the expected false positives 

among all positives, rather than across all tests. It calculates FDR as Expected (False 

Positive/ (False Positive + True Positive)). 

● Benjamini-Yekutieli (BY): An iteration of BH that is suitable when tests have 

dependencies. 

● Storey’s q-value: This approach estimates the proportion of true null hypotheses (i.e., no 

effect) among all hypotheses and then computes a q-value for each test, which is the FDR 

analog to the p-value144. 

In metabolomics, it is crucial to apply FDR correction methods to univariate results to ensure that 

the identified significant metabolites are not just statistical artifacts but potentially biologically 
relevant. However, it is important to note that differences observed at this stage are statistical 

rather than definitive biological distinctions. Follow-up experiments are necessary to confirm these 

as genuine biological differences. In all our univariate tests, we apply the BH metric to our p-

values, aiming to robustly identify statistical differences in the data.  

Testing for normality is often one of the first steps in univariate analysis and is crucial in deciding 

whether to use parametric or non-parametric tests. Parametric tests like t-test or ANOVA assume 

data follows a normal distribution, characterized by a symmetric bell-shaped curve with two key 

parameters: mean and standard deviation. Thus, before applying any statistical test, it is common 

to evaluate for normality with tests such as the Shapiro-Wilk test or the Kolmogorov-Smirnov test. 
Notably, Shapiro-Wilk is more suitable for small sample sizes (N < 50)145. Here, “normal” applies 

to the entire population, and not just the sample data. In these normality tests, the null hypothesis 

states that the data follows a normal distribution. The resulting ‘p-value’ from such tests is 

compared to a pre-specified alpha level (e.g., 0.05). Here, p < 0.05 rejects the null hypothesis, 

suggesting that the data does not follow a normal distribution. However, p ≥ 0.05 does not provide 

any evidence against the null hypothesis given the available data, so there is no evidence that 

the data is not normally distributed.  
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Normality becomes less critical with large samples due to the Central Limit Theorem. In such 

cases, one can consider doing parametric tests instead. When the data does not follow a normal 

distribution, one can follow non-parametric tests, such as the Mann-Whitney U test or the Kruskal-

Wallis test145.  

2.2.3 Aim of the Protocol 
The goal of this protocol is to provide an integrated pathway for downstream data clean-up and 

statistical analysis of FBMN results derived from non-targeted LC-MS/MS data (see Figure 1.5) 

that is straightforward, transparent, and flexible. We aim to complement the structural insights 

gained from FBMN with downstream statistical findings, thereby enhancing the understanding of 

the molecular network. Integrating FBMN results with statistical analyses poses several 

challenges, often necessitating users to reformat, upload, and process the feature table with 
different external tools, to ultimately manually combine the outcomes. Our approach addresses 

this gap by offering a detailed guide and comprehensive solution to directly process and analyze 

the data after FBMN in one pipeline, as shown in Figure 2. 
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Figure 2: Overview of the Data Analysis Pipeline: Integrating four core segments, the flowchart starts 

with sample collection and LC-MS/MS data acquisition, transitions to raw data conversion into mzML 

format, and results in generating a feature quantification table under “Raw Data Preparation”. Note, “Raw 

Data Preparation” is not part of the current protocol. More information on this can be found in the first three 

blocks of Figure 1. The current protocol commences with the “Data Cleanup” phase, which requires a 

feature quantification table and an associated metadata table produced in the “Raw Data Preparation” 

section. The feature table contains the relative intensity values for all detected features across the 

measured samples. The supplementary metadata table contains information on the different categories of 

the measured samples. The “Data Cleanup” phase emphasizes refining the feature on the feature table 

through blank removal, imputation, and normalization strategies like Total-Ion-Current (TIC), Probabilistic 
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Quotient Normalization (PQN), and scaling. Subsequently, the “Multivariate Statistics” segment showcases 

techniques such as Principal Coordinate Analysis (PCoA) plots, and heatmaps for effective data portrayal. 

In addition, the users are introduced to robust techniques including Random Forest classification. In the 

“Univariate Statistics” segment, tests such as ANOVA and Kruskal-Wallis test are discussed. 

 

This protocol provides a transparent, user-friendly, and versatile approach. Transparency and 

reproducibility are ensured through shareable notebooks and compiled results. To promote 

usability, the pipeline is provided in popular scripting languages, R and Python, and is presented 

through Jupyter Notebooks and Google Colab notebooks for cloud-based applications. The 
pipeline is highly adaptable as well, allowing users to modify and apply the code according to their 

specific needs. This flexibility is demonstrated by its recent application in a publication on 

environmental metabolomics, which utilized codes from our Jupyter Notebooks146. The protocol 

is also beginner-friendly, helping new users to easily learn and use Jupyter Notebooks for 

statistical analyses, thus lowering barriers for those not familiar with R or Python. Finally, tool 

versatility is provided through customizable workflow modules that can be used as part of the 

pipeline or in combination with other feature detection, annotation, and data analysis tools, with 

or without the use of FBMN.  

In addition to the R and Python Notebook, this pipeline is also provided within the widely used 

QIIME2 framework. QIIME2 is a widely recognized next-generation microbiome bioinformatics 

platform, designed to enable sophisticated analyses in microbiome science147. It offers a plugin-

based architecture supporting a wide range of functionalities, from sequence analysis to machine 

learning. QIIME 2 enables comprehensive data integration across various types, such as 

metabolomics and metagenomics, supported by robust visualization tools for in-depth data 

exploration147. Acknowledging its widespread use, our protocol provides a streamlined workflow 

within a Jupyter notebook, specifically designed to facilitate analysis for users already familiar 

with QIIME 2. More information on this can be found in Supplementary Information (SI). 

Additionally, we have developed a web application with a graphical user interface (GUI), which 

can be accessed at https://fbmn-statsguide.gnps2.org/ or downloaded as standalone GUI 
application from https://www.functional-metabolomics.com/resources. The main manuscript 

focuses on the concepts and step-to-step guide for the R workflow, while the SI contains step-to-

step guides for the Python, QIIME2, and Web app workflows. Though most steps are consistent 

across the workflows, any differences are addressed and complemented with alternative solutions 

https://fbmn-statsguide.gnps2.org/
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in the SI. This protocol is made for both newcomers and experienced researchers in the 

metabolomics field: 

● For Beginners: It introduces essential tools, resources, and workflows. The guidelines 

and code provided make it easier to understand common data processing and analysis 

steps, facilitating navigation through the complexities of the field. The provided tools utilize 
common programming languages (R, Python), the QIIME2 platform, and a GUI, allowing 

users with diverse computational backgrounds to perform data analyses.  

● For Experts: It accelerates data analysis, ensuring faster interpretation of FBMN results 

and enables straightforward sharing of statistical data analysis workflows and results. 

As inputs, the protocol requires a feature table and its corresponding metadata table. For 

specifications on the layout and requirements of these tables, please refer to Figure 2 and 

‘Required Files’ in the ‘Materials’ section. The feature quantification table, a product of feature 

detection software, contains a matrix of the relative intensities measured for each feature within 

each sample. The metadata table provides essential information about the samples and the 

conditions under which they were measured. Throughout its execution, users receive: 

● Intermediate tables after each data cleanup step, aiding in comparison with the original 

feature table. Tabular outputs for clustering results from HCA, a list of statistically 

significant features as determined by ANOVA or Kruskal-Wallis tests, and RF outputs 

indicating feature importance. Significant features refer to those that differ notably in at 

least one group when comparing multiple groups. Such features can be further 

investigated to determine if they really cause the differences we observed between groups 

or samples. 

● Visual outputs, such as PCoA score plots, heatmaps, volcano plots for significance tests, 

and box plots, showcasing group differences for significant features. 

This protocol also helps with mapping the results of some of the statistical approaches (e.g., 

clustering, significant features) back to the FBMN network view. This is facilitated by importing 

these output feature tables, with feature IDs and the relevant information, into Cytoscape in order 

to examine the molecular network (See section 3.5 ‘Integrating Statistical Results into a Molecular 

Network’). Moreover, as all our resources are publicly available on GitHub, users can actively 

raise issues or provide suggestions on GitHub. 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS
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2.2.4 Limitations and Challenges 
Our protocol for FBMN is aimed at offering advanced statistical analysis solutions for a broad 

range of users. We thus offer notebooks and code in different scripting languages (R, Python, 

and QIIME2) and platforms (Jupyter and Colab) as well as a web application to suit the specific 

needs and preferences within the metabolomic community. Readers are encouraged to refer to 

Figure 3 and Figure 4 for a quick overview of the available options and guidance on selecting 

the most suitable one based on their familiarity with the tools and programming languages, and 

the size of your datasets. 

 
Figure 3: Decision tree to guide choosing which notebook/app to use. The number of samples and 

features mentioned here is for conceptual guidance only and should not be considered as fixed thresholds. 

 



Chapter 2: FBMN-STATS 
 

 44 

 
Figure 4: Interface Previews and Documentation Guide. A) Screenshot of JupyterLab Interface with a 

Jupyter Notebook, running locally, highlighting the kernel selection area (R, Python) in red. Guide for 

Jupyter Notebook installation is available on our GitHub repository. B) Screenshot of Google Colab 

Interface with a Jupyter Notebook. Here, the ‘Runtime’ tab for kernel management is emphasized in red. 

Colab facilitates cloud-based notebook execution without local installations. C) Screenshot of the web 

application interface of FBMN-STATS along with the URL entry point. D) Documentation Locations Table, 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Jupyter-Notebook-Installation-Guides
https://fbmn-statsguide.gnps2.org/
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providing a centralized reference for where to find guidance for each tool, which is dispersed across the 

main protocol, Supplementary Information (SI), and README files in the FBMN-STATS GitHub repository. 

 

This broad range of choices, while useful, comes with its own set of challenges. For instance, in 

the R Google Colab notebook, package installation can be time-consuming. Also, the inclusion of 

`readline` commands, although beneficial for customization, can appear cryptic to beginners. 

Despite these challenges, we primarily focus on R in the main protocol based on R’s extensive 
range of statistical packages and its widespread use in statistical analysis.  

On the other hand, installing packages in the Python Google Colab notebook is relatively faster. 

While Python excels in machine learning applications, it has comparatively fewer statistical 

packages than R. There is one vital point to note regarding the ‘scikit-bio’ package’s 

incompatibility with Windows. Thus, Windows OS users are advised to either use the Google 

Colab version or consider the Windows Subsystem for Linux (WSL) for local operations. 

Furthermore, while Google Colab stands as a user-friendly platform, it is not devoid of limitations. 

One of the main concerns is that runtime automatically disconnects if the user leaves the Colab 

session inactive for 90 minutes or after 12 continuous hours of usage. This leads to the loss of 
the data and files they were working on from the Cloud session. Additionally, users must be aware 

of the 77 GB disk space limitation and ensure timely downloading of their results. 

Both the R and Python notebooks comprise over 80 steps, with a significant portion dedicated to 

data organization. While these notebooks function smoothly with smaller datasets when run on 

the Cloud, their performance can lag with larger datasets (e.g., those with over 100 samples and 

more than 2,000 features), especially given the constraints of Google Colab. Despite this, the 

protocol still functions for large datasets, albeit with increased complexity and computational 

demands. 

In such scenarios, local execution is advisable. For local execution, we have provided guidance 

on using the Anaconda Navigator, a user-friendly GUI platform, to set up Jupyter notebooks. 

However, MacOS users might encounter installation challenges. As an alternative, MacOS users 

can opt for the ‘pip install’ method or follow the additional installation guide provided in the GitHub 

repository. The Streamlit web application for the protocol, although user-friendly, has its own set 

of challenges. Notably, there’s a data restriction of 200 MB, and larger datasets might 

inadvertently slow down the app or even lead to server crashes. Additionally, it offers less flexibility 

and fewer graphical data representation options compared to comprehensive tools like 

MetaboAnalyst44,95. Although it serves as an introductory tool to the concepts, the notebooks 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Jupyter-Notebook-Installation-Guides
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Jupyter-Notebook-Installation-Guides
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facilitate more tailored analyses for specific research questions. For complex and detailed 

investigations, scripting is indispensable. Thus, the GUI is optimally employed as an educational 

tool, with more advanced resources recommended for in-depth research applications. 

Lastly, the QIIME2 notebook is broadly used and applicable for both the microbiome and 

metabolomics communities. Our additional Jupyter notebook lets users import data directly from 
a GNPS job link. However, this notebook cannot be accessed in the cloud. Users need to either 

install QIIME2 and GNPS packages on their computer or use Docker. This might be difficult for 

some, but it is a good option for those familiar with QIIME2147. In all cases, users should always 

consider the size of their data, their computer’s power, and their own skill level while using the 

protocol.  

Although we highlight the importance of experimental design and data acquisition for reducing 

biological and analytical biases (see Box 1), we acknowledge certain limitations in our dataset 

and workflow, such as the absence of guidance on power calculations. We also acknowledge that 

our protocol does not include uncertainty propagation, a process important for detailed statistical 

analysis that tracks how initial uncertainties, such as measurement errors, influence the final 
results. This omission is mainly due to the immense computational resources needed for such 

estimation in high-dimensional metabolomics data. Despite discussing the limitations of univariate 

and multivariate analysis methods, our protocol prioritizes data exploration and hypothesis 

generation, where immediate precision in uncertainty estimation is not critical148. 

2.2.5 Alternative Open-Source Data Analysis Workflows and Protocols 
There have been many efforts in the community to provide and teach statistics solutions for non-

targeted metabolomics data analysis, and multiple scripts, web apps, and software tools are 

available for data clean-up, statistical analysis, and visualization. While we believe that such a 

streamlined solution for FBMN results, as described in our protocol, has not yet been provided, 

we would like to point out the many other tools, workflows, and applications that are available. 
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Table 2: Overview of alternative statistics tools and scripting solutions for statistical 
analysis of non-targeted metabolomics data. All tools listed here are open source and 
freely available. 
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GUI 
           

MetaboAnalyst Web App 

(GUI) 

Y Y Y Y Y Y N Hours (bottleneck: 

raw data 

processing) 

www.met

aboanalys

t.ca/ 

44,95 

Workflows            

Galaxy-M Workflow Y Y Y Y Y N N Hours (bottleneck: 

raw data 

processing) 

github.co

m/Viant-

Metabolo

mics/Gala

xy-M 

111,149 

Workflow4Meta

bolomics 

Workflow Y Y Y Y Y N N Hours (bottleneck: 

raw data 

processing) 

github.co

m/workflo

w4metabo

lomics 

150 

UmetaFlow Workflow Y Y Y Y Y N N Days (bottleneck: 
formula and 

structural 

predictions) 

github.co
m/biosust

ain/snake

make_Um

etaFlow 

151 

https://www.metaboanalyst.ca/
https://www.metaboanalyst.ca/
https://www.metaboanalyst.ca/
https://github.com/Viant-Metabolomics/Galaxy-M
https://github.com/Viant-Metabolomics/Galaxy-M
https://github.com/Viant-Metabolomics/Galaxy-M
https://github.com/Viant-Metabolomics/Galaxy-M
https://github.com/Viant-Metabolomics/Galaxy-M
https://github.com/workflow4metabolomics
https://github.com/workflow4metabolomics
https://github.com/workflow4metabolomics
https://github.com/workflow4metabolomics
https://github.com/biosustain/snakemake_UmetaFlow
https://github.com/biosustain/snakemake_UmetaFlow
https://github.com/biosustain/snakemake_UmetaFlow
https://github.com/biosustain/snakemake_UmetaFlow
https://github.com/biosustain/snakemake_UmetaFlow
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Chemometrics 

Tutorials 

Workflow / 

Tutorial 

N N Y Y Y N Y Hours (bottleneck: 

Power Analysis) 

github.co

m/Gscorr

eia89/che

mometrics

-tutorials 

 

QIIME2 

metabolomics 

plugin 

Language N N N Y Y N N NA library.QII

ME2.org/p

lugins/q2-

metabolo

mics/10/ 

147 

R Libraries            

mixOmics Package N N Y Y Y Y Y Minutes 

(bottleneck: 

parameter tuning) 

mixomics.

org/ 

75 

MetaboanalystR Package Y Y Y Y Y Y Y Minutes - hours 
(bottleneck: raw 

data processing) 

www.met
aboanalys

t.ca/docs/

RTutorial.

xhtml 

152,153 

omu Package N N Y Y Y Y Y NA cran.r-

project.or

g/web/pac

kages/om

u/vignette

s/Omu_vi

gnette.ht

ml 

154 

metabolomicsR Package N N Y Y Y Y Y NA github.co

m/XikunH

155 

https://github.com/Gscorreia89/chemometrics-tutorials
https://github.com/Gscorreia89/chemometrics-tutorials
https://github.com/Gscorreia89/chemometrics-tutorials
https://github.com/Gscorreia89/chemometrics-tutorials
https://github.com/Gscorreia89/chemometrics-tutorials
https://library.qiime2.org/plugins/q2-metabolomics/10/
https://library.qiime2.org/plugins/q2-metabolomics/10/
https://library.qiime2.org/plugins/q2-metabolomics/10/
https://library.qiime2.org/plugins/q2-metabolomics/10/
https://library.qiime2.org/plugins/q2-metabolomics/10/
http://mixomics.org/
http://mixomics.org/
https://www.metaboanalyst.ca/docs/RTutorial.xhtml
https://www.metaboanalyst.ca/docs/RTutorial.xhtml
https://www.metaboanalyst.ca/docs/RTutorial.xhtml
https://www.metaboanalyst.ca/docs/RTutorial.xhtml
https://www.metaboanalyst.ca/docs/RTutorial.xhtml
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://cran.r-project.org/web/packages/omu/vignettes/Omu_vignette.html
https://github.com/XikunHan/metabolomicsR
https://github.com/XikunHan/metabolomicsR
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an/metab

olomicsR 

MAIT Package Y N Y Y Y Y Y Hours (bottleneck: 

raw data 

processing) 

bioconduc

tor.org/pa

ckages/rel
ease/bioc/

html/MAIT

.html 

156 

ropls Package N N Y Y Y Y Y NA bioconduc

tor.org/pa

ckages/rel

ease/bioc/

html/ropls.

html 

157 

MSStats Package N Y Y Y Y Y Y Minutes 
(bottleneck: data 

cleaning) 

github.co
m/Vitek-

Lab/MSst

ats 

158 

Python 
Libraries 

           

TidyMS Package Y Y Y N N Y Y Minutes 

(bottleneck: data 

curation pipeline) 

github.co

m/griquel

me/tidyms 

159 

 

We summarized those that, in our opinion, are the most commonly used open-source software 

tools in Table 2. This table provides an overview of their functions, purpose, tool type, and when 

applicable, references to related protocols and guidelines. Additionally, the table includes a 

column named ‘Estimated runtime for respective sample data,’ offering insights into the 

processing time required by each tool for the sample data they provided or an estimation for our 

sample data. We present these times in terms of minutes, hours, and days, also noting potential 

https://github.com/XikunHan/metabolomicsR
https://github.com/XikunHan/metabolomicsR
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/MAIT.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://bioconductor.org/packages/release/bioc/html/ropls.html
https://github.com/Vitek-Lab/MSstats
https://github.com/Vitek-Lab/MSstats
https://github.com/Vitek-Lab/MSstats
https://github.com/Vitek-Lab/MSstats
https://www.github.com/griquelme/tidyms
https://www.github.com/griquelme/tidyms
https://www.github.com/griquelme/tidyms
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bottlenecks. This information aims to give users a rough benchmark while acknowledging the 

diversity in sample data and computational resources across different tools. Further details can 

be explored through the references listed in the ‘Reference’ column. We also indicated where in 

the data processing pipeline these tools have application by indicating yes (“Y”) or no (“N”) in 

columns related to raw data processing (generation of feature quantification table, see section 
‘Feature Detection’), data clean-up steps (involving quality control, missing value imputation, 

normalization, scaling, and transformation), and multivariate and univariate analyses.  

We do note that this table is by no means exhaustive. All of these options are workflow-dependent 

and vary based on factors such as the structure of the acquired feature quantification table and 

the chosen data analysis techniques160, and typically require specific file and table formats. 

Acknowledging the extensive array of existing platforms, the unique value of our protocol lies in 

its versatility and accordance with FAIR research principles161. Processed feature tables 

generated after each step, such as post-blank removal, normalization, and scaling, can be 

integrated with other analysis software like MetaboAnalyst, or amended with newly created 

scripts. Additionally, the Jupyter notebooks provide easily shareable and reproducible data 
analysis records, thereby promoting maximum transparency. Our protocol significantly reduces 

the learning curve associated with Jupyter Notebooks, making advanced statistical analysis 

accessible to researchers with minimal R or Python experience. Finally, by demonstrating the 

integration of statistical analysis results into molecular network visualization in Cytoscape, we 

offer researchers a method to enrich molecular network analyses with diverse informational 

layers, thereby enhancing the interpretability and impact of their findings from FBMN workflows. 

2.2.6 Expertise Needed to Implement the Protocol 
We aimed to make this protocol accessible to a broad range of researchers, from absolute 

beginners to experts. As we provide different options for executing the code (Web application, 

Colab, and Jupyter notebooks), the protocol should be useful for users both new to metabolomics 

data analysis, who want to perform a fixed set of processing and statistical analysis, as well as 

users that require customizable options and need to analyze large datasets. To guide readers 

through the different options and help to choose which option is most suitable, we generated a 

decision tree displayed in Figure 3. Furthermore, for a preview of the user interfaces across 
different platforms, Figure 4: A-C provides screenshots of a Jupyter Notebook, Google Colab, 

and the web application. Recognizing that the documentation for each tool is distributed across 

various sources, we also include Figure 4D, which outlines the locations where users can find 
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comprehensive documentation for all the tools mentioned. At a minimum, we recommend having 

some general background in statistics and a basic understanding of LC-MS/MS data structure, 

as well as knowledge about the system and the experimental design of the dataset which should 

be analyzed. Furthermore, we strongly recommend consulting with a statistician to ensure 

accurate interpretation and application of the results. 

Overview of the Procedure 

This protocol primarily focuses on the R workflow, given its broad adoption in metabolomics data 

analysis and the extensive libraries it offers for this purpose. However, recognizing the diversity 

of our audience and the growing popularity of other platforms, we’ve also developed workflows in 

Python and QIIME2 as well as a web application (details in the SI document). In the following 

sections, we provide step-by-step instructions of the R Jupyter notebook. Code blocks are 

included to illustrate the main algorithms and functions.  

The Procedure is structured into five sections: Preliminary Setup for the Notebook, Data Cleanup, 

Multivariate Analysis, Univariate Analysis, and Integrating Statistical Results into a Molecular 
Network. 

‘Preliminary Setup for the Notebook’ involves initial steps 1-12, preparing the dataset for analysis. 

‘Data Cleanup’ covers steps 13-30, focusing on blank removal, imputation, normalization, and 

scaling. If blank removal was done in MZmine, skip steps 21-23 and proceed directly to Step 24. 
The final step, Step 30, allows selection of a processed dataset, stored as `cleaned_data`, for 

further analysis.  

‘Multivariate Analysis’ consists of the following sections: 

• It starts with steps 31-40 for PCoA and PERMANOVA, followed by Hierarchical Clustering 
(steps 41-45) and Heatmaps (steps 46-50).  

• Step 38, which involves setting colors, is a prerequisite for executing steps 47, 56, 64, 68, 

71, 76, and 80, as all these steps require the color settings established in Step 38. 

• Clustering in Step 42 utilizes the distance matrix from Step 36. Also, Step 45 requires 
`cleaned_data`. Hence it is recommended to perform clustering sequentially after PCoA 

and PERMANOVA. 

• Heatmaps (steps 46-50) use `cleaned_data` but are independent of previous multivariate 

tests. 
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• Random Forest Classification (Steps 51-56) also relies on `cleaned_data` from Step 30 

and is not dependent on the previous multivariate steps 32-50. 

‘Univariate Analysis’ (Steps 57-80) 

• Other than Step 51, this section is not connected to the multivariate section. 

• The metadata from Step 51 is also essential for the ‘Test for Normality’ (steps 57-59), 

which informs whether to proceed with ANOVA and Tukey’s Post Hoc (steps 60-68) or 

Kruskal-Wallis and Dunn’s Post Hoc (steps 72-80). Note that Dunn’s Post Hoc utilizes 

variables from Kruskal-Wallis, and Tukey’s from ANOVA. 

• The T-Test (steps 69-71) is an independent parametric analysis for two-group 

comparisons and can be performed after normality testing (steps 57-59).  

• While Univariate Analysis is not directly tied to Multivariate steps, it’s advisable to conduct 

at least one multivariate analysis, like PCoA, to discern global patterns before continuing 
univariate analysis. 

The last step in the notebook, ‘Exporting Results’ is detailed for Google Colab users, instructing 

on how to zip and download the session’s result files. This step is unnecessary for Jupyter 

Notebook users as files are stored locally. Hence, it is only included in the Notebooks and not in 

the protocol. 

Integrating Statistical Results into a Molecular Network uses RF output from Step 56 as an 

example to integrate the results into the FBMN Molecular Network in Cytoscape. 

We recommend initially executing the notebook using the provided example dataset. Once 

familiar, proceed with your own data. This approach ensures a smooth transition from learning to 

applying the workflow. 

2.3 Materials 

2.3.1 Software Used 
In our protocol, a variety of software options are offered to accommodate different user 

preferences and system capabilities. These include optional tools such as Google Colab for cloud-

based operations, local installation of Jupyter Notebook, Streamlit web application, and docker 

installation of QIIME2.  

System Configuration 
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The protocol’s development and testing were conducted on a robust system, featuring an 11th 

Gen Intel(R) Core(TM) i7-11700 processor with 8 cores (16 CPUs) and a clock speed of 2.5 GHz, 

designed for efficient multitasking and rapid data processing. Complementing this, the system is 

equipped with 32 GB of RAM, enabling smooth handling of large datasets, and a 1 TB SSD, 

ensuring swift data access and processing. Operating under Windows 11 Pro, the system is 
compatible with all necessary software for the protocol. Additionally, it includes an Intel(R) UHD 

Graphics 750 and an NVIDIA GeForce RTX 3070 GPU to meet a diverse range of graphical 

processing needs. The system is also connected to the University's Ethernet network, with a 

network speed of approximately 900 Mbps for both download and upload essential for efficient 

data transfer and cloud-based operations. The processing times outlined in the ‘Procedure’ 

section of this protocol are based on tests conducted with our example dataset on the Colab 

platform. Though the protocol is designed for compatibility with modern laptops or PCs, optimal 

performance may vary based on individual system specifications. 

 

Resources 

For the feature quantification table, MZmine 3 (version 3.3.0) was used, installed on the computer 

with the above-mentioned system configurations, and executed using a batch file, which is 

available along with all example input files in the Functional Metabolomics Lab GitHub Repository 

(https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/data). This batch file 

outlines each step taken in MZmine 3. 

To cater to various user needs, the pipeline is accessible through several mediums. Google Colab 

offers a no-installation-required approach, ideal for those who prefer cloud-based solutions. The 

Streamlit web application (https://fbmn-statsguide.gnps2.org/) provides an intuitive GUI, suitable 

for users who favor visual interfaces. Here, users can directly upload all input files by simply 
entering the task ID from their FBMN job on GNPS. For larger datasets, or those seeking more 

control, a local installation of Jupyter Notebook is recommended. To assist users in choosing the 

most suitable method, a decision tree is provided in Figure 3. 

 

Recommendation for Beginners and Supplementary Information 

As a default for beginners, we recommend using the Colab Notebook with R code to follow this 

protocol. In addition to the R code, Python and QIIME2 versions are also available in our GitHub 

Repository (https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main), with SI 

detailing files beyond the R code.  

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/data
https://fbmn-statsguide.gnps2.org/
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main
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2.3.2 Required Files 
Feature quantification table (.csv): 

● Refer to Table 1 for an example. This table, typically generated from LC-MS/MS 

metabolomics studies, includes all mass spectral features (integrated peak areas) and 

their relative intensities across samples. While we used MZmine 3 to obtain the feature 

quantification table (in .csv format), users from other platforms, such as MS-DIAL, XCMS, 

and OpenMS can integrate their tables by leveraging their FBMN task ID for seamless 

incorporation into the workflow. Manual data input requires referencing our dataset for 

necessary adjustments. See ‘Resources’ above for downloading the example feature 

quantification table (.csv) used throughout this protocol. 

Metadata (.txt): 

● Refer to Table 3 for an example. The .txt file can be created in a word editor or 

spreadsheet programs such as Excel or Google Sheets. The metadata table needs to be 

created by the user, providing additional context for the measured samples, such as 

sample type, species, tissue type, and collection time point. See ‘Resources’ above for 

downloading the example metadata (.txt) file used throughout this protocol. 

● For the datasets to be fully considered for public meta-analysis, we suggest using a 

standardized metadata format with controlled vocabulary. For guidance, users can refer 

to the ReDU metadata template (https://mwang87.github.io/ReDU-MS2-

Documentation/HowtoContribute/). Make sure the metadata format in this protocol is 
compatible with GNPS workflows (https://ccms-

ucsd.github.io/GNPSDocumentation/metadata/).  

● The first column in the metadata, labeled ‘filename’, should match the exact filenames as 

reported in the feature quantification table. Following this, one should include additional 

columns to the metadata that begin with ‘ATTRIBUTE_’ (e.g., ATTRIBUTE_groups, 

ATTRIBUTE_timepoint).  

● Ensure metadata does not contain any empty cells for each of the attribute columns. Each 

cell must have a defined value. Fill all empty cells in the metadata table with ‘NA’. 

● Make sure to include a fully populated column titled ‘ATTRIBUTE_Sample_Type’ to 

define various sample types (eg: Blanks, Samples, Control, QC). 

● In our example metadata, columns like ATTRIBUTE_Replicate, 

ATTRIBUTE_Sample_Type, ATTRIBUTE_Batch, ATTRIBUTE_Month, and 

https://mwang87.github.io/ReDU-MS2-Documentation/HowtoContribute/
https://mwang87.github.io/ReDU-MS2-Documentation/HowtoContribute/
https://ccms-ucsd.github.io/GNPSDocumentation/metadata/
https://ccms-ucsd.github.io/GNPSDocumentation/metadata/
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ATTRIBUTE_Year all contain group-based information. This type of grouping will assist in 

selecting different categories for statistical analysis throughout this guide. Use consistent 

naming for the groups within ATTRIBUTE columns to avoid confusion and for ease of 

interpretation (e.g., use ‘Control’ consistently instead of variations like ‘control, control 

sample’).  

● You can also include columns with continuous numerical data, such as 

ATTRIBUTE_Injection_order or ATTRIBUTE_timepoint. To ensure statistical power, it is 

essential to use biological replicates (we suggest at least three) for each sample type 

within the experimental design. 

Table 3: Sample metadata layout.  

The first column, ‘filename’, lists the filenames along with their specific extensions (preferably 

‘mzML’ or the older ‘mzXML’), exactly matching the column names in the feature quantification 
table. Two example “ATTRIBUTE_” columns are also included: “ATTRIBUTE_groups”, which 

showcases sample categorical data (i.e., different sample types such as Control, Sample, and 

Blanks), and “ATTRIBUTE_timepoint”, which is an example for numerical data.  

filename ATTRIBUTE_groups ATTRIBUTE_timepoint_hours 

control_rep1.mzML Control 1 

⁞ ⁞ ⁞ 

Sample_type1_rep1.mzML Sample_type1 4 

Sample_type1_rep2.mzML Sample_type1 4 

⁞ ⁞ ⁞ 

blank.mzML Blank NA 

2.3.3 Additional Input Files 
Besides the feature quantification table and metadata, the R and Python notebooks can also 

integrate molecular annotation files (either in .txt or .tsv format). These include SIRIUS, 

CANOPUS, and GNPS annotations, which enrich our understanding of each feature during 

analysis. While the inclusion of SIRIUS and CANOPUS files is optional, they can provide valuable 

insights. 
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GNPS annotations can be obtained from the Feature-Based Molecular Networking (FBMN) 

analysis. The process requires MS/MS fragmentation patterns in the “.mgf” format, a feature 

quantification table, both obtained with e.g., MZmine 3 (see section ‘Feature Detection’), and a 

metadata file. The .mgf file carries spectral information about specific MS/MS scans designated 

for each feature and feature IDs match with feature IDs in the feature quantification table. All of 
these files need to be uploaded to the GNPS platform. 

The metabolite annotation requires a user-defined mass tolerance. Subsequently, MS/MS 

patterns are matched against the GNPS database using a modified cosine similarity77, resulting 

in a molecular network that allows for the identification of compound names for all library hit 

features. The output of the FBMN job associated with the example data of this protocol is publicly 

available at 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b661d12ba88745639664988329c1363e and 

can be downloaded using the ‘Download Cytoscape Data’ option. The FBMN job’s .graphml file, 

found under the folder “gnps_molecular_network_graphml”, can be used to visualize the 

molecular network in Cytoscape software. The respective annotated files are located in the 
“DB_result” and “DB_analog_result” sub-folders (assuming an analog search is performed), 

with the former offering level 2 and the latter providing level 3 (molecular class) annotations. The 

analog search identifies structurally related molecules within the molecular network by applying a 

score threshold, such as a minimum cosine score that MS/MS spectra must achieve to be 

considered an annotation during spectral matching with MS/MS spectral libraries. An upper limit 

can be established for the mass shift between the library and potential analogs (e.g., 100 Da), 

thus expanding the scope of annotation.  

SIRIUS45 can predict molecular formulas, as well as structures through structure database 

matching using CSI:FingerID104,210. Furthermore, the integrated CANOPUS121 module provides 
ClassyFire-based chemical class predictions. As for GNPS, the required input is a .mgf file 

associated with the MZmine feature quantification table with matching feature IDs across both 

files. However, the .mgf file exported for SIRIUS through MZmine 3 differs from the .mgf exported 

for GNPS in that it contains isotopic MS1 patterns for accurate molecular formula prediction. 

2.3.4 Example Dataset 
The example dataset is part of a previously published study32, aimed to elucidate the effects of 

urbanization on organic matter chemotypes in coastal environments after a major rainfall event. 

Seawater samples were collected from 30 locations over seven areas along the San Diego, 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b661d12ba88745639664988329c1363e
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California coastline: Torrey Pines, SIO La Jolla Shores (Scripps Institution of Oceanography at 

La Jolla Shores), La Jolla Cove, La Jolla Reefs, Pacific Beach, Mission Beach, Mission Bay, 

capturing both pre- (Dec 2017) and post-rainfall (Jan 2018) conditions. In our analysis, we 

included supplementary data from October 2018, collected from the same sites (no-rain period), 

for our pipeline evaluation. The dataset consisted of 180 samples from the three sample times 
(Dec 2017, Jan 2018, Oct 2018) and 2 PPL process blanks at each of the sample times. The 

datasets can be found in the MassIVE repository: MSV000082312 and MSV000085786 

https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=8a8139d9248b43e0b0fda17495387756 

https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=c8411b76f30a4f4ca5d3e42ec13998dc 

While metabolomics studies are typically focused on biological investigations and the example 

dataset is from an environmental system, the protocol is versatile and applicable to a broad 

spectrum of fields and sample types. This includes combinatorial chemistry, particularly in organic 

synthesis, doping analysis, and trace contamination of food, pharmaceuticals, and various other 

industrial products. It is also suitable for biological samples from diverse sources such as 

microbiomes, bioreactors, or biomedical research. In general, the only requirement for the data 
to be processed using our protocol is compatibility with the feature table and metadata format 

specifications, making it a versatile tool for multi-omics studies.  

 

Note: Seawater samples collected during October 2018 were not available in the original article 

yet. The .mzML files were preprocessed using MZmine 3 (version 3.3.0) 

(https://mzmine.github.io/) and the feature-based molecular networking workflow in GNPS 

(https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b661d12ba88745639664988329c1363e). 

To review the specific parameters used for building this FBMN network, readers are encouraged 

to visit the provided GNPS link and the SI document. Additionally, the Cytoscape files shown in 
the results can be found in our GitHub repository: https://github.com/Functional-Metabolomics-

Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network. 

2.4 Procedure 

2.4.1 Preliminary Setup for the Notebook 
<CRITICAL> To ensure proper execution and chronological order, please run the notebook cell-

by-cell instead of running multiple cells simultaneously. The numbers assigned to each cell will 

help you navigate and determine if the cells have been executed correctly and in chronological 

https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=8a8139d9248b43e0b0fda17495387756
https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=c8411b76f30a4f4ca5d3e42ec13998dc
https://mzmine.github.io/
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf6e14abf5604f47b28b467a513d3532
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b661d12ba88745639664988329c1363e
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
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order. Additionally, refer to Box 2 for general instructions on navigating the Jupyter Notebook, 

such as identifying code cells, recognizing those that require user input, and adding comments. 

 

1| Choose a Notebook and install it. We recommend beginners use Google Colab for the R 

notebook due to its hassle-free setup as it requires no installations, making it accessible 
for those unfamiliar with the setup process. However, for regular analysis, local execution 

in Jupyter on a contemporary desktop computer (E.g., Intel i7, 16 core, 64 GB RAM) is 

typically faster and more efficient. The reported processing times here are based on our 

example dataset on the Colab platform. The durations other than for package installation 

are estimated from a beginner’s viewpoint, reflecting the time typically required for 

someone new to complete the analysis.  

To install and run Jupyter Notebook locally in R, we have provided additional installation guides 

in the GitHub repository (https://github.com/Functional-Metabolomics-Lab/FBMN-

STATS/blob/main/Jupyter-Notebook-Installation-Guides). Windows users are advised to 

use Anaconda Navigator for a straightforward setup, with detailed instructions provided in 
our guide. Extensive documentation for Anaconda Navigator can also be found at 

Anaconda’s official site (https://docs.anaconda.com/free/navigator/tutorials/create-r-

environment/). Mac OS users may encounter difficulties with Anaconda Navigator; thus, 

we suggest the Homebrew-based installation, detailed in the aforementioned link. For an 

introductory guide and additional tips on using Jupyter Notebook, please refer to Box 3. 

 

Package Installation ⬤ Timing 15 mins 

2| Install the R packages. 

● The notebook utilizes R version 4.1.3 (2022-03-10) 

● Begin by installing and loading the necessary R packages using the p_load() function 

from the ‘pacman’ (v0.5.1) package211. This function checks if a package is installed, if 

not, it installs the package from CRAN or other repositories in the pacman repository list 

and loads the package. It is a more efficient alternative to using install.packages() 

and library() functions individually for each package. 

Required Packages: The following R packages are essential for this protocol: 

• Data Cleanup: tidyverse212 (v2.0.0), IRdisplay213 (v1.1), KODAMA214 (v2.4) 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/Jupyter-Notebook-Installation-Guides
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/Jupyter-Notebook-Installation-Guides
https://docs.anaconda.com/free/navigator/tutorials/create-r-environment/
https://docs.anaconda.com/free/navigator/tutorials/create-r-environment/
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• Multivariate Statistics: factoextra215 (v1.0.7), vegan216 (v2.6-4), ComplexHeatmap217 

(v2.10.0), dendextend218 (v1.17.1), NbClust219 (v3.0.1), rfPermute220 (v2.5.1) 

• Univariate Statistics: FSA221 (v0.9.4), matrixStats222 (v0.63.0) 

• Visualization and Plotting: ggsci223 (v3.0.0), cowplot224 (v1.1.1), svglite225 (v2.1.1) 

At this stage, install the packages required for Data Cleanup. 

<CRITICAL STEP> Packages are installed just before their respective sections (in steps 2, 26, 
31, 51, 57) to reduce installation time. However, please note that the packages installed 

initially in one section can be used for the later sections as well. For example, tidyverse 

(v2.0.0) can be used throughout the notebook, not just for data cleanup. 

3| Set Working Directory (User Input Required) 

● Set a folder as the working directory. This is where you access input files and save output 

files. Make sure to include all necessary input files in this folder. 

● In Google Colab, click on the three dots in the upper left corner to see the notebook 

contents. Click on the folder icon and create a new folder by right-clicking in the empty 
space and selecting ‘new folder’. Further details on using Google Colab are provided in 

Step 4, along with Figure 5 for visual guidance. 

 
Figure 5: Google Colab Interface for Managing R Notebooks: A) Menu and left sidebar highlighting 

icons, ‘Table of Contents,’ ‘Find and Replace,’ and ‘Files,’ with ‘Files’ icon selected in orange. B) The action 

of right-clicking in the ‘Files’ area shows options for new folder creation, alongside the default ‘sample_data’ 

folder in the Colab. C) User-created ‘My_Testdata’ folder for organized data storage, demonstrating file 
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upload options. D) showcases the code execution process with empty square brackets before running, 

changing to a play button upon hover, and displaying execution order (“1”) and time (0s) after running. 

 

 
Figure 6: Screenshot of the code cell from R Google Colab Notebook to set the working directory. 
The image displays the code cell targeting the ‘/content/test_data’ directory. This user-created directory 

holds the input files for the data analysis. Note the stop symbol with the surrounding loading circle, indicating 

the cell awaits user input. To proceed to the next cell, provide the input (e.g., /content/test_data) and press 

enter. 

● To set your working directory in the notebook, run the code cell (a cell or a section 

containing codes) as shown in Figure 6. A pop-up box will appear as illustrated in Figure 
6, prompting you to enter the path to your designated folder with input files. Insert the 

respective path and press ‘Enter’ to proceed to the next cell. 

● (For Local Environment) If you are running the notebook in your local environment, you 

can directly specify the local path of your folder to set it as your working directory. For 

example, if your folder is located at D:\User\Project\Test_Data, simply input this path when 

prompted and press ‘Enter’. 

Data Import 
<CRTICAL> This section guides users through the process of importing necessary data files for 

the Notebook. Various methods are outlined, catering to different data sourcing 

preferences. Make sure your metadata has the necessary attribute columns to describe 

the data (at least one, e.g., ATTRIBUTE_SampleType). If your FBMN metadata is 

insufficient, you might need to load additional metadata from a local folder for downstream 

statistical analysis, adding a step in the workflow. 

 

4| Uploading Files to Google Colab (User Input Required) Some general guidelines for 
using Google Colab are as follows: 

Kernel Selection: When setting up the Google Colab environment, ensure you have the correct 

kernel (R or Python) activated for the notebook. To do this, go to the ‘Runtime’ tab, and 
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select ‘Change runtime type’ to choose your desired kernel. For multiple R versions, like 

‘R’ and ‘R.4.2.2’, we suggest choosing ‘R’ to ensure compatibility. 

Interface Navigation: The Google Colab interface is user-friendly, featuring some useful icons 

on the left sidebar (Figure 5A). The ‘Table of contents’ icon facilitates quick navigation 

through the notebook and a ‘Find and replace’ icon for efficient content search. Managing 
your files is streamlined through the ‘Files’ icon, where uploading and organizing data is 

straightforward. 

File Management:  

● Uploading: Google Colab does not allow local file access. Hence, directly upload files 

from your computer to Google Colab. If you do not want to use files from your local 

machine, you can skip this (Step 4) and proceed directly to Step 5B (‘Loading Files from 

URL’) or Step 5C (‘Loading Files from GNPS’). 

● Organization: For an orderly workspace and clear data arrangement, create folders for 

your dataset. Right-click in the ‘Files’ area to upload data, refresh the view, or create new 

folders (Figure 5B). Figure 5C shows the folder ‘My_TestData’, created for organizing 
user data. Right-click on the created folder and select ‘upload’ to transfer files from the 

local machine to the cloud session. Alternatively, one can also ‘drag and drop’ files directly 

into the folder. 

● Google Drive Access: Linking Google Drive is simpler with Python. It is less direct with 

R, hence not advisable. 

Executing Code: 

● Google Colab distinguishes code cells (in gray) from text annotations, also called 

‘Markdown cells’ (in white). Run the code by clicking the play button on each cell’s top left 

corner. See Figure 5D. 

● Execution outcomes are indicated by a green check (for success) or an error message 

(for failures), providing immediate feedback. See Figure 5D. 

● One can also run several code cells sequentially within the notebook. Look for an arrow 

icon next to the section titles in the notebook (refer to Figure 5D, illustrating section header 

‘2. Preliminary setup for the notebook’). Clicking this icon reveals the total number of 

concealed cells within that section, such as ‘84 hidden cells’, including both code and 

markdown cells. Activating the play button situated below the section title initiates the 
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execution of all these cells in a collective manner. However, it is important to be cautious 

with these batch runs, especially if you are not familiar with the steps being executed, as 

some may require user input. Batch runs are most useful for sections that do not need any 

input from the user. 

5| Select a Data Loading Method. There are three options. Files can be uploaded from a 
working folder (A), from a URL (B) or directly from a repository e.g. GNPS (C). 

A Loading Files from the folder 
(User Input Required) 

i. Begin by viewing a table displaying a list of files in your working folder (e.g., uploaded in 

the previous step) as shown in Figure 7A. Each file will have an index number associated 

with it. Your task will be to import three tables by specifying the index number associated 

with each: the feature quantification table (ft), the metadata table (md), and optionally, 

annotation tables (an). For an example, see Figure 7B. To guide you through this process, 

there are three code blocks that require user input.  

 

 
Figure 7: Screenshots illustrating loading input files from a folder: A) Table showing all the files in the 

working folder, where the first column, labeled “INDEX”, denotes the serial or index number of the files. 

B) Shows the user input interface. Upon executing the code cell, the user is prompted to enter the index 

numbers for the feature table and metadata. In this example, “5” and “2” are entered, where “5” corresponds 

to the feature table file “SD_BeachSurvey_GapFilled_quant.csv” and “2” to the metadata file 

“20221125_Metadata_SD_Beaches_with_injection_order.txt”, as shown in (A). 
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ii. Feature Quantification Table and Metadata Import: The first code block will prompt you 

to enter the index numbers associated with the feature quantification table and metadata, 

separated by commas. Simply input the corresponding index number assigned to each of 

these files. 

iii. Annotation Tables Import: The second code block will request the index numbers 
associated with the annotation tables. Specifically, you will be asked to enter the index 

numbers of the GNPS library annotation file and the analog annotation files. If you have 

not performed an analog search for FBMN, only provide the index number of the GNPS 

library annotation file. 

iv. SIRIUS Annotation File Import (Optional): The third code block in the notebook queries 

if you have an additional SIRIUS annotation file (Y/N). If ‘Y’, you will enter the file’s index 

number; if 'N’, you move to the next cell. This file will be used to merge all annotations 

(e.g., GNPS library, analog hits, SIRIUS) into a single master table for easier data 

exploration later on. It is worth noting that this protocol does not specifically focus on 

SIRIUS annotations for analysis. The inclusion of SIRIUS annotations is solely for the 
convenience of consolidating all annotations in one place for the user. 

<CRITICAL STEP> By following these prompts, one can successfully load the essential tables 

required for the subsequent analysis. Make sure to carefully input the correct index 

numbers. 

B Loading Files from URL 
(User Input Required) 

i. We also provide an example of retrieving data from a URL. For this example, open the 

following URL to obtain the feature quantification table: 

https://raw.githubusercontent.com/Functional-Metabolomics-Lab/FBMN-
STATS/main/data/SD_BeachSurvey_GapFilled_quant.csv) 

ii. Access the feature quantification table, metadata, and analog result files directly from our 

Functional Metabolomics GitHub page. 

<CRITICAL STEP> The files can be sourced from any public site where your data is stored, 

such as GitHub. If you have your dataset hosted on GitHub or a similar platform, simply 

use the file’s URL. 

https://raw.githubusercontent.com/Functional-Metabolomics-Lab/FBMN-STATS/main/data/SD_BeachSurvey_GapFilled_quant.csv
https://raw.githubusercontent.com/Functional-Metabolomics-Lab/FBMN-STATS/main/data/SD_BeachSurvey_GapFilled_quant.csv
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/data
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If you are using your own dataset (or the test dataset) in Google Colab, you can get the file URL 

by uploading the input files to the Colab workspace, right-clicking on the file, selecting 

“Copy path”, and then replacing the URL in the relevant cell. 

C Loading Files from GNPS 
(User Input Required) 

i. In this step, you can load files directly from the repositories MassIVE or GNPS. If you have 

performed FBMN on your feature quantification table, you can access the required files 

by providing the task ID. To locate the task ID of your FBMN job within your GNPS 

account, navigate to the ‘Jobs’ section. Here, the ‘unique ID’ for each job is listed in the 

‘Description’ column. 

ii. When you run the relevant cell in the notebook, you will be prompted to enter the task ID 

within the notebook. Given the task ID, the notebook will retrieve the necessary files for 

further analysis. 

 

 
Exploring the Imported Files 

6| Use the head() and dim() functions to get an initial view of your imported data files.  

● The head(ft) function displays the first six rows of the feature table by default, giving 

you a quick look at your data’s structure.  

● The dim(ft) function reveals the dimensions of your feature quantification table, i.e., the 

number of rows and columns. 

 
<CRITICAL>▲CRITICAL: If you encounter an error while executing certain code cells, it is good 

practice to verify the correctness of your data tables using the head() and dim() 

functions. 

 

7| We also provide a special summary function InsideLevels(md) to explore the 

metadata, which returns a summary table with columns for INDEX, ATTRIBUTES, 
LEVELS, COUNT, and ATTRIBUTE_CLASS.  

● INDEX: Row number in the summary table 

● ATTRIBUTES: Column name of the attribute, e.g., ATTRIBUTE_Sample_Type 
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● LEVELS: Unique groups within the attribute column, e.g., Blanks, Sample 

● COUNT: Number of files for each category, e.g., 6, 180 indicating 6 files for “Blank” sample 

type and 180 for “Sample” sample type. 

● ATTRIBUTE_CLASS: Data type of the attribute. Useful for spotting cases where a 

numeric attribute like ATTRIBUTE_minutes is classified as ‘character’. 

Merging Annotations with Feature Quantification Table 
<CRITICAL> This section involves integrating various annotations, such as SIRIUS and GNPS 

annotations, into our feature quantification table. This process is vital as it helps identify 

the metabolites corresponding to the features in our feature quantification table, aiding in 

the interpretation of our metabolomics data. 

 

8| Identify Appropriate Columns for Merging. Depending on the type of annotation to be 

merged, the feature quantification table’s unique ‘row ID’ column is matched with the 

corresponding column in the annotation file: 

● GNPS Annotations: The ‘row ID’ is matched with the ‘#Scan#’ column in the GNPS 

annotation file. The ‘Compound_Name’ column contains the annotation information. 

● GNPS Analog Annotations: Similar to GNPS annotations, the ‘row ID’ is matched with 

the ‘#Scan#’ column in the GNPS analog annotation file. The ‘Compound_Name’ column 

contains the annotation information. 

● SIRIUS Summary Files: The ‘row ID’ is matched with the ‘id’ column in the SIRIUS 

summary file. A typical feature ID in the ‘id’ column might look like this: 

“3_ProjectName_Mzmine 3_SIRIUS_1_16”, where the last string (16) represents the row 

ID. 

9| Ensure data compatibility before merging. Before merging, we ensure that the classes 

(or data type) of the columns meant to be merged are the same. Then, we can combine 

feature and annotation data based on the appropriate matching columns. Any mismatch, 

such as one column being of character type while the other one is numeric, can cause 

merge errors, even if the values within the columns are identical. 

10| Merging Annotations. To do this: 
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● Rename the column names of analog annotation dataframe `an_analog` with an 

‘Analog_’ prefix and merge the modified `an_analog` dataframe with `an_gnps` based 

on ‘#Scan#’. 

● For each unique ‘#Scan#’, consolidate multiple compound names into a single row. If both 

the GNPS compound names (actual and library hits) for a particular ‘#Scan#’ are identical, 

keep one; otherwise, combine them using a “;” separator. The output is 

`an_final_single`. 

● Merge `an_final_single` with the feature quantification table (`ft`) using ‘#Scan#’ 

and ‘row ID’ as matching columns respectively. Keep all rows from the feature 

quantification table. 

 
Additional steps: 
 
11| Incorporate additional annotations (optional) 

● If SIRIUS annotations are available, follow these additional steps: Extract ‘row ID’ from the 

‘id’ column in the SIRIUS dataframe, rename the columns with a ‘SIRIUS_’ prefix, and 

merge the modified SIRIUS dataframe with `an_final` data frame based on ‘row ID’.  

● For simplicity, we have shown here how to merge the summary file from the SIRIUS 

module. Given the versatility of SIRIUS, which includes other modules like ZODIAC for 

molecular formula predictions, CSI: FingerID for molecular structure prediction, and 

CANOPUS for compound class prediction, users will obtain separate summary files for 

each module. Our protocol shows one example of merging summary files from the SIRIUS 

module, the commonly used module, storing the output in a variable named 'sirius'. Users 
working with summary files from CANOPUS or other modules can similarly save and adapt 

the code using a different variable, like 'canopus', allowing for flexible adaptation as per 

their requirements. 

12| Export the merged annotations. To do this, write the merged annotation table to a CSV 

file for further data exploration and downstream analyses. 
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Ensuring Metadata and Feature Quantification Table Compatibility for 
Downstream Analysis  

<CRITICAL> This section streamlines the metadata and feature quantification tables, ensuring 

they align perfectly for subsequent steps in the protocol and remove discrepancies 

between them. By following the outlined steps, we achieve harmonized data structures. A 

final verification confirms that all files in the feature table are mirrored in the metadata, and 

vice versa. Upon successful validation, the tables are set for the next section of analysis. 

If there is a mismatch, often due to naming inconsistencies or missing files, the user needs 

to rectify these issues before moving forward. As a user, you are not required to modify 

any of the code within this section in the Jupyter Notebook. Simply run each code cell in 

turn. 

13| Creating Backup Files. The feature quantification table (`ft`) and metadata (`md`) files 

are stored under different names (`new_ft`, ̀ new_md`) to preserve the original versions. 

14| Clean up the Feature Quantification Table 

● Clean the feature quantification table by removing ‘peak area’ extensions from the column 

names, a default format included in MZmine-derived feature quantification tables.  

● Check and remove any columns containing only NA values present in the feature and 

metadata tables. 

● Check and remove any rows and columns containing only empty strings in the metadata 
table 

15| Update the Row Names of the Feature Quantification Table 

● In this step, we reformat the row names to consolidate essential information about each 

feature. By doing this, we can retain only the numeric data in the feature quantification 

table and remove all other columns.  

● The row names are constructed by concatenating the Feature ID, m/z, RT, and GNPS 

annotations into a single string, in the following format: 

`XFeatureID_m/z_RT_GNPS_annotations`.  

● An example row name is `X92649_226.951_14.813_NA;TRYPTOPHAN`. Here, “NA” 

indicates that there was no direct library hit for this feature. However, the analog 

annotation suggests it could be tryptophan. 
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● In the R environment, a dataframe’s row names must be characters or strings. Thus, we 

add the ‘X’ character prefix to the numeric Feature ID to ensure compatibility. 

16| Select Relevant Columns (User input - Optional) 

● Retain only ‘.mzML’ (or ‘.mzXML’) file-relevant columns and remove extraneous 

information, such as additional columns added due to IIMN. Here, the features are 

represented as rows in the feature quantification table.  

● Only when the file extensions ‘.mzML’ or ‘.mzXML’ are not available, the user is prompted 

to enter their respective file extension. 

● This step ensures that the feature quantification table contains only the intensity values of 

the features, which is crucial for subsequent calculations. The modified row names provide 

basic feature information, and for a more detailed understanding, you can refer back to 

the original feature quantification table. 

17| Verifying File Consistency The metadata and feature quantification tables are arranged 

in the same order of ‘.mzML’ (or ‘.mzXML’) file names. We then verify consistency between 

the feature and metadata tables by using the `identical(new_md$filename, 

colnames(new_ft))` command.  

● If the result is TRUE, proceed to data cleanup.  

● If FALSE, there might be missing files or discrepancies in file naming. Check the 

corresponding column names in the feature quantification table for potential errors like 

spelling mistakes or case-sensitive issues, and re-upload the correct files. Re-run all the 

above steps once corrected. 

 

BOX 2 General Instructions for Navigating the Jupyter Notebook 

● Text in Red: These sections indicate critical information or code cells that require user 

input within the notebook. They serve as instructions for adapting the notebook to different 
datasets without the need to modify the code. Further details are provided within the 

notebook. 

● User Prompt Guidance: Within the notebook, when you encounter code cells with red 

highlights, simply execute them without changing their contents. For instance, you may 

come across lines such as: 
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To provide input, a pop-up box will appear in the output section. Make sure to enter your 

answers in the pop-up box instead of entering directly within the code cell. After entering 

your input, remember to press ‘Enter’ to proceed to the next step.  

Using these prompt boxes ensures that user input is seamlessly integrated into the 

following operations. The position of these prompt boxes might differ depending on your 

system as they could appear directly below the active code cell, at the notebook’s top, or 

even towards the upper section of your screen. 

● Text in Green: This indicates that the following code cell in the notebook contains function 

definitions and will not display any visible outputs. Even though the underlying code in 

these cells may seem complex, its purpose is to make repetitive tasks more efficient. 

Readers who come across these green-highlighted code cells do not need to understand 

the complexities of the code. 

● Using the ‘#’ Operator: Lines in the code cells that start with ‘#’ are comments explaining 

the code’s function or purpose. These comments are “commented out” and will not be 

executed. To run a commented-out code, remove the ‘#’ symbol and run the cell again. 

 
 
Box 3: Using JupyterLab to manage Jupyter Notebooks locally 
JupyterLab serves as an integrated development environment for managing Jupyter Notebooks. 

It offers a user-friendly way of working with multiple Notebooks simultaneously, sharing variables 

between Notebooks and saving Notebooks mid-session so that analysis can be continued at a 

later time. 

Getting Started: For those new to running Jupyter Notebooks locally, we have included a section 

on how to install and open JupyterLab in our installation guidelines. The section also includes a 

short introduction to the JupyterLab interface. 

Navigating JupyterLab: Upon launching JupyterLab a workspace will open: 
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The left sidebar features four main icons: (1) File Browser: Access and manage your files; (2) 
Running Terminals and Kernels: View your active sessions; (3) Table of Contents: Quickly 

navigate through the sections of your current Notebook. This is particularly useful for large 

Notebooks; (4) Extension Manager: Customize JupyterLab with additional features. 

Opening a Jupyter Notebook locally: There are two options to open a notebook locally: (1) 

Navigate to the location of your Notebook using the File Browser and double-clicking the 

notebook, or (2) Go to “File → Open from Path” and enter the path to your notebook (Example: 

Downloads/Stats_Untargeted_Metabolomics_python.ipynb) 

Selecting a Kernel: Selecting the correct kernel is important for successful execution of a 

Notebook. The kernel active in the current Notebook is displayed in the top-right corner (red box). 

The gray circle indicates the state of the kernel (unfilled = idle, filled = running).  
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Click the name of the current kernel to start or switch between kernels. A dropdown menu will pop 

up.  

 

Start Preferred Kernel and Start Other Kernel will start a new kernel for the Notebook. For R 

Notebooks, make sure to select the R kernel. If you have already started a kernel for another 

analysis and wish to carry over all variables and settings to the current analysis, choose a kernel 

from Use Kernel from Preferred Session or Use Kernel from Other Session. 

Saving your work: Navigate to the “File” Tab found in the top left corner of the interface. Here 
two main options are available to save your work: (1) Save Notebook: Saves the state of your 

current Notebook, does not preserve variables. (2) Save Workspace: Saves the current 

Notebook and all variables to avoid having to re-run the entire Notebook upon return. 

Further Information: For detailed installation instructions and further guidance, please refer to 

our installation guidelines over on GitHub (https://github.com/Functional-Metabolomics-

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/Jupyter-Notebook-Installation-Guides
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Lab/FBMN-STATS/blob/main/Jupyter-Notebook-Installation-Guides) and the official Jupyter 

documentation (https://docs.jupyter.org/en/latest/). 

 

2.4.2 Data Cleaning: ⬤ Timing 20-30 mins 
<CRITICAL> Following the LC-MS/MS data pre-processing with MZmine, we perform the post-

processing of the data (also known as data pretreatment or data clean-up) as the first 

crucial step in our workflow. While the ‘preliminary setup for the notebook’ section 

prepares the feature and metadata tables for analysis, actual modifications to the data 

commence from this section. 

18| Transposing the Feature Quantification Table 

● No user input is required other than running this code cell. The transposition and all 

subsequent actions will be executed automatically. As a first step, we transpose the 

feature quantification table. The result is a table (`ft_t`) where the row names represent 

the sample names, and the column names consist of concatenated feature information. 

● Then, we merge this transposed feature quantification table (`ft_t`) with the metadata 

(`new_md`), using the sample names as the common link. This merged table, referred to 

as `ft_merged`, consolidates all necessary information in a single structure. 

● The `ft_merged` table can also be exported to a CSV file for future use, such as batch 

correction or other specialized analyses. 

Batch Correction (Optional) 
<CRITICAL>  The most common method for visualizing or identifying the presence of batch 

effects is through a simple PCA, guided PCA226, or PCoA. In the PCA/PCoA scores plot, 

it is generally expected that all the (pooled) QCs cluster together indicating little analytical 
variation in the data. When the inter-batch variation gets higher, the inter-QC distances in 

the PCA/PCoA plot will also increase227.  

 

19|  Batch effects can be detected and corrected using either the steps outlined in this 

notebook (option A) or established literature methods (option B). Option A involves steps 

that refer to PCoA, detailed later in the Procedure. We have deferred the resulting 

visualization to a later section, after data cleanup. As we delve deeper into multivariate 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/Jupyter-Notebook-Installation-Guides
https://docs.jupyter.org/en/latest/
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analyses after data cleanup, this approach avoids redundancy and ensures users can 

maximize the utility of this protocol. 

A Using the notebook: 

i. Execute Step 31 to install the necessary packages for multivariate analysis. 

ii. Run Step 38 and Step 39 to visualize the PCoA using the custom-made `plotPCoA()` 

function. Detailed usage instructions are provided in the respective steps.  

iii. If your sample type information (description of which samples are pooled QCs, blanks, 

samples, etc.) is located in the ‘ATTRIBUTE_Sample_Type’ column of the metadata, 

invoke the function by typing: 

plotPCoA( 

 ft = ft_t,  

 md = new_md, 

 distmetric = "euclidean",  

 category_permanova = "ATTRIBUTE_Sample_Type", 

 pcoa_category_type = 'categorical', 

 category_pcoa_colors = "ATTRIBUTE_Sample_Type") 

 

B Established Literature Methods: 

i. Determine whether there is a batch effect using analysis of variance (ANOVA) by 

comparing the QC mean of different batches for statistically significant differences228.  

ii. If there is a notable batch effect choose an appropriate approach to correct the effects. 

These include:  

● Normalization methods such as Metabodrift229, ComBat230 

● Transformation method: waveICA231 (wavelet transformation coupled to ICA) 

● Regression-based approaches such as the linear least-square (LS) method232, QC-

based robust LOESS correction163, QC-support vector regression233 (QC-SVR) 

● ML-based methods such as random forest‐based QC‐RFSC correction234, deep learning 

model: NormAE (Normalization Autoencoder) algorithm235, Regularized Adversarial 

Learning Preserving Similarity236 (RALPS). 
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Each method has its strengths and limitations. It is important to note that, depending on the 

experimental design (e.g., sample size and sample diversity), pooled QCs are not always 

utilized. In situations where there are no QCs included in the study, normalization can be 

used instead to attempt to reduce most of the unwanted variations237, at the risk of 

removing true biological variation. For the sake of simplicity and to cater primarily to 
beginners, this protocol does not elaborate on batch correction. However, for those 

interested in exploring batch correction in depth, we have prepared a supplementary R 

notebook available on our GitHub repository (https://github.com/Functional-

Metabolomics-Lab/FBMN-

STATS/blob/main/R/Additional_Notebooks/Batch_Correction.ipynb). In this notebook, we 

execute inter-batch correction similar to the method described by Qin Liu et al.167 The 

procedure involves calculating the mean of each feature across all batches, then 

calculating the batch-specific feature means, and subsequently adjusting feature 

intensities within each batch relative to the batch-specific and overall means. For intra-

batch adjustments, this additional notebook illustrates the QC-based LOESS correction 

method, with a prerequisite that each batch should start and end with a pooled QC 

injection. 

Blank Removal 
<CRITICAL> To prioritize or identify metabolites from our samples, we need to remove 

contaminants, i.e., features found in the blanks, before proceeding with statistical 
analysis238. While blank removal can be executed during pre-processing with MZmine 3, 

which might result in the absence of blank features and samples in both the feature table 

and metadata, conducting it during post-processing offers more flexibility. For a graphical 

overview of blank removal, see Figure 8, and for more insights, refer to Box 4. 

<CRITICAL STEP> If you have performed blank removal during pre-processing, simply skip 

steps21-23. Before Step 24, assign your feature table and metadata to `blk_rem` and 

`md_Samples` respectively as in the following code block. This step prepares the data for 

seamless integration into subsequent steps. 

blk_rem <- ft_t 

md_Samples <- new_md 

 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/Additional_Notebooks/Batch_Correction.ipynb
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/Additional_Notebooks/Batch_Correction.ipynb
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/Additional_Notebooks/Batch_Correction.ipynb
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Figure 8: Blank Removal Process: Featuring a graphical representation of the blank removal followed by 

screenshots of the corresponding R code executed for the procedure. 

20| Examining Metadata Attributes Run InsideLevels(new_md) to identify unique 

groups within each metadata attribute. This helps to find the attribute column containing 

sample type information (e.g., ‘Blanks’, ‘Samples’). 
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21| Separating Blank and Sample Files (User Input Required) In this step, the data is split 

into two groups: ‘blank’ and ‘sample’ files. It’s important to note that ‘samples’ here include 

all mzML (or mzXML) files except blanks, including control samples, as they might be also 

influenced by blank features. 

● Identify the Attribute Column: The user will first be prompted to enter the index number 
of the attribute containing information about samples and blanks. Here, it is 

‘ATTRIBUTE_Sample_Type’. 

● Display Unique Groups: The unique groups within the chosen attribute column will be 

displayed. For example, in our dataset, it will show ‘Blank’ and ‘Sample’. However, your 

dataset might include various groups, such as ‘Blank’, ‘Samples’, ‘Control’, etc. 

● Select the Blank group: Next, the user will be prompted to enter the index number 

corresponding to the blank group. If there are multiple groups representing blanks (e.g., 

Blank, PPL_Blank), their index numbers should be entered, separated by commas. 

● Select the Sample group: Similarly, the user will be asked to enter the index number(s) 

for the sample level. If the dataset includes multiple groups for samples (e.g., Sample, 

Control), the corresponding index numbers should be entered, separated by commas. 

● Subset the Data: Using the information provided, the metadata (`new_md`) will be 

subsetted into `md_Blank` and `md_Samples`. The corresponding feature quantification 

tables will be obtained and named `Blank` and `Samples`, respectively. 

22| Define Cutoff for Blank Feature Removal (User Input Required) In this step, the user 

will need to set a cutoff value within the range of 0 to 1, with a recommended range of 0.1 

to 0.3. This value will determine which features are considered to be artifacts of the blank 

and thus removed from the dataset. The next step will explain how the features exceeding 

this cutoff are identified and eliminated.  

<CRITICAL STEP> Lowering the cutoff to 0.1 demands a greater contribution from the sample 

(90%) and limits the blank’s contribution to 10%. Raising the cutoff leads to fewer 

background features being identified and more analyte features being observed. 

Conversely, lowering the cutoff is more stringent and removes more features. 

23| Perform Blank Removal. Calculate the blank’s contribution to each feature and eliminate 

those exceeding the user-defined cutoff. This is achieved by: 
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● Compute the mean value for each feature within the dataframes (`Blank`) and 

(`Samples`). This step calculates two mean values for each feature, one for blanks and 

one for samples. These averages are stored in a new dataframe called `Avg_ft` under 

the columns ‘Avg_blank’ and ‘Avg_samples’. 

● Compute the ratio of the average blank contribution to the average sample contribution 

for each feature. 

● Generate a binary mask where entries corresponding to ratios above the user-defined 

cutoff are marked as 1 (TRUE), and all others are set to 0 (FALSE). This mask helps in 

identifying which features are significantly present in blanks as compared to samples. 

● Retain only the features associated with 0s in the binary mask. Features with a ratio 

exceeding the cutoff (marked as 1) are considered artifacts from the blanks and are thus 
removed. Conversely, if the feature intensity is significantly higher in samples than in 

blanks, it is deemed a true feature from the samples and is retained (marked as 0). 

● The final table, free from blank artifacts, is named `blk_rem`, and its corresponding 

metadata is `md_Samples`. 

The final output is the ̀ blk_rem` table, which excludes background or noise features. Information 

on the total number of features, the number of background/noise features, and the number 

of features after noise exclusion are also displayed. The code block used in the notebook 

for this step 23 is shown in Figure 8.  

 
Box 4 - Blank Removal 
To obtain reliable and meaningful LC-MS/MS metabolomics data, it is crucial to integrate Quality 

Control (QC) samples and blanks throughout the measurement process, which can facilitate blank 
removal. This step is critical to eliminate background noise such as signals from plasticizers, 

solvent impurities, or sample clean-up reagents, along with cumulative carryover 

contamination165,170. Therefore, incorporating blanks during sample collection, preparation, and 

measurement is vital for identifying and eliminating these interferences, as detailed in Box 1.  

Removing these non-informative features improves the quality and interpretability of the data by 

reducing the dataset’s dimension and minimizing false correlations. Nevertheless, one should be 

aware of potential challenges, such as system deconditioning, which can lead to systematic 
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variations in the metabolomic profiles. To counteract this, careful placement of blanks within a 

sample batch is advised to minimize such artifacts and to maintain data integrity170. 

One of the existing methods to remove the non-informative features is creating a molecular 

network using the online platform, the global natural product social molecular networking (GNPS), 

and visualizing the network in Cytoscape. While this process is reliable, it is tedious and requires 
users to manually remove blank and media nodes from the molecular network.7. There is also the 

‘msPurity’ R package from Lawson et al.171 with a function called “SubtractMZ” to perform blank 

removal. Data-adaptive filtering methods have also been suggested to remove features from 

blanks and low abundant features from samples with undetected values172. 

Another popular feature filtering method is based on the Coefficient of Variance (CV). Also 

referred to as relative standard deviation (RSD) is a measure of statistical dispersion, calculated 

as the ratio of the standard deviation to the mean173. When pooled QC samples are integrated 

throughout a study, CV can be used to assess the stability of each feature. As a general rule of 

thumb, features exhibiting a CV greater than 30% are typically excluded, though the threshold is 

more stringent (at 20%) for FDA studies. However, it’s essential to approach CV filtering with 
caution. Schiffman et al.172 have highlighted the potential limitations of this method, pointing out 

that CV primarily evaluates variability across technical replicates without giving weight to 

biologically meaningful variability across different subjects172. Consequently, while CV filtering 

might be apt for studies focusing on homogenous samples like plasma or Escherichia coli cells, 

it might not be the best fit for diverse sample sets such as environmental or fecal samples.  

The dispersion ratio or D-ratio, introduced by Broadhurst et al.170, offers an alternative to a simple 

CV cut-off by comparing both technical and biological variance. It is calculated by dividing 

technical variance by the total variance, which includes both technical and biological variances. 

Therefore, for any feature, a 0% D-ratio signifies that the variance is entirely biological, whereas 
a 100% D-ratio denotes complete technical noise, without any biological information. So, when 

assessing D-ratios for metabolites, it is better to retain the ones with D-ratios closer to zero170. 

 

Imputation 
<CRITICAL>  Many feature extraction software programs, such as MZmine 3, often generate 

tables with missing values denoted as “NA”, “NaN” or 0. This means that for several m/z 

and RT traces in a given sample, there may not be a peak detected and therefore no value 
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is available160. However, many statistical approaches, such as Principal Component 

Analysis (PCA), require numerical values for each observation. Hence, these features with 

missing values need to be removed or imputed. In this section, we handle the zero values 

in our blank-removed feature quantification table. Refer to Box 5 for more information on 

imputation strategies and see the accompanied illustration for a graphical overview of 
imputation.  

<CRITICAL> Imputation is not advised if one plans to execute a PCoA using the Jaccard distance 

since Jaccard transforms data into binary (0 and 1). Without zeros, it results in a table full 

of ones. 

 

24| Analyzing the frequency distribution of relative intensities. Examine the distribution 

frequency of the relative intensities in the feature quantification table by creating a 

histogram. This reveals any notable gaps in the range of values, such as a large number 

of zeros or a lack of values within a particular range. In our example, we observed many 

zeros and no values in the range of 0 to 100. The smallest non-zero value in our table was 
between 100 and 1000. 

25| Replacing zeros with random values. The program replaces all zero values in the 

dataset with the randomly generated number between 1 and the smallest non-zero value 

in our blank-removed table. This process, known as imputation, fills in the gaps in our data 

with plausible values, which can improve subsequent analyses. For the rationale behind 

this approach, see the first point in Box 5. 
 
Box 5 - Imputation strategies 
The appropriate imputation strategy depends on the nature of the missing values: 

1. Below the Limit of Detection (LOD): If a value is missing because the corresponding molecule 

was below the analytical method’s LOD, consider replacing missing values with a low value, 
ensuring it does not artificially lower the variance174. Our imputation method corresponds to this 

scenario. 
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2. Sample Processing or Feature Extraction Artifacts: Missing values due to sample 

processing or extraction issues, like ion suppression or retention time shifts, may prevent accurate 

peak detection for certain m/z and RT traces. Furthermore, matrix effects may complicate 

metabolite quantification, leading to data gaps despite the presence of peaks in the raw data160,175. 

For comprehensive statistical analysis, one can consider imputing missing values with those 

similar to values detected in other samples. Here, machine learning methods like k-nearest 

neighbor (KNN) or random forest (RF) can be useful. KNN fills in multiple missing values by 



Chapter 2: FBMN-STATS 
 

 81 

identifying the k nearest data points to a given point175. Similarly, RF can iteratively impute missing 

values using a proximity matrix derived from RF classification across all metabolites160.  

However, caution is advised with imputation as it introduces data points where none existed, 

potentially skewing results. One needs to be aware of the risks and limitations of imputation in 

statistical analysis. 
A visual representation of the imputation algorithm complemented by screenshots of associated 

R code snippets is shown below. 

 

Normalization 
<CRITICAL> Sample normalization aims to eliminate systematic bias via adjusting variations 

across samples176. In our pipeline, we show two normalization methods: Total Ion current 
(TIC) normalization and Probabilistic Quotient Normalization (PQN), implemented using 

the KODAMA library in our R Notebook. Therefore, we begin this section by installing the 

KODAMA package. We recommend that users run both normalization methods and 

scaling methods (steps 26 to 29), but they can choose either method for further analysis 

in Step 30. Additional information about normalization, including various methods, and 

guidelines for selecting the most suitable method for a given dataset, is provided in the 

accompanying Box 6. For a graphical view of the provided normalization methods, see 

the accompanying illustration in Box 6. 

26| Install the KODAMA package.  
27| Run the Total Ion Current (TIC) Normalization method. This step does not require any 

user input other than running the code cell. In TIC normalization, also known as total sum 

normalization, every feature within a sample is normalized relative to the area of the TIC 

chromatogram239. This involves dividing each feature by the sum of the peak areas of all 

features within a sample. The normalization function from the KODAMA214 (v2.4) package 

performs row-wise sum operations; for this to work, the sample names are arranged in 

rows and their features in columns. 

28| Run the Probabilistic Quotient Normalization (PQN) method. The user can simply 

execute this code cell without needing to input anything. PQN is another method 
performed on the imputed table, resulting in a PQN-normalized table with features in 

columns and samples in rows. 

PQN is based on the comparison of a ‘test’ spectrum (the individual sample to be normalized) 

with a ‘reference’ or ‘control’ spectrum. The steps involved in PQN are as follows180: 
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● Normalization of Test Spectrum: The test spectrum is first normalized, typically using a 

sum normalization technique like TIC.  

● Selection of Control Spectrum: The control spectrum acts as a standard for comparison. 

It could be a pre-determined standard obtained from a database or calculated as the mean 

or median spectrum from all samples or quality control (QC) samples.  

● Calculation of Quotients: For each sample, quotients are calculated between the 

features in the test spectrum and the corresponding features in the control spectrum. This 

step results in a median quotient spectrum for each sample. 

● Normalization by Median Quotient Spectrum: Each test spectrum is then normalized 

by dividing it by its corresponding median quotient spectrum. This process scales the test 

spectrum values relative to the control spectrum, ensuring an equal basis for comparison 

across all samples. 

 

Box 6 - Normalization 

Normalization of metabolomics data can rely on either chemical or mathematical strategies. The 

chemical method, using internal standards and quality controls, is popular in targeted analysis as 

it effectively balances metabolite concentrations across sample sets and batches. However, for 

non-targeted metabolomics, mathematical approaches are more popular176,177. There are several 

mathematical normalization methods, each with its strengths and limitations. The selection of a 

normalization method depends on the specific conditions and requirements of your dataset: 

1. Unit Normalization178 and TIC Normalization: Simple and computationally efficient 

methods useful for large datasets. They equalize the total sum of signal intensities across 

each sample. They assume that the abundance of most features does not change 

significantly across different samples or experimental conditions and their effectiveness 

decreases with large global changes in metabolite levels (e.g., due to differences in 

metabolite level such as healthy versus diseased, sample preparation, or instrument 

sensitivity). TIC normalization might over-correct disease samples with lower intensity 

reducing the differences between healthy and diseased conditions179. 

2. PQN180: Recommended when significant size effects are present or when internal 

normalization disrupts relative peak information176. Among several LC/MS-based 

normalization methods, including Contrast Normalization, Cubic Splines, and Cyclic 
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Loess, PQN has been identified as the best performer in reducing sample-to-sample 

variations177. 

3. Common Components and Specific Weights Analysis181 (CCSWA): A viable 

alternative when QC and sample data differ. 

A graphical representation of Total-ion-current (TIC) and Probabilistic Quotient normalization 
(PQN) methods, accompanied by corresponding R code snippets are shown below. 

 

Scaling 
<CRITICAL> Scaling methods in metabolomics aim to adjust the range of peak abundances 

between features176. This is done by normalizing the intensities of each feature by a 

scaling factor, effectively adjusting for fold differences between features182. Additional 

information on scaling factors can be found in Box 7 along with the graphical 

representation of scaling.  
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29| Run the Center-Scaling method. Simply run the code cell. The program applies center-

scaling to the imputed data. This allows for a consistent spread of the data, accounting for 

differences in offset between high and low-abundant features. 

In R, the scale function offers different options for centering and scaling data: 

● When center = TRUE, centering is achieved by subtracting the column means (excluding 
NAs) of the data from their respective columns (each column referring to a feature). 

Centering ensures that the fluctuations in the data are centered around zero instead of 

the mean of the metabolite concentrations182. 

● If center = TRUE and scale = TRUE: then scaling is performed by dividing the centered 

columns by their standard deviations. 

● If center = FALSE and scale = TRUE: scaling is done by dividing each column by its root 

mean square (RMS). 

● If scale = FALSE, no scaling is performed. 

<CRITICAL STEP> Since scaling introduces negative values, trying a PCoA with the Bray-Curtis 

difference on scaled data will trigger an error. 

30| Choosing data for further analysis (User Input Required). Upon executing this step, an 

overview table is generated automatically, offering a list of the dataframes produced during 

each phase of data cleanup along with its respective metadata tables. This includes 

stages like the initial raw data (Raw Data), post-blank removal data (Blank Removed 

Data), post-imputation data (Imputed Data), and various normalization stages (TIC 

Normalized, PQN Normalized, Scaled Data).  

To proceed after the overview table is generated, the user should select a dataset of interest by 

entering the corresponding index number. The chosen dataset will be stored under the 

`cleaned_data` variable and the corresponding metadata will be taken under the 

`metadata` variable. These dataframes will be used in subsequent univariate and 

multivariate analytical steps. This allows the user to: 

● Explore Multiple Datasets: Easily switch between datasets to examine the effects of 
different processing steps. 

● Tailor Analyses to Dataset Characteristics 

Two types of analyses are meaningful: 
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• TIC normalized data is apt for some univariate statistical tests, especially when analyzing 

the relative abundance of specific features or metabolites across samples without the 

comparison being skewed by samples that just have overall higher or lower intensities. 

Also, when using normalized data for multivariate techniques like PCA, it is important to 

ensure that a few dominant features do not skew the overall results. 

• Using scaled data in multivariate techniques like PCA prevents high variance features 

from dominating. Additionally, techniques relying on distance measures, like k-means or 

k-nearest neighbors, benefit from scaled data to ensure uniform feature influence. 

However, it is important to note: 

● Imputation is not advised if one plans to execute a PCoA using the Jaccard distance since 

Jaccard transforms data into binary (0 and 1). Without zeros, it results in a table full of 

ones. 

● Since scaling introduces negative values, trying a PCoA with the Bray-Curtis difference 

on scaled data will trigger an error. 

For this tutorial, we will use the `scaled_data` as our `cleaned_data` and the respective 

`metadata` variable is `md_Samples`. However, users are encouraged to experiment 

with different datasets. 

 
Box 7 – Scaling 
Scaling methods can be categorized into two subclasses based on the scaling factor used182. 

1. Using data dispersion methods, such as standard deviation (SD), for scaling: Examples: 

Autoscaling183 and Pareto scaling184. Autoscaling ensures equal variance (such as SD=1) 

for each variable, while Pareto scaling uses the square root of SD as the scaling factor.  

2. Using size measures, such as the mean, for scaling: 

Examples: Level scaling and Poisson scaling. Level scaling converts metabolite 

concentration changes relative to the mean concentration, while Poisson scaling scales 

each feature by the square root of the mean182,185. 
A graphical representation of the auto-scaling method, both centered and non-centered 

approaches, accompanied by corresponding R code snippet from the R notebook using the ‘scale’ 

function is shown below. Centering adjusts the data such as the fluctuations are centered around 

zero rather than the mean of the metabolite concentrations182 
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2.4.3 Multivariate Statistics: ⬤ Timing 50-60 mins 
<CRITICAL> In this section, we will describe 4 approaches to mulitvariate analysis. We expect 

that users will choose one or more of these based on the information provided in the 

introduction. 

• PCoA with PERMANOVA 

• HCA 

• Heatmaps 

• Supervised Classification: Random Forest 

 

31| To start the multivariate analysis, install and load the necessary R packages for this 

section: BiocManager240 (v1.30.9), ComplexHeatmap217 (v2.10.0), dendextend218 

(v1.17.1), NbClust219 (v3.0.1), ggsci223 (v3.0.0), and cowplot224 (v1.1.1). This process takes 

5-10 minutes. 

PCoA with PERMANOVA: PCoA  
<CRITICAL> Refer to Box 8 for a detailed overview of PCoA, including a graphical illustration of 

the PCoA process and corresponding code snippets used to perform the following steps 

in the notebook. 

32| Prepare Data. This step makes sure that the metadata (`metadata`) and the feature 

quantification table (`cleaned_data`) are in the same order. Also, we verify that the 
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sample names (row names) in both data tables are identical and in the same order using 

the identical() function. It should return TRUE. 

33| Calculate Pairwise Distances and Perform PCoA. No user input is required. We 
calculate pairwise Euclidean distances across all samples in the feature quantification 

table using the vegdist() function from the ‘vegan’ package99 

● Store the resulting distance or dissimilarity matrix as ‘distm’. 

● Apply the cmdscale() function from the base R ‘stats’ package to perform MDS on the 

distance matrix ‘distm’, considering 10 PCos (k=10). 

<CRITICAL STEP> The vegdist() function offers various methods such as “manhattan”, 

“euclidean”, “canberra”, “bray”, “jaccard”, “gower”, “binomial”, “chisq” for distance 

calculation. Using Euclidean distance for PCoA is equivalent to performing PCA. However, 

using vegdist(“euclidean”) and cmdscale() cannot provide loadings information. 

For a comprehensive PCA with both loadings and scores, use the prcomp() function 

such as `pca_result <- prcomp(cleaned_data, center = FALSE, scale. = 

FALSE)`. Since the `cleaned_data` we use is already centered and scaled, we set these 

parameters to FALSE. For loadings and PC scores, you can access 

`pca_result$rotation` and `pca_result$x` respectively. 

34| Analyze PCoA Results. No user input is required in this code cell. The user can 

examine the list generated by the cmdscale() function, which includes the following 

elements:  

● ‘points’ (PcoA$points) represents the data matrix with the given PCos 

● ‘eig’ (PcoA$eig) indicates the eigenvalues computed for the PCos, which describe the 

variance explained by each PCo. 

35| Plot PCoA Scores (User Input Required) Using the `ggplot2` library, create a PCoA 

Scores Plot. Here, the samples are color-coded based on the ‘ATTRIBUTE_Month’ 

attribute. To view the sample distribution of different attributes, the user can simply adjust 
the line: interested_attribute_pcoa = 'ATTRIBUTE_Month'. Importantly, the 

aspect ratio of the plot’s axes is maintained to ensure accurate representation, in line 

with recommendations by Nguyen and Holmes126.  
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Box 8 - Principal Coordinate Analysis (PCoA) 

PCoA offers an advantage over PCA by allowing various distance metrics beyond the Euclidean 

distance. This flexibility provides different insights into the data pattern based on the chosen 

dissimilarity measure. For example, when working with categorical data and sparse matrices 
containing numerous zeros, distance metrics such as Hamming distance and Jaccard distance 

outperform the Euclidean distance128,186,187. Akin to phylogenetic distance measures such as 

UniFrac distance188 used in the microbial ecology field, chemical distance matrices are emerging 

that make use of cosine MS/MS similarity between features189 or chemical similarity derived from 

CSI:FingerID190. 

 

While PCoA effectively reveals chemical trends among samples by working with different distance 

matrices, it cannot provide direct information about the relationship between features and principal 

coordinates, unlike PCA which offers ‘loadings’ information191. To discern associated features in 

such contexts, it is recommended to complement PCoA with other methods like a Heatmap 

overview, Random Forest analysis, or any of the univariate techniques discussed in this protocol. 
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In addition, to assess the impact of a specific feature on the dispersion of samples along a 

particular PCoA axis, an indirect analysis can be performed. This involves correlating or 

regressing the PCoA values of the samples with the corresponding sample scores of the variable 

of interest192. For instance, in our case, to evaluate the influence of Feature 1 on PCo1, we can 

create a scatter plot by plotting the original values of Feature 1 (sample scores) for all samples 
against the PCo1 values for all samples. The points on the plot can be colored based on the 

sampling period. By examining any trends or correlations in the plot, we can observe how the 

diversity of samples changed during the sampling period.The diagram below illustrates the 

process of transforming feature quantification tables into score plots by calculating distance 

matrices, and plotting principal coordinates. The associated code demonstrates multidimensional 

scaling using Euclidean distance. Notably, using Euclidean with PCoA is the same as performing 

PCA; however, the users can adjust to other metrics, like Canberra. 
 
 
PERMANOVA: Permutational multivariate ANOVA  

<CRITICAL> Before performing PERMANOVA, it is important to validate the homogeneity of 

group dispersions, often termed ‘Homoscedasticity’. This test ensures that each group 

exhibits approximately equal variability. Violation of this assumption might inflate the risk 

of Type I errors (false positives)193,216. If the group dispersions are homogenous, you can 

proceed with PERMANOVA with greater confidence. However, disparate dispersions 

require a more cautious interpretation of PERMANOVA results, given their higher 

susceptibility to Type I errors. In such cases, exploring alternative distance measures, 

data transformations, or delving into potential biological reasons for the dispersion 

differences might offer a more comprehensive analysis. To know more about multivariate 

dispersions, see Box 9. For a visual representation of assessing multivariate dispersion 

and conducting the PERMANOVA analysis in R, refer to the accompanying code 

snippets in Box 9. 

36|  Test for Homoscedasticity (User Input Required) 

● Specify the attribute group for assessing group dispersions. Since we are looking for 
group dispersions, it is important to select a categorical metadata column (for example, 

‘ATTRIBUTE_Month’) and avoid choosing continuous attributes, such as 

‘ATTRIBUTE_Injection_order’. 



Chapter 2: FBMN-STATS 
 

 90 

● Similar to Step 33, compute a distance matrix (‘distm’) using the feature quantification 

table and the selected attribute. For simplicity, we use the Euclidean distance in this 

instance. 

● Using the betadisper() function from the vegan package, evaluate group dispersion 

against the chosen attribute group. 

● Visualise the dispersion model to offer a clearer perspective. 

● Perform ANOVA on the dispersion model. A significant p-value (P < 0.05) indicates a 
violation of PERMANOVA’s foundational assumptions. Conversely, a non-significant 

result suggests that PERMANOVA is a suitable choice for the given attribute. 

<CRITICAL STEP> The resulting p-value for ‘ATTRIBUTE_Month’ indicates the presence of 

group dispersions, in this example the group dispersions are among different months. 

This violates the PERMANOVA assumption. When PERMANOVA is performed for this 

attribute, the PERMANOVA results require a more cautious interpretation.  
37| Conduct the PERMANOVA Test. To do this: 

● Use the adonis2() function from the `vegan` package to conduct a PERMANOVA test. 

The `adonis2` function allows for the analysis and partitioning of sums of squares using 

dissimilarity measures. 

● Apply the `adonis2` function on the dissimilarity matrix (‘distm’) and the previously chosen 

metadata column ‘ATTRIBUTE_Month’. This helps in investigating if there are significant 

differences among the samples collected during three different months. 

● Interpret the resulting p-value. In our case, we obtained a p-value of 0.001, indicating a 

significant difference between the samples. 

38| Define a Function for Streamlined Analysis. To facilitate quicker analysis and avoid 

rewriting from Step 33 to Step 37 for testing different parameters, we defined a function, 

plotPCoA(). This function performs a principal coordinates analysis (PCoA) using a 

chosen distance metric, calculates a PERMANOVA, and plots the results in a 2-D graph. 

Additionally, it assesses group dispersion prior to the PERMANOVA calculation and 

displays the significant result in the resulting plot as well. 

The function has the following parameters: 

- `ft` refers to the desired feature quantification table. 

- `md` refers to the respective metadata. 
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- `distmetric` is the distance metric of choice. 

- `category_permanova` is the desired metadata group for PERMANOVA calculation. 

- `pcoa_category_type` indicates whether the group type is categorical or continuous. 

- `category_pcoa_colors` specifies the metadata attribute for coloring the samples. 

- `cols` are the desired colors for the groups. 
- `title` is the title of the plot. 

 

Furthermore, we have created a `custom_palette` of 22 colorblind-friendly colors for coloring 

the groups consistently across the protocol. This color palette is used in Steps 47, 56, 64, 
68, 71, 76 and 80. Users can customize this palette in Step 38 according to their 

preferences. 

Additionally, we have created another simple custom function save_as_svg(), to store plots in 

SVG format utilizing the `svglite` function. This custom function can be used as 

`save_as_svg(filename, desired_plot, plot_width, plot_height, 

plot_background)`. Throughout the notebook, you will observe this function being 

used after each plot creation to save the visualizations.  

39| Apply plotPCoA() function on different dataframes. (User Input Required) In this 

step, the user can specify the variables as mentioned in the previous step. Here is an 

example of how to use the plotPCoA() function: 

plotPCoA( 

 ft = cleaned_data,  

 md = metadata, 

 distmetric = "euclidean",  

 category_permanova = "ATTRIBUTE_Month", 

 pcoa_category_type = 'categorical', 

 category_pcoa_colors = "ATTRIBUTE_Month", 

 cols = c('orange','darkgreen','red','blue','black'), 

 title = 'Principal coordinates plot') 

 

40| Get PCoA plots after each data cleanup step (User Input Required). Specify 

parameters such as the distance metric, attribute for PERMANOVA calculation, attribute 
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to color the PCoA scores, the category of the chosen attribute, similar to the previous 

plotPCoA step. These inputs will be taken to produce an overview of PCoA plots for all 

steps of data cleanup. 
 
Box 9 - Dispersion Analysis 
In the case of balanced sample sizes across groups, PERMANOVA identifies differences in group 

centroids, thus reflecting shifts in the multivariate distribution of sample units within the chosen 

resemblance space. Hence, the type of dissimilarity measure you choose is crucial. For example, 

unlike Euclidean distance, measures like Jaccard or Bray-Curtis highlight the similarity in species 

composition and do not focus on the central tendency such as the mean-variance relationship. 

On the other hand, PERMDISP is specifically tailored to detect variations in multivariate 

dispersions. Therefore, when analyzing your data, use PERMANOVA to understand group 

centroid shifts and PERMDISP to evaluate dispersion differences193. 

The following is the R code snippet for testing multivariate dispersions within the ‘group’, 

specifically referencing the ‘ATTRIBUTE_Month’ column (Dec, Jan, Oct) from the metadata. 

 
Similarly, the R code snippet for executing PERMANOVA to analyze variations between 

the aforementioned groups in the previous illustration is as follows: 
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Hierarchical Cluster Analysis 
41| Set the Plot Size. It is important to define the size of the output plot, as dendrograms are 

typically larger in plot size. Adjust the plot size accordingly to ensure a clear and 

comprehensible visualization. 

42| Execute HCA. No user input required. Here, we use the hclust() function from the 

‘stats’ package to perform HCA. The function is applied to the distance matrix ‘distm’, 

calculated based on the feature quantification table (‘cleaned_data’) using a specified 

distance metric (e.g., Euclidean, Canberra). The ‘method’ argument in hclust() denotes 

the linkage method used for measuring the distance between clusters (e.g., complete, 

single, average). We use the default ‘complete’ method, which calculates the maximum 

distance between clusters before combining them. Once HCA is completed, a dendrogram 

is generated as shown in Figure 9. This dendrogram shows split or merge distances as 

‘height’ along the y-axis, providing a visual representation of the cluster formation. 
43| Cut the Dendrogram (User Input - Optional). Similar to k-means clustering, which seeks 

to establish k clusters with minimum within-cluster variation, we can cut the dendrogram 

into a specified number of clusters using the cutree() function. However, we need to 

initialize the clustering with random k clusters. For our sample dataset, we define `k=4` 

with the cutree() function, to create four clusters. The user can change the number of 

clusters. Refer to Step 45 for more details on choosing the number of clusters. 
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Figure 9: Dendrogram Generation and Analysis: The figure illustrates a dendrogram, as a result of 

applying HCA to a feature quantification table (e.g., ‘cleaned_data’). From this data, a proximity matrix (or 

the distance matrix) is calculated (see steps 33 and 36), which subsequently guides the dendrogram 

creation. Accompanying the illustration is the related code for the cluster generation and dendrogram 

visualization. The distance matrix ‘distm’ is calculated via Euclidean distance in step 36, though alternative 

metrics can be chosen by the user. The resultant dendrogram is displayed, initially partitioning samples into 

two primary clusters: a smaller cluster from a subset of samples (corresponding to samples from January 

in our example data) and a larger subsequent cluster. Distinct sub-clusters within these main clusters are 

also discernible. 

 

44| Color the Dendrogram. Finally, we can extract the cluster allocation information and color 

the dendrogram according to the clusters. For our data, the dendrogram suggests two 

main splits, resulting in four distinct clusters. 
45| Determine the Optimal Number of Clusters. Here, we use heuristic methods similar to 

those applied in k-means clustering to determine the optimal number of clusters. For this 
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purpose, we use the Elbow approach and average silhouette method using the 

fviz_nbclust() function from the ‘factoextra’ package. 

● The Elbow method calculates the total within-cluster sum of squares (WSS) for an 

increasing number of clusters. WSS signifies the sum of distances between data points 

and their corresponding centroids within each cluster. Lower WSS values indicate within-

cluster variation137. 

● The resulting Elbow plot presents the WSS on the y-axis and the number of clusters on 
the x-axis. Lower WSS values suggest minimum within-cluster variation and better 

clustering. However, the ‘elbow’ point is considered an indicator of the optimal number of 

clusters, as further cluster additions do not significantly improve the clustering or decrease 

the WSS. For our example data, this method suggests 3 or 4 clusters. However, defining 

the ‘elbow’ can be subjective. 

● An alternate approach is the average silhouette method, which assesses clustering quality 

by determining how well each data point fits within its assigned cluster. In our case, this 

method proposes two primary clusters. 

Both the Elbow and Silhouette methods provide global insights without learning from the data, 
given their unsupervised nature. But, there are more sophisticated techniques like the 

gap-statistic which refines the heuristic concepts behind the Elbow and Silhouette 

techniques and uses a statistical procedure to estimate the optimal cluster count137.  

<CRITICAL STEP> All of the heuristic methods in Step 45 serve as guidelines rather than 

definitive answers. In practice, in Step 43, users might choose cluster numbers based on 

context, for example, in our case with seven sample areas, opting for seven clusters can 

be insightful. Later, one can check whether these clusters correspond to known sample 

groups. While context-based clustering might provide initial insights, it is important to avoid 

biases that could arise from relying heavily on pre-existing knowledge or expectations. An 

objective analysis where the data substantiate the clustering choice is crucial to ensure 

that the results are reflective of true patterns in the data, rather than what one expects or 

wants to see. 

Heatmaps 
<CRITICAL> Heatmaps are generally used to visualize complex data or discern patterns across 

a high-dimensional dataset. They are commonly used in bioinformatics241, particularly in 
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gene expression analysis and visualizing genomic datasets, owing to their ability to 

effectively represent thousands of data points242. This makes them equally suitable for 

mass spectrometry-based metabolomic experiments. Heatmaps are efficient in pattern 

recognition due to their color-coded matrix elements and adjacent dendrograms, which 

indicate functional relationships between variables and samples138. To see the resulting 
heatmap generated by the R code in the Notebook, refer to Figure 10. In this section, we 

will show how to incorporate hierarchical clustering into our heatmap.  

46| Preparing Metadata for Heatmap (User Input Required). To start with, determine which 

metadata columns or attributes will be used to decorate the heatmap. In our case, we 

specified the following attributes: ‘ATTRIBUTE_Year’, ‘ATTRIBUTE_Month’, and 

‘ATTRIBUTE_Sample_Area’. The user can select any number of attribute columns from 

their metadata as they see fit for the heatmap. A new dataframe is created comprising the 

chosen metadata. 

47| Generate annotations for Heatmap (User Input - Optional). For distinct visualization, this 

step assigns unique colors to each category within chosen attributes from the previous 

step. We have created a function generate_colors(), which utilizes a predefined 

color-blind-friendly palette (from Step 38) to assign colors to these unique groups. Users 

can modify these colors if desired in Step 38. After assigning colors to the subset 

dataframe, we use this information to decorate the heatmap with annotations from the 

HeatmapAnnotation() function in the ‘ComplexHeatmap’ package. 

48| Creating the Heatmap (User Input - Optional). To create the heatmap, apply the Heatmap 

function from the ComplexHeatmap package on the transposed `cleaned_data` (as 

previously chosen in Step 30). This arranges the features in rows and samples in columns.  

● For the heatmap, the color intensity represents the feature intensities, with the intensity 

scale ranging from 0 (blue) to 1 (dark red), and 0.5 represented as white. This color coding 

allows for a visual comparison of feature intensity variations across samples. 

● The clustering on the y-axis is based on Euclidean distance 
(clustering_distance_rows = "euclidean", clustering_distance_columns = 

"euclidean"). However, other distance measures such as Manhattan, Minkowski, 

Canberra, or even Jaccard for binary data, can be chosen based on specific needs.  

● The ‘complete’ linkage method is used for clustering (clustering_method_rows = 

"complete",clustering_method_columns = "complete"). 
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49| Refining Data Clustering with k-means. Further refine data clustering by incorporating 

the built-in k-means function within the heatmap as parameters for row and column 

clustering (row_km = 5, column_km = 4). To ensure robustness, perform multiple 

repeats (row_km_repeats = 100, column_km_repeats = 100). 

50| Extracting Features from Each Cluster. With a higher number of features, it is difficult 

to interpret the clustering or labeling of features on the heatmap. To address this, we 

extract the features from each cluster into a separate dataframe. This dataframe 

containing combined feature names (`XFeatureID_m/z_RT_GNPS_annotations) and their 

respective cluster assignments can be saved as a CSV file for further interpretation. For 

example, one could merge these cluster assignments with the feature quantification table 

for import into Cytoscape along with the FBMN and use these cluster assignments for 

coloring slices in node pie charts. 
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Figure 10: Heatmap Visualization and Construction: This figure presents both the R code snippet used 

for heatmap creation and the resultant heatmap itself. To facilitate a comprehensive view, the heatmap is 

oriented horizontally. The feature quantification table used here is the scaled table and feature intensities 

are color-coded, ranging from blue (0) to red (1). Annotations at the heatmap’s top delineate clustering 

based on variables like year, month, and sample area. 

Supervised Classification: RF 
51| Prepare the data for Random Forest. To do this: 

● First, load the `rfpermute` package.  
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● Start by merging the feature quantification table (in our example, `Imp_s` is chosen as 

the `cleaned_data` variable) and the corresponding metadata (`md_Samples`) into a 

dataframe named `cleaned_data_with_md`. This step ensures that the samples are 

correctly aligned with their corresponding attributes in the metadata, which is essential for 

the subsequent analyses. 

52| Select the Classification Attribute for Random Forest (User Input Required) Prepare 

the dataset used for Random Forest classification so it only contains feature intensity 

information and attribute of interest for classification. Here, we are classifying the samples 

according to different sample areas (‘ATTRIBUTE_Sample_Area’); in this step, the user 

is prompted to input the index number of the interested attribute to use for the 

classification. 
53|  Balance sample sizes If the sample size varies among the groups, balance the size of 

groups by using the balancedSampsize() function. This function helps ensure that 

groups with a larger number of samples do not disproportionately influence the model’s 

outcome. It does this by selecting an equal number of samples from each group to include 

in each tree of the model, based on half the size of the smallest group220. For instance, in 

our example dataset, since the smallest sample count for a group is 12, thus the function 

selects half this number (6) of samples from every group. 

This random sample selection is executed without replacement to maintain diversity in the model’s 

training set. Samples not chosen for this process are designated as “out-of-bag” (OOB) 

samples and are used for individual tree’s model validation, ensuring a balanced 

representation, with at least half of the samples from each group being utilized for testing 

each tree’s model’s accuracy198. This ensures that each group is equally represented in 

the training process. The next step will delve deeper into how these balanced samples 

contribute to the model-building and validation process. 

54| Run Random Forest This step introduces the execution of Random Forest analysis using 

the rfpermute() function, designed to simplify the Random Forest modeling 

process198,199. The function, an extension of the classic randomForest(), requires few 

parameters: the feature quantification table without the target classification column (`x`), 

the classification labels (`y`), a balanced sample size for each group (`sampsize`), 

alongside the specified number of trees (in our example, `ntree=500`) and permutations 

(in our example, `num.rep=500`). Box 10 provides a detailed overview of RF along with 
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a visualization of the RF algorithm and its implementation in R. With the rfpermute() 

function, a standard Random Forest model is initially created to calculate the variable 

importance. Following this, the response variable undergoes permutation a specified 

number of times (`num.rep`). With each permutation, a new Random Forest model is 

built to assess the impact of variable shuffling on the model’s predictive accuracy220. 

rfpermute() streamlines the Random Forest modeling process without necessitating a 

traditional train-test data split, such as the 70-30 or 80-20 ratio194. This approach takes 

advantage of OOB samples for individual tree’s model validation by using data not 

selected during each tree’s building phase. The balancedSampsize() function, 

discussed in the previous step, ensures equal representation from each group in the 

model to prevent bias. As a result, a portion of the data is utilized for training while the 
remainder serves as OOB samples for model validation. 

Once the model is run, the result displays the following: 

● The number of variables tried at each split. This is the `mtry` parameter in the 

randomForest function. The value is 95 in our case. This is determined by the square 

root of the total feature count (9092), a default method in classification trees197. 

● The confusion matrix reveals an OOB correct classification rate (can be found under 

Overall ̀ pct.correct`) of approximately 68%. This represents the model’s ability to correctly 

classify OOB samples, thereby providing an internal measure of performance. 

<CRITICAL STEP> It is important to consider the following points:  

● The selection of the number of trees and permutations is crucial and should ideally be 

determined through hyperparameter tuning, such as with the `randomForest` package 

in R, to find the optimal settings. However, to keep the process straightforward for 

beginners, we use a value of 500 for both (see bullet below) and only the `rfpermute` 

package as a simplified approach. Also, `rfpermute` cannot be used for conducting 

traditional parameter tuning which is a limitation of this package. 

● Increasing the number of trees and permutations generally enhances the model’s 

performance but also escalates computational costs. It is advised to start with a 

reasonable number of trees (e.g., 500-1000) and `num.rep` (500-10000), then adjust 

based on performance. 
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● When working with large datasets, R may run out of internal memory trying to perform the 

random forest. To work around this, adding the “as.factor” to the predictor variable (y), 

even if the class is already a factor, will alleviate the memory error.  

55| Evaluate model performance After getting the RF model, we need to evaluate the 

model’s performance using several metrics such as model accuracy, the confusion matrix, 

trace plot, and check for potential overfitting by comparing testing versus training 

accuracies. 

● The model accuracy we refer to here is derived from an OOB estimate, providing an 

approximation of OOB sample accuracy, rather than the traditional comparison between 

training and testing set accuracies (i.e., where the size of training and test data pools is a 

function of all available data instead of the result of balancing, see step 53). In our case, 

this OOB correct classification rate (Overall `pct.correct`) was found to be approximately 

68%.  

● The confusion matrix is the most basic summary of a Random Forest. See the figure B in 

Box 10 for reference. The matrix consists of the ‘original class’ in rows and the ‘predicted 

class’ in columns. The diagonals represent the number of samples correctly classified in 
each class. The matrix also has columns that show the percent of samples that were 

correctly classified in a class, along with upper and lower 95% confidence intervals.  

● The trace plot shows the OOB changes as trees were added to the forest. See the OOB 

graph in Box 10 for reference. The model should have enough trees in it so the error rate 

is stable. If the error rate level increases as the number of trees increases, it may be an 

indication of overfitting.  

56| Interpreting RF Results Beyond these, the RF results can be interpreted in various ways 

within the notebook. Users can generate the following results: 

● One could plot the most impactful predictors of the RF model using violin plots. Here, we 
show the top 9 predictors in the notebook. 

● Compare class predictions versus the actual group in a proximity plot. The group colors 

here are obtained from Step 38. This visualization is available in the notebook. 

● Rank features by importance using the ‘Mean Decrease Accuracy’ metric. This metric 

helps identify features whose removal significantly impacts the model’s accuracy, thus 

marking their importance. If a feature’s removal does not affect accuracy, it may be 

deemed less important. Features with a ‘MeanDecreaseAccuracy.pval’ < .05 are 
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considered significant, implying that their absence would affect the model’s performance 

significantly. This ranked list can also be exported as a CSV file for further analysis. 

 
Box 10 - Random Forest 

Random Forest (RF) is a powerful machine learning algorithm that operates by dividing data into 

fractions, building randomized tree predictors on each fraction, and aggregating these predictors 

together. The prediction could be based on either class labels (classification) or numerical values 
(regression). RF algorithm enhances model generalization by training each tree on a different 

data sample, where the sampling is done with replacement (bootstrap sampling). Typically, each 

tree is trained on a bootstrap sample consisting of about two-thirds of the original dataset, while 

the remaining one-third, not included in the bootstrap sample, forms the out-of-bag (OOB) 

samples for that tree. These OOB samples act as a de facto test set for validating that tree’s 

accuracy. This internal cross-validation method contributes to RF’s robustness and supports its 

utility without necessitating a traditional test set194,195. These OOB samples provide an unbiased 

estimate of the model error as they were not seen by the tree during training. This unique 

utilization of OOB samples for error estimation and variable importance assessment through 
permutation makes RF particularly effective for a wide range of data analysis tasks196. 

However, the above-mentioned use of approximately two-thirds of the data for training each tree 

in an RF model is a tunable parameter, and users may adjust it to improve model performance. 

For example, in the randomForest` function197, the parameter that controls the bootstrap sample 

size is `sampsize`. 

The OOB error rate is a measure of prediction accuracy and helps to improve the performance of 

weak or unstable learners in the model. While OOB error provides a good estimate of model 

performance, it may not entirely replace the need for a separate test set, particularly for evaluating 

generalization to new data. OOB estimates, although unbiased, may overestimate the model’s 

error rate if not run long enough to reach convergence, in other words, it is crucial to train the 

Random Forest with a sufficiently large number of trees until the error rates stabilize194. 

Acknowledging the diversity of practices in the field, with some using the traditional test-train split 

and others not198,199, the model evaluation in RF can benefit from both OOB internal validation 
and testing the model on a separate test set for external generalization. 

In RF, a common technique to assess the importance of each variable (or feature) in predicting 

the target classification is through permutation. Variable importance scores are obtained by 

permuting the values of each variable ‘m’ within the OOB samples and the tree is used to make 



Chapter 2: FBMN-STATS 
 

 103 

predictions on these permuted OOB samples. This essentially disrupts any relationship that 

variable ‘m’ might have with the target variable. The model then compares the prediction accuracy 

on the variable-m-permuted OOB samples to predict accuracy on the original (untouched) OOB 

samples. The average of the difference in accuracy (between permuted and original OOB) across 

all trees in the forest gives the raw importance score for variable “m”. This raw importance score 
is often an average value over all trees. To determine if this importance score of variable “m” is 

statistically significant, a z-score can be calculated by dividing the raw score by its standard 

error200.  

Although permutation-based variable importance is a widely recognized method for evaluating 

the significance of variables in RF models, it is not a default method in all RF implementations. 

The `rfPermute` package specifically facilitates this process for RF models in R, automating the 

calculation of importance scores by permuting feature values and assessing their impact on model 

accuracy. This approach helps in identifying the most influential variables and determining their 

statistical significance. To ensure consistency, we have implemented permutation-based variable 

importance calculations in both our R and Python Notebooks. 

In RF, there are two common metrics of variable importance used to rank features based on their 

predictive power: Mean Decrease Accuracy (MDA) and Mean Decrease Gini (MDG). MDA 

measures the decrease in model accuracy when a particular variable’s values are  permuted. A 

large decrease indicates high variable importance; MDG measures how each variable contributes 

to the homogeneity of the nodes and leaves in the resulting RF. A higher MDG value indicates 

that splitting the dataset by this variable results in purer nodes. Here, Variable Importance 

Projection (VIP) could be obtained by normalizing MDA, so they sum to 100, making them more 

interpretable on a relative scale201.  

Some of the other important parameters to keep in mind to evaluate the performance of the RF 
model are: model accuracy, confusion matrix (a matrix showing true vs predicted class labels), 

trace plot, and check for overfitting by comparing testing vs training accuracy. However, 

supervised models may not be suitable for all datasets, especially those with few observations or 

unclear class distinctions. Confounding variables, related to both the predictor and response 

variable, can also make these models unsuitable. For instance, age and gender in a drug study 

can be confounding variables, leading to erroneous results if not controlled for. In such cases, 

using supervised models for analysis may not be appropriate.  
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Random Forest Algorithm Visualization and Execution: A) This image shows an illustration 

of the Random Forest algorithm; B) The code block displayed here was used for model execution, 

using 500 trees and 500 permutations. Outputs of the rfpermute model, including a confusion 

matrix, are showcased. In addition to the above, the Out-of-Bag (OOB) error curve, another crucial 

model evaluation metric, is displayed as follows: 
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2.4.4 Univariate Statistics: ⬤ Timing 50-60 mins 

⬤ Timing 5 mins Start by installing the packages necessary for this section: FSA221 (v0.9.4), 

matrixStats222 (v0.63.0). 

Test for Normality 
 

 
Figure 11: Assessing Normality of Features: This figure illustrates methods to assess normality for 

individual features. It showcases visual approaches like histograms and Q-Q plots, where deviations from 

normality can be visually assessed. The third segment delves into significance testing using the Shapiro-

Wilk test, emphasizing that a p-value greater than 0.05 suggests a normal distribution. 
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Figure 12: The flowchart guides users in choosing the appropriate univariate statistical test, starting with a 

normality test (for example, Shapiro-Wilk). If the data are not normally distributed (P ≤ 0.05), nonparametric 

tests are recommended. Homoscedasticity, or equality of variances, can be checked using Levene’s or 

Bartlett’s tests. The flowchart then directs the choice between parametric and nonparametric tests, based 

on whether the data groups are paired or unpaired and on the number of groups being compared. 

 

<CRITICAL> In our pipeline, we conduct a normality test using two approaches: visual 

representations such as histograms and quantile-quantile plots (Q-Q plots), and the 

Shapiro-Wilk statistical test. A graphical representation of testing normality of features is 

shown in Figure 11. In addition to this, to know more about normality assumptions, refer 

to Box 11. Figure 12 provides a flowchart that guides the selection of appropriate 

statistical tests based on data normality and homogeneity. 

57| Normality Testing for One Feature To illustrate how to test for normality, pick one feature 

and generate a Q-Q plot using the qqnorm() and qqline() functions. Then, perform a 

Shapiro-Wilk test using the shapiro.test() function. The feature for this example is 

chosen from the `cleaned_data_with_md` dataframe, which was prepared in Step 

51. Additionally, Step 58 also demonstrates how log-transforming the data can improve 

the normality of the data.  

58| Normality Testing for All Features Perform a Shapiro-Wilk test for each feature and 

record the resulting p-values. Correct these p-values for false discovery rate (FDR) using 

the Benjamini & Hochberg method. If the adjusted p-value (‘p_adj’) is less than 0.05, 

reject the null hypothesis and consider the data to be non-normal. Tally up the features 
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that fall under normal and non-normal distributions. If the majority of features are non-

normal, consider using non-parametric tests for further analysis. In our example data, out 

of the 9092 features, only 54 had a normal distribution. Thus performing non-parametric 

tests, such as the Kruskal-Wallis test, might make more sense for our data. 

 

Box 11 - Normality assumptions 
Besides normality, it is essential to consider two other critical assumptions when deciding 

between parametric and non-parametric tests: homogeneity of variances (homoscedasticity) and 

independence. Homoscedasticity demands that within-group variances are equal. If unequal 

(heteroscedasticity), it increases the chance of falsely identifying a “significant” result. 

Homoscedasticity can be evaluated graphically via boxplots or statistically via Levene’s and 

Bartlett’s tests. Here, the null hypothesis (H0) for these tests states that the within-group variances 

are equal. If the p-value is less than 0.05, it indicates a difference in population variances. The 

final assumption, ‘independence’, stipulates that the occurrence of one event does not influence 
the probability of another. In a metabolomic context, this implies that knowledge of one sample 

value does not predict another’s. However, these assumptions, particularly normality, are seldom 

fully met in real-world metabolomics datasets202,203.  

Parametric and non-parametric tests 
<CRITICAL> In this procedure, we performed both ANOVA (parametric) and Kruskal-Wallis tests 

(non-parametric), along with their respective post-hoc tests on the same dataset. The only 

reason that both tests were performed was to demonstrate to users how these tests can 

be applied and what the potential results might look like. However, only one of the two 

tests is necessary depending on whether the user’s data conforms to parametric test 

assumptions. Therefore, it is advisable to choose the test that best suits your data’s 

characteristics rather than employing both. The Kruskal-Wallis test is considered more 

appropriate for the example dataset due to the non-normal distribution of the majority of 

its features (See Step 59). For more information on which test to choose based on 

normality assumptions, refer to Figure 12. 

Parametric tests 
<CRITICAL> For all the tests below, the respective significance values can be saved as a CSV 

table, and the plots can be saved in SVG, PDF, or PNG formats for further analysis or 

presentation.  
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ANOVA test 

<CRITICAL> The analysis of variance (ANOVA) is the statistical procedure used to test if there 

exists a significant difference in the means of a dependent variable between three or more 

groups. As opposed to a pair-wise comparison where we compare the means in a variable 

(i.e., μ1=μ2), in the ANOVA we compare the means of several groups243. For a deeper 

understanding of ANOVA, please refer to Box 12. Furthermore, the accompanying 

illustration offers a visual explanation of the ANOVA algorithm, detailing both the R code 

and a resulting plot that contrasts the F-statistic with p-values, highlighting significant 
features. 

 

59| Run ANOVA on one feature (User Input Required) Here the user is prompted to enter 

the index number of the attribute for performing ANOVA. In the tutorial, we use 

‘ATTRIBUTE_Sample_Area’. The resulting ANOVA statistics are shown in a table format. 

60| Running ANOVA on all features 

● For each metabolite feature, execute an ANOVA test within a for loop. The output for each 

feature is stored in a dataframe named `anova_out`. The ‘for loop’ passes each feature 

column as the first argument of the aov() function against the selected attribute from the 

previous step (‘ATTRIBUTE_Sample_Area’). This is because we are examining how a 

particular feature varies across different sample areas.  

● Tidy up the ANOVA output for each feature into a table using the tidy() function from 

the broom244 package.  

● Out of the two rows in the ANOVA summary table, select only the first row of this table 

(which contains the means, F-statistic, and p-value) and leave the second row consisting 

of the residuals.  

● Consolidate these rows into a single dataframe which contains the features, their 

corresponding p-values, their BH-corrected p-values, and their significance status in 

several columns. Features with a BH-corrected p-value (‘anova_out$p_BH’) less than 

0.05 are considered significant. 

61| Subsetting Significant Features Filter out the significant features for further 

examination. Display the count of significant and non-significant features. 
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62| Visualize ANOVA Results Sort the `anova_out` results by p-value and visualize the 

significant features using ggplot(). This involves plotting log-transformed F-Statistic 

values on the x-axis against the negative logarithm of `p_BH` values on the y-axis. As F-

Statistic and p-values can vary greatly, their log values offer easier visualization. To 

prevent clutter, limit the display to the names of the top 6 significant features. 
63| Visualize the Top Significant Metabolites Generate boxplots for the top 4 significant 

metabolites to observe how their intensity levels differ across sampling sites. The colors 

for these different sampling sites are generated from Step 38. Extract these metabolites’ 

data from the `uni_data` dataframe, which contains both feature intensities and 

metadata, and plot their intensities based on the sampling sites. In our example, the higher 

intensities of these features in the ‘Mission Bay’ sample area primarily account for the 
observed differences between sampling sites. 

 
Box 12 – ANOVA 

If a pairwise test is used (e.g., a t-test), an increased probability of getting a false positive 

difference (Type I error) would be observed just by chance due to the effects of multiple 

comparisons204. Instead, in the ANOVA test, we can perform a single test to see if the observed 

differences are due to randomness or due to the grouping of the samples (e.g., origin, location, 

type of soil, etc.). The F-statistic is calculated using the sum of squares and the degrees of 

freedom (seethe illustration below) and compared to a standard F-distribution to determine 

whether the differences among group means are greater than would be expected by chance. 

Importantly, the alternative hypothesis (i.e., where a difference exists between the means) is 

unspecific. This means that the test does not tell us where the difference(s) lie (e.g., if the 

difference is µA ≠ µB or µB ≠ µC), it only tells us whether there exists a difference among all the 

means. The first assumption of the ANOVA test is the normality of population distribution and the 

homogeneity in their variances202,205. Non-parametric tests should be used if these assumptions 

do not hold in the data of interest. 
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The illustration depicts the ANOVA process applied to a sample feature across groups A, B, and 

C using dummy data. Following this, the R code block used to test ANOVA on our dataset is 

displayed. This process involves selecting metadata for grouped information (e.g., sample areas), 

factorizing it for grouping, and then presenting the ANOVA outcome for one of the features in 

relation to various sample areas. A complementary volcano plot showcases the significance of 
features by mapping log(F-statistic of ANOVA) against the negative logarithm of p-values. 

Tukey’s Honestly Significant Difference (HSD) test 

<CRITICAL> If the ANOVA test provides evidence that a difference indeed exists between the 
means of the groups, the next step is to find between which groups the difference or 

differences exist. To do this, we can conduct a Tukey HSD post hoc test used to compare 

multiple means in a single analysis202. Refer to Box 13 for more information on Tukey’s 

test. Additionally, the box provides a visual guide for applying the Tukey test, its 

implementation in R, and a resulting volcano plot that highlights significant features from 

our pairwise comparison. 

64| Perform Tukey HSD for a Significant Feature First, we select a feature identified as 

significant in the ANOVA result, using `anova_sig_names` generated in Step 62. From 

the ANOVA output, we subset the data for this significant feature and conduct a Tukey 

HSD test. The output is a comprehensive table providing an assessment of every possible 

pairwise group difference as shown in the code snippet in Box 13. To conduct a Tukey 
HSD test for all features, consider specifying just a one-pair comparison to maintain 

simplicity. For instance, based on the ANOVA results, the sampling site ‘Mission Bay’ 

appeared to significantly differ from others for the top four metabolites, hence we can focus 

on the results from comparisons between ‘Mission Bay’ and another specific sampling site 

in the subsequent step. 

65| Perform Tukey HSD for All Significant Features (User Input Required) Carry out a 

Tukey HSD test for all the significant features identified in the ANOVA. Then, filter the 

results for the specific comparison such as ‘Mission Bay vs. La Jolla Reefs’. Here, users 

are prompted to input the index number corresponding to their desired comparison from 
the ‘contrast’ column displayed in the previous step’s output. As a result of the Tukey test 

of this pairwise interaction, p-values are produced for each feature. After applying the BH 

correction method, features with corrected p-values (output_tukey$p_BH < 0.05) are 

highlighted as significantly different between the selected sites. 
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66| Count Significant Features Determine how many features exhibit a significant difference 

between the chosen sites and how many do not.  

67| Visualize Results with a Volcano Plot Create a volcano plot with ‘-log(p_BH)’ on the 

y-axis and the group difference (‘estimate’) on the x-axis. Display the names of the top 

findings on the plot to highlight the most significant differences between the chosen sites. 

Additionally, visualize the top 2 significant metabolites as boxplots from both extremes of 

the volcano plot (right and left tips) to clearly represent if the significant metabolite is 

upregulated or downregulated among the chosen sites. The colors for the different groups 
in these boxplots are obtained from Step 38. 

 
Box 13 - Tukey’s post hoc test 

One of the goals of this test is to overcome the Type I error rate inflation of doing multiple 

comparisons202. The most used post hoc test for ANOVA is Tukey’s Honestly Significant 

Difference (HSD). To calculate the HSD between two means, a statistical distribution defined by 

Student (called the q distribution) is used which takes into account the number of means being 

compared206. 
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Overview of Tukey’s HSD Test: This figure starts with an illustration that showcases how 
ANOVA’s significance suggests that at least one group differs significantly from others, which 

then necessitates a further analysis through pairwise comparisons using Tukey’s HSD test. 

Alongside this, we present the code block demonstrating the Tukey test applied to the first 

significant feature identified via ANOVA. Given the presence of 7 sample areas, the output 

presents p-values for all potential 21 pairwise comparisons. Having executed this for all ANOVA-

significant features, we particularly highlighted comparisons between ‘Mission Bay’ and ‘La Jolla 

Reef’. The resulting significance is visualized via a volcano plot, where right-tailed features exhibit 

higher prevalence in ‘Mission Bay’, while left-tailed features dominate in ‘La Jolla Reef’. 
 

T-tests 

68| Select Attribute for T-Test Analysis (User Input Required) A t-test is suitable for 

comparisons involving just two groups. Therefore, users should specify the attribute for 

the two distinct groups by providing the corresponding index number. For our example, 

we explore the metabolome’s response to rainfall. Hence, we introduce an 

‘ATTRIBUTE_rainfall’ column, designating ‘1’ for ‘Jan-2018’ (a high rainfall period) and 

‘0’ for the remaining two months, Dec 2017 and Oct 2018 (without rainfall). 
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<CRITICAL STEP> This ‘ATTRIBUTE_rainfall’ column addition caters to our dataset’s 

context. This example aims to illustrate the concept of including samples’ environmental 

context rather than serve as a model for this test. Users with pre-existing binary attributes 

can skip this addition, while others may adjust this step to align with their data. 

69| Perform T-Test Following the same steps as ANOVA (from Steps 60 to 63), the 

t.test() function is used in place of aov() in this case. The final output is a dataframe 

‘ttest_output’ containing the significance of each feature for the two conditions under 

investigation. 

70| Plot T-Test Results Visualize the t-test results using a volcano plot, with the ‘estimate’ 

(difference in means of the two conditions for each feature) on the x-axis and ‘-

log(p_BH)’ on the y-axis. Additionally, visualize the top 2 significant metabolites as 

boxplots from both extremes of the volcano plot (right and left tips) to clearly represent if 
the significant metabolite is upregulated or downregulated for the chosen attribute. The 

colors for the different groups in these boxplots are obtained from Step 38. 

<CRITICAL STEP> Unlike ANOVA, post-hoc tests are not needed for t-tests as there are only 

two conditions to compare. In ANOVA, when a feature is found to be significant, post-hoc 

tests help determine which specific groups show significant differences. 

Non-Parametric Tests 
 <CRITICAL> Non-parametric tests can be performed when parametric tests are not appropriate 

due to data characteristics, such as non-normality. For all of these tests, the respective 

significance values can be saved as a CSV table, and the plots can be saved in SVG, 

PDF, or PNG formats for further analysis or presentation.  

Kruskal-Wallis Test 

 <CRITICAL> The Kruskal-Wallis (KW) test is a non-parametric statistical test used to compare 

three or more independent groups. It can be used when the assumptions of normality and 

equal variances are not met for performing an ANOVA207. For more information on the KW 

Test, refer to Box 14. Additionally, the accompanying figure shows a visual explanation of 

the KW algorithm, along with the R-code used to test a feature across various groups and 

determine its significance. 

71| Perform Kruskal-Wallis Test on one feature (User Input Required) Begin by specifying 
the attribute for the KW test by entering its index number. In this tutorial, we opt for 
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‘ATTRIBUTE_Sample_Area’. Then, apply the KW test on a single feature (the first feature 

in the ̀ uni_data` dataframe) across different sample areas using the kruskal.test() 

function. Note that the `uni_data` dataframe originates from the `cleaned_data`, 

which we chose as the `Imp_s` scaled table (see Step 30). Summarize the output into 

a one-row table using the tidy() function from the broom244 package as shown in the 

figure. 

The steps for the KW test (Steps 72 to 74) are structured similarly to the ANOVA steps (Steps 
60 to 63). 

72| Run Kruskal-Wallis Test for All Features 

● Just like in ANOVA (Step 61), perform the Kruskal-Wallis test for each metabolite across 

different sample areas. Then, tidy up the output for each feature into a table using the 

tidy() function.  

● Combine these rows into a single dataframe containing features, their corresponding p-

values, their BH-corrected p-values, and their significance status. Features with a BH-
corrected p-value (kruskall_out$p_BH < 0.05) less than 0.05 are considered 

significant. 

73| Filter Significant Features Display the count of significant and non-significant features. 

Filter out the names of significant features from the KW output dataframe for further 

analysis. This is done by selecting the column ‘significant’ in ̀ kruskall_out` dataframe 

and filter rows labeled ‘Significance’. Extract their row names, which include information 

such as unique feature ID, m/z values, RT, and annotation if available. 
74| Visualize Kruskal-Wallis Results Similar to visualising ANOVA results, we first sort the 

`kruskall_out` dataframe results by p-value and visualize the significant features 

using ggplot(). This involves plotting log-transformed K-Statistic values on the x-axis 

against ‘-log(p_BH)’ on the y-axis. To prevent clutter, limit the display to the names of 

the top 6 significant features. 
75| Visualize the Top Significant Metabolites of Kruskal-Wallis Results Generate 

boxplots for the top 4 significant metabolites to observe how their intensity levels differ 

across sampling sites. The colors for the different sampling sites in these boxplots are 

obtained from Step 38. Extract these metabolites’ data from the `uni_data` dataframe, 
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which contains both feature intensities and metadata, and plot their intensities based on 

the sampling sites. 

 
Box 14 - Kruskal-Wallis test 

Although the Kruskal-Wallis test does not assume normality, it is expected that samples are 

random and independent and that the observations in each group come from populations with the 

same shape of distribution207. As an extension of the Mann–Whitney U test (which is used to 
compare only two groups), it compares the median ranks of the groups, which are calculated by 

combining the ranks of all the observations across all groups and then taking their average208. 

With this information, the K statistic can be calculated and compared to the chi-square distribution 

to accept or reject the null hypothesis (see the illustration below). If the null hypothesis is rejected, 

the alternative hypothesis states that at least one group has a different median from the others. 

 

The illustration provides a comprehensive view of the Kruskal-Wallis test algorithm. If the test 
results in rejecting the null hypothesis (with p < 0.05), it suggests that at least one group’s median 

deviates significantly from the others. To complement the illustration, the corresponding code 

snippet from the protocol is presented. Echoing the approach with ANOVA, here the Kruskal-

Wallis test is executed on an individual feature in relation to the metadata column that groups 

information, with our primary interest being the “Sample area”. 
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Dunn’s Post Hoc Test 

 <CRITICAL STEP> The Dunn statistical test is a non-parametric alternative to the Tukey HSD 

post hoc test to make pairwise comparisons between multiple groups. The steps for 

Dunn’s post hoc test (Steps 77 to 80) are structured similarly to the Tukey HSD steps 

(Steps 65 to 68). Refer to Box 15 for more information on Dunn’s post hoc test. The 

accompanying figure in Box 15 shows a visual representation of applying the Dunn test 

and its implementation in R. 

76| Perform Dunn Test for a Significant Feature First, we select the first feature identified 

as significant in the KW test result, using `kw_sig_names` generated in Step 74. From 

the KW output, we subset the data for this significant feature and conduct a Dunn test 

using dunnTest() function. The output is a comprehensive table providing an 

assessment of every possible pairwise group difference as shown in Box 15. When 

conducting a Dunn test on all significant features, consider specifying just one pair 

interaction to maintain simplicity. Similar to the Tukey HSD test, here we will focus on the 

results from comparisons between ‘Mission Bay’ and ‘La Jolla Reefs’ in the subsequent 

step. 

77| Perform Dunn Test for All Significant Features (User Input Required) Carry out a Dunn 

test for all the significant features identified in the Kruskal-Wallis test with BH correction 

for p-values. Then, filter the results for the specific interaction ‘Mission Bay vs La Jolla 

Reefs’. To perform this, the user will be prompted to enter the index number corresponding 
to the desired comparison. This index number can be referenced from the table produced 

in the preceding step. Then, the Dunn Test result for those comparisons will be filtered for 

each feature showing the corrected p-values. The significance is assigned based on the 
corrected p-values (dunn_output$P.adj < 0.05) to identify the features that show a 

significant difference between these two sites.  
78| Count Significant Features Determine how many features exhibit a significant difference 

between the chosen sites and how many do not.  

79| Visualize Results with a Volcano Plot Create a volcano plot with ‘-log(p_BH)’ on the 

y-axis and the Z statistic on the x-axis. Display the names of the top findings on the plot 

to highlight the most significant differences between the chosen sites. Additionally, 

visualize the top 2 significant metabolites as boxplots from both extremes of the volcano 

plot (right and left tips) to clearly represent if the significant metabolite is upregulated or 
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downregulated for the chosen sites. The colors for the different sampling sites in these 

boxplots are obtained from Step 38. 

Box 15 - Dunn test 
The Dunn statistical test is a non-parametric post-hoc test following Kruskal-Wallis test similar to 
the Tukey HSD post hoc test for ANOVA to make pairwise comparisons between multiple groups. 

Dunn’s z-test approximation of the exact rank-sum test statistics is calculated with the mean 

rankings from the preceding Kruskal–Wallis test based on the differences in mean ranks for each 

group and, then, the p-value is calculated using a modified version of the BH correction to account 

for the type I error rate increase due to multiple comparisons.209  

The image below illustrates the Dunn test, a post hoc analysis following the Kruskal-Wallis test. 

After identifying significant features from the Kruskal-Wallis test, the next step is to conduct 

pairwise comparisons between groups. The accompanying code block demonstrates the 

execution of the Dunn test on the first significant feature obtained from the Kruskal-Wallis test, 

examining its relationship with various sample areas. The resulting display includes p-values for 
all potential 21 pairwise comparisons. 
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2.4.5 Integrating Statistical Results into a Molecular Network 
<CRITICAL> Statistical outcomes and generated CSV files can be integrated into a molecular 

network via Cytoscape to help prioritize subsequent MS annotations and full structural 
identifications. For instance, in this protocol, we demonstrate the integration of Random 

Forest (RF) analysis results with the GraphML file obtained from FBMN, which is 

accessible in Cytoscape. The file used for this section is the ̀ Significant_features_RF` file 

generated in Step 56 and it contains significant features with a 

‘MeanDecreaseAccuracy.pval’ less than 0.05. The procedure for generating and 

interpreting this ranked list of significant features is described in Step 56. The file can be 

accessed from our GitHub Repository: https://github.com/Functional-Metabolomics-

Lab/FBMN-STATS/blob/main/R/outputs_R_Notebook/Multivariate_results/2023-09-

07_Top5percent_ImportantFeatures_RF_500trees_500perm.csv. 

 
Preparing the CSV File for Integration: 

80| Start by adjusting the first column of your CSV, which typically contains concatenated 

identifiers (e.g., X91133_907.259_12.628_NA;THEAFLAVIN DIGALLATE) into a single 

string. This column represents a unique ID, m/z, retention time, and annotated names. 

81| Use the delimiter “_” to separate these components into 4 columns and rename the 

columns to ‘uniqueID’, ‘mz’, ‘RT’, ‘annotated_names’ for clarity. Retaining these unique 

identifiers as the first column in the CSV facilitates their use as a key for integration with 
the Cytoscape GraphML file. 

82| Remove the “X” prefix on the first column ‘uniqueID’ 

83| Add a column labeled “RF significant features” and fill it with “RF significant features”. This 

can be used later in Cytoscape to mark the RF-identified significant features. 

84| Once modifications are complete, save this modified CSV for subsequent integration with 

Cytoscape. Reference for the modified file is available at: https://github.com/Functional-

Metabolomics-Lab/FBMN-

STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network 

 

Integrating the Data into Cytoscape: 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/outputs_R_Notebook/Multivariate_results/2023-09-07_Top5percent_ImportantFeatures_RF_500trees_500perm.csv
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/outputs_R_Notebook/Multivariate_results/2023-09-07_Top5percent_ImportantFeatures_RF_500trees_500perm.csv
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/R/outputs_R_Notebook/Multivariate_results/2023-09-07_Top5percent_ImportantFeatures_RF_500trees_500perm.csv
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
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85| After your FBMN job is complete, download the Cytoscape data from the GNPS status 

page under “Export/Download Network Files”, and click “Download Cytoscape Data”. 

This zip file contains all the necessary files for integration. 

86| Launch Cytoscape and open the GraphML file from your GNPS download. 

87| Import the Modified CSV: Use the “Import Table from File” feature in Cytoscape to bring 
in your modified CSV file (Figure 13 A; icon of a table and downward pointing arrow). In 

the “Import Columns from Table” dialog, ensure the settings match those depicted in the 

accompanying Figure 13 B: 

• Import Data as: Node Table Columns 

• Key Column for Network: Choose “shared name” to align with the “shared name” 

column in the original node table.  

• In the ‘Preview’ section, make sure the first column of the imported table, “uniqueID”, is 

assigned as the key column to merge. 

• Verify the type of both these columns to confirm that they are both numeric. Different types 

will disturb merging. 
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Figure 13: Visual Guide to Integrating Data into Cytoscape Networks: A) Screenshot of the Cytoscape interface 

showcasing the initial view upon loading a GraphML file from Feature-Based Molecular Networking results. Note that 

key areas are outlined in red. On the left sidebar with primary icons (Network, Style, Filter, Annotation), ‘Network’ is 

currently active (emphasized in gray) and the ‘Style’ icon is expanded to reveal options for customizing nodes, edges, 

and more. In addition, the icon ‘Import Table from File’ from the top menu bar is also circled; B) After selecting ‘Import 

Table from File’, the user navigates through a dialog box (‘Import Columns from Table’) that allows for the merging of 

the modified csv table into the existing network based on a unique index column present in both tables. Crucial settings 

such as ‘Import Data as: Node Table Columns’ and ‘Key Column for Network: shared name’ are outlined in red. Below, 

the Preview section shows the modified Random Forest results table, with ‘uniqueID’ (column containing unique feature 

IDs) as the key column for merging. C) The figure displays a small example network where nodes are enhanced with 

Random Forest importance scores. Nodes without statistical significance are depicted in blue, while significant nodes 

showcase a pie chart visualization. Each segment of the pie-chart represents the importance score for one of the seven 

locations (as an example, the seven locations share similar importance scores for the uppermost significant node, while 

Torrey Pines has the highest importance score for the lowermost significant node). The overall node size corresponds 

to the 'Mean Decrease Accuracy' (MDA) metric. 

 
Visualizing RF Results: 

89| To represent MDA scores visually, adjust node border widths under the “Style” tab in 

Cytoscape (Figure 13 A): Navigate to Node → Border Width and select your MDA column 

for mapping, choosing a passthrough mapping type. 

90| Consider differentiating significant RF features, such as changing their shape to squares, 

by utilizing the “RF significant features” column. This can be done by navigating to Style 

→ Node → Shape, selecting the “RF significant features” column under “Column”, and 

setting “Mapping Type” to “Discrete Mapping”. Assign shapes, such as rounded squares, 

for significant features, as shown in Figure 13 G. This is particularly useful if you are 

incorporating results from several statistical tests. 

91| For a comprehensive view, pie charts can illustrate the importance score of each feature 

across groups (e.g., 7 locations) such as in Figure 13 C. This visualization can highlight 

features with varying significance across the groups, aiding in the prioritization process. 

To create a pie chart, click on the pie chart icon in the Node section’s style menu, labeled 

“Image/Chart 1”. A window will appear where all the available columns can be selected 

(we used the random forest importance scores for each location), and a “customize” 

button, where each feature can be assigned a color. 
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2.5 Troubleshooting 

Troubleshooting advice can be found in Table 4. 

Common troubleshooting tips for the R Notebook can be found in Table 4 and within each step of 
the main protocol as needed. Additionally, the Supplementary Information (SI) document provides 

insights on differences between the R steps and other notebooks, as well as the fbmn-stats app, 

along with further troubleshooting advice. For any unresolved issues, we recommend submitting 

an issue on our GitHub page. 

Table 4: Troubleshooting 

Ste
p 

Problem Possible reason Possible solution 

2, 

26, 

31, 

51, 

57 

Package 

installation 

fails or is 

slow. 

‘p_load’ function from 

pacman library may not 

retrieve some packages well.  

In such cases, install and load the 

packages manually: 

install.packages(‘tidyverse’) 

library(‘tidyverse’)  

3 Incorrect 

path entry 

in code cell 

and it 
results in 

error 

Users enter the folder path 

directly in the code cell. 

Run the code cell first (shift + Enter in 

case of the JupyterLab environment or 

simply press the play button next to the 

code cell in terms of Colab environment). 
This will result in a pop-up box asking for 

path entry. Here, enter the path of the 

folder that contains the input files. Make 

sure to run this step and set a working 

directory as all the resulting files will be 

stored here 

3, 4 While 

setting the 

working 

Google Colab platform 

cannot access the local files 

directly. One can mount their 

Make sure to create a folder in the Colab 

platform and upload your input files there 
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directory in 

google 

colab, users 

enter a local 

path and it 
fails 

google drive and access files 

from there, but that is possible 

only with Python and not in R 

manually, then set the path of that folder 

as the working directory 

6 Metadata 

table not 

read 

correctly 

Metadata was uploaded in 

incorrect format.  
 

The R Notebook expects the metadata to 

be in txt or tsv format. So make sure to 

save it that way and not in csv mode 

before uploading the file.  

Else, in step 5, you can change the 

separator sep = '\t' in the following code 

block to sep = ',' or ';'. 

md <- read.csv(file_names[input[2]], 

header = T, check.names = F, sep = '\t')` 

6 Files not 

read or 

separated 

correctly. 

Incorrect file formats and 

separators.  

Ensure the feature table is ‘.csv’ and 

others are ‘.tsv’ or ‘.txt’. Check that ‘.csv’ 

is comma-separated and not semi-colon 

separated because of your regional 

language settings 

17 Filenames 

in the 

metadata 

are missing 
in the 

feature 

table and 

lists the 

filenames 

Spelling errors, case 

sensitivity issues, and 

presence of whitespaces in 

metadata filenames are 
common issues, particularly 

as metadata is often manually 

entered in Excel. 

Check the filenames in metadata against 

the corresponding column names in the 

feature table for spelling mistakes, case-

sensitive errors. Then reupload the files. 

30 Error 

suggesting 

Missing data frames from the 

previous cleanup steps.  

Whether the user wants to perform the 

data cleanup steps or not, execute all 
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missing 

dataframe 

preceding steps to make sure necessary 

dataframes are available to be retrieved 

for this step. Here, the user can choose 

which of these dataframes to be used for 

the statistical analysis. 

35 PCoA plot 

fails due to 

color 

limitations. 

In this example, the column 

used for coloring scores, 

'ATTRIBUTE_Month', is 

preset based on the example 

dataset. Errors may occur if 

this column name is not 

updated when using different 

data. Additionally, plotting 

issues may arise if the chosen 

metadata column has more 
than the eight available 

colors, leading to coloring 

errors in the scores. 

Make sure to choose a metadata column 

with eight or fewer groups, or customize 

the coloring in the code to fit the number 

of groups. 

39 Color error 

in plots 

Here, the colors are specified 

for 5 groups. If the chosen 

attribute has more than 5 

groups, it might cause an 

error.  

Specify colors for all groups or allow the 

function to use default settings by 

removing the cols command. The plotting 

function plotPCoA can handle up to 22 

groups. 

48, 
49 

Heatmap 
visualizatio

n issues 

with non-

scaled data. 
 

`t(cleaned_data), 
 heatmap_legend_param = 

list(title = 

"Scaled/centered\nintensity"),

  

 col = 

circlize::colorRamp2(c(0, 0.5, 

1)),` 

If you chose a different dataframes (such 
as raw data, or just blank removed data or 

TIC normalized data) as your cleaned 

data at step 30, then adjust color ramp 

settings accordingly in these steps as 

circlize::colorRamp2(c(min(cleaned_data

), 0, max(cleaned_data))).  
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The above code within the 

heatmap function states that 

we are using the transposed 

cleaned data (which is scaled 

data, in the example) and the 
color ramp is given as 0, 

0.5,1. 

 

When using non-scaled data 

for a heatmap, the specified 

color ramp may not 

adequately represent all 

intensity variations, resulting 

in poor visualization quality.  

Consider using a color (e.g. yellow) for NA 

values if present by including the following 

within the function: `na_col = 'yellow'`.  
 

 

2.6 Timing 

The processing times reported here are based on using our example dataset within the Colab 

platform, with durations estimated from a beginner’s perspective. This reflects the time typically 

required for someone new to complete the analysis. Running these procedures on local Jupyter 

Notebook systems could significantly decrease these times.  

The preliminary setup for the notebook, covering steps 1-17, takes approximately 30-40 minutes, 
with the package installation alone taking about 10-15 minutes. The data cleaning process, 

spanning steps 18-30, is estimated to take 20-30 minutes. Multivariate statistical analysis, which 

includes steps 31-56, generally requires 50-60 minutes, with heatmap generation and Random 

Forest classification taking the longest time—5-10 minutes for each heatmap generation and 30-

60 minutes for Random Forest. 

Univariate statistics, covering steps 57-80, also take about 50-60 minutes, with specific steps 59, 

61, 66, 73, and 78 each taking 5-10 minutes. Finally, integrating statistical results into a molecular 

network, detailed in steps 81-91, could take 1-2 hours for users who are new to Cytoscape, as 

they learn to navigate and utilize the software effectively. 
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2.7 Anticipated Results 
We illustrate the types of results that could be obtained using specific worked example.  
 

Data Refinement and Annotation Insights 

In the example data, we investigated the coastal environments along the San Diego coastline 

from Torrey Pines State Beach to Mission Bay, USA, during different dry and wet seasons. Refer 

to Figure 14A for a spatial map of the sampling locations. The presumption was that post-rain 

samples from Jan 2018, influenced by runoff, would show increased pollutant levels. From FBMN 
analysis, we identified 5521 LC-MS/MS features, which decreased to 4384 after removing blanks. 

The library search against the GNPS spectral library via the FBMN workflow resulted in 92 

annotated features out of the 4384 features, and an additional analog search putatively annotated 

104 features. Expanding on this, we included additional data from October 2018, collected from 

the same sites (no-rain period) for our pipeline evaluation. The dataset contained 180 samples 

from seven different sites at three different time points (Dec 2017, Jan 2018, Oct 2018) and 2 

PPL process blanks for each sample time. From this extended dataset, we identified 11217 

features, with 260 GNPS library matches and 1991 analog matches. When focusing solely on 

December and January samples, the feature count surged to 10470, almost double the original 
count of 5521 features, 240 GNPS library hits, and 1624 analog hits.  

To further expand our annotations, we used SIRIUS for in silico spectrum annotation on the 

extended dataset. We utilized the mgf file obtained from MZmine 3 (version 3.3.0) and extended 

our SIRIUS analysis using tools like CANOPUS and CSI:FingerID. The SIRIUS result provided 

annotations for 8255 features, with annotations or compound names available for 5001 features. 

All 5001 of these features were further characterized by CSI:FingerID, which predicts molecular 

substructures and scores them based on the likelihood that the substructure belongs to the 

molecule. Leveraging the predictive capabilities of both SIRIUS and CSI:FingerID, we could infer 

the most probable molecular formulas. SIRIUS formula identifications were generated for 8885 

features, with 5411 of these having an explained intensity greater than 80%, marking them as 
reliable formulas. For compound class predictions, CANOPUS provided annotations for 8583 

features spanning various levels such as Kingdom, Superclass, Class, Subclass, and Level 5. On 

the other hand, the Natural Product Classifier (NPC) was used to determine if a compound is a 

natural product. These compound classes can be further explored in tools like Cytoscape for 

network visualization based on compound classes, or sub-setting of features for subsequent 

statistics. 
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Figure 14: Anticipated results: A) Spatial map pinpointing sampling sites; B) Principal coordinate plots 

delineating differences by sampling month and location; C) Heatmap displaying scaled feature intensities; 

D) Top 20 annotated drivers for temporal changes identified via Random Forest (RF), with structures of the 

top 3 metabolites shown; E) Volcano plot illustrating the Dunn test comparison between Mission Bay and 

La Jolla Reefs samples, with features deemed significant in the Kruskal-Wallis (KW) Sample area-based 

test used for this post-hoc analysis; F) Box plots illustrating feature intensities across various sampling 

locations. The first column presents the foremost 3 annotated significant outcomes post-Dunn test, 

accompanied by their molecular structures. The second column highlights the top 3 significant outputs as 

identified by RF; G) Example molecular networks of statistically significant features identified by the KW 

test (e.g., Irgarol, Manool) and RF analysis (e.g., Pheophytin a, Decaethylene glycol). Each node in the 

network represents a feature and is visualized with a pie chart representing its intensity distribution across 
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seven sample locations. Nodes bordered in a square are deemed significant by the RF model. Their node 

size corresponds to ‘Mean Decrease Accuracy’ (MDA) scores from the RF analysis, where a larger size 

denotes a higher significance score. 

 

Impact of Sequential Data Cleanup 

Contaminant features, especially those exceeding 30% peak area relative to the sample average, 

were flagged and removed, leaving us with 9,092 features. Our dataset showed 32% missing 

values out of 1,636,560 total entries, which were imputed between 1 and the lowest feature value 
(892). Petras et al. found significant organic matter chemotype shifts between December 2017 

and January 2018 samples, correlating with January’s heavy rainfall32. Our extended dataset 

confirmed this, with a PCoA analysis revealing clear sample groupings by the sampling month as 

shown in Figure 14B. Post-blank removal intensified these groupings. Prior to data cleanup, no 

dispersion effect was apparent (p > 0.05), and PERMANOVA attributed 31% of the variance to 

sampling months. After removing blanks, however, a dispersion effect emerged. This dispersion 

effect and explained variance in PERMANOVA are likely due to the removal of background 

features, thus reflecting the true water sample chemotypes for each month. Upon examining the 

PCoA after imputation, individual clusters appeared closer together, though January samples 
exhibited some dispersion. This spread within January samples became more pronounced after 

normalization and scaling. 

 

Multivariate Analysis: Diving into Site-Specific Variations 

Using PERMANOVA on the scaled-imputed data, we identified a significant clustering by months, 

attributing 34% of variance to the sampling time (P < 0.05, Adonis R2 = 0.34). Sample locations, 

however, explained only 7% of the variance. Upon deeper exploration of the metabolic profiles 

across these sampling locations, January’s variance was more prominent in Mission Bay, 

especially post-rainfall, due to its nutrient-rich status, potentially from increased runoff through the 

San Diego River. This distinction is evident in the PCoA plot in Figure 14B. Our data showed 

Mission Bay’s pre-rainfall samples were similar to other sites, but post-rain samples in January 

diverged — a pattern absent in December 2017 and October 2018 samples. We could also 

observe some clear patterns in the heatmap depicted in Figure 14C. Color transitions from blue 

(0 intensity) to red (1 intensity) highlight feature intensity variations. Many features were found in 

higher intensities in October samples compared to December and January samples. Mission Bay 

samples from January (in red) and a subset from Torrey Pines (in blue) displayed increased 
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feature intensities. This aligns well with our initial hypothesis. Alongside this, we performed a 

random forest classification considering sampling sites. 

 

Random Forest Exploration: Prioritizing Key Drivers 

In our example provided in the notebook, we tried to classify surface seawater samples based on 
their different sampling sites using random forest. Here, the feature quantification table without 

metadata is the predictor variable, and the metadata group “Sampling Site” is the response 

variable. The figure in Box 10 provides a visualization of the Random Forest algorithm and its 

implementation in R. Utilizing a Random Forest model with 500 trees and 500 permutations, we 

attained a 68.3% prediction accuracy for the samples. By location, accuracy ranged from 87.5% 

(Torrey Pines) to 16.7% (Pacific Beach). The confusion matrix in Table 5 provides insights into 

these results, revealing that misclassifications were often between neighboring sites, likely due to 

the close 300-meter spacing between the sampling locations. Our model highlighted 438 

significant features (based on the ‘Mean Decrease Accuracy p-value’). Of these, seven matched 

GNPS libraries and 96 were analog hits. Examining the violin plot results of RF, top features, like 
those with library IDs 91372 and 90597 (both sharing the same analog name), were mainly 

concentrated in Mission Bay and La Jolla Reefs. These concentrations began low at Torrey Pines, 

peaked at Cove and Reef, and saw another spike in Mission Bay. Similar patterns emerged for 

features like theaflavin digallatae (ID 91133). Some features, such as IDs 33200 and 53617, were 

notably elevated in Mission Bay alone. Certain compounds from previously reported research, 

such as m/z 1129.3145 (analog name: benzyl-tetradecyl-dimethylammonium) specific to January 

samples, were also detected in our study, but their significance was marginal (p = 0.08) and was 

predominantly seen in Torrey Pines. Several compounds reported in the original study such as 

irgarol, recognized for their pollution potential and unique spatial patterns, were also explored in 
our dataset. Figure 14D visualizes the top 20 annotated drivers for site-specific changes as 

identified via Random Forest, highlighting the structures of the top 5 metabolites. In summary, our 

extended dataset enhances the Random Forest analysis, offering a detailed understanding of 

chemotype differences across coastal areas and reaffirming the conclusions of the original study. 

 
Table 5: Confusion Matrix of Random Forest Classification  

The confusion matrix shows how many samples from each group were correctly predicted. Taking 

the first row as an example: out of 36 samples from La Jolla Reefs, 25 were accurately identified. 

The remaining samples were misclassified as follows: 1 as Mission Bay, 1 as Mission Beach, 5 
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as Pacific Beach, and 4 as SIO La Jolla Shores. The column labeled ‘pct.correct’ represents the 

percentage of samples that were correctly classified for a given group. The columns ‘LCI 0.95’ 

and ‘UCI 0.95’ denote the lower and upper bounds of the 95% confidence interval for each group, 

respectively. The ‘overall’ row at the bottom indicates the model’s total prediction accuracy, which 

stands at 68.3% for this dataset. 

 

 La 
Jolla 
Reef
s 

La 
Jolla 
Cov
e 

Missi
on 
Bay 

Missi
on 
Beac
h 

Pacif
ic 
Beac
h 

SIO La 
Jolla 
Shores 

Torre
y 
Pine
s 

pct.cor
rect 

LCI 
0.95 

UCI 
0.95 

La Jolla 
Reefs 

25 0 1 1 5 4 0 69.4 51.89 83.7 

La Jolla 
Cove 

0 10 0 0 0 2 0 83.3 51.59 97.9 

Mission 
Bay 

4 0 23 7 2 0 0 63.9 46.22 79.2 

Mission 
Beach 

0 0 0 15 3 0 0 83.3 58.58 96.4 

Pacific 
Beach 

6 0 1 3 2 0 0 16.7 2.09 48.4 

SIO La 
Jolla 
Shores 

2 0 0 1 0 6 9 33.3 13.34 59 

Torrey 
Pines 

0 0 0 0 0 6 42 87.5 74.75 95.3 

Overall NA NA NA NA NA NA NA 68.3 61 75.1 

 

Univariate Analysis Insights 
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In our univariate analysis of 9092 features, we used both ANOVA and the Kruskal-Wallis tests to 

demonstrate to users how these methods can be utilized with the data and to offer insight into the 

potential results. However, the Kruskal-Wallis test was considered more appropriate due to the 

non-normal distribution of most features’ relative intensity values in our dataset. The Kruskal-

Wallis test highlighted 1258 significant features, including irgarol, an antifouling agent used on 
boats. Conversely, ANOVA pinpointed 1554 significant features, with many features having a 

pronounced abundance in Mission Bay compared to other sites.  

Building on the Kruskal-Wallis results, Dunn’s post-hoc test was used to highlight pairwise 

differences. Given the pronounced abundance of many features in Mission Bay, we compared it 

with La Jolla Reefs for further insights. The significant and non-significant features from this test 

are visualized in the volcano plot in Figure 14E. Notably, compounds like irgarol and manool were 

significantly higher in Mission Bay. In contrast, La Jolla Reefs had a higher presence of the natural 

product ‘pheophytin a’. The top row in Figure 14F displays the intensities of the top three 

annotated results from the Dunn test across the sampling locations using box plots. These 

findings align with and reinforce the initial observations, validating the robustness of our analytical 
workflow.  

 

Integration of Molecular Networking Results 

After the statistical analysis of the FBMN results and prioritization of features that drive the 

chemical differences between the sampling sites, we further investigate related compounds, 

through the molecular networks. Figure 14G shows the networks of polyethylene glycols, 

indicating that many of the structurally related features of those compounds show similar spatial 

distribution, with the highest abundance in Mission Bay, as indicated through the pie charts on 

top of the network nodes. It’s important to note that these are example networks selected from 
the larger overarching FBMN network. The resulting Cytoscape files for these and the complete 

network are available on our GitHub repository (https://github.com/Functional-Metabolomics-

Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network) for further 

reference. These results show nicely how statistical prioritization and further structure-based (in 

our case, based on MS/MS similarity) can work hand in hand to structure the observed chemical 

space. Besides investigating the networks after the statistical interrogation, one can also make 

use of the scores obtained from the different tests and visualize those in the network. For example, 

the fold change and p-values from the univariate analysis or mean decreased accuracies from 

the supervised multivariate analysis can be imported as a new attribute to the networks with tools 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/Integrating_Stats_Results_to_Molecular_Network
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such as Cytoscape to combine visual and statistical prioritization directly in the network. For 

guidance on this integration process, please refer to the ‘Integrating Statistical Results into a 

Molecular Network’ section. 

2.8 Conclusion  
In this protocol, we provide a comprehensive data clean-up and statistics pipeline for the analysis 

of non-targeted metabolomics data. Our protocol spans from initial data conversion, blank 

removal, imputation, and normalization/scaling to uni- and multivariate statistics and data 

interpretation. While our outlined workflow is as detailed and structured as possible, which should 

provide a comprehensive analysis solution for many scientific questions, it is important to point 

out that there is not a universal solution that fits every scenario. We emphasize the importance of 

transparency in reporting details on every step of the metabolomics pipeline, such as providing 

the specific normalization methods, explaining the distance metrics in multivariate analysis, or 
specifying parameters like the number of trees in a Random Forest model. Furthermore, in 

relation to our case study, the sharing of feature detection and annotation settings and batch files 

further augments reproducibility. Together, with open data deposition, the above steps ensure 

both transparency and reproducibility of metabolomics experiments.  

We would also like to stress again that cataloging and identifying statistically significant 

compounds is just the beginning. To fully understand the relationships between metabolites, 

xenobiotics, and the underlying biological processes, additional experiments and orthogonal 

verification are typically required. Once the statistical results are studied, techniques such as 

pathway enrichment analyses can illuminate the multifaceted relationships between metabolites 

and the related biological processes. When specific compounds are of particular interest, targeted 
metabolomics stands as a powerful next step.  

The versatility of our protocol extends to a wide range of fields and sample types, including 

combinatorial chemistry, doping analysis, and trace contamination of food, pharmaceuticals, and 

other industrial products. It is equally applicable to biological samples from diverse origins, such 

as microbiomes, bioreactors, or biomedical research, provided the data adheres to the feature 

table and metadata format specifications. Beyond sample classification and feature prioritization, 

our protocol facilitates the integration of statistical findings into molecular networks, allowing users 

to visualize complex chemical spaces across various research domains. 

In summary, we anticipate that our guide to statistical analysis of FBMN results will provide both 
a theoretical and practical resource for scientists working with non-targeted metabolomics data. 
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For novices in the field, the scripts, app, and detailed step-to-step protocol provide a starting point 

with a set of statistical analysis solutions for many biological questions, whereas experts may 

accelerate parts of their statistical workflows.  

2.9 Data Availability 
The FBMN results are available at 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b661d12ba88745639664988329c1363e. 

Raw and processed data are available through the MassIVE repository: MSV000082312 and 

MSV000085786 and through Zenodo (https://zenodo.org/records/10051610) with the following 

doi https://doi.org/10.5281/zenodo.10051610.  

 

Code Availability 
All code and software are available through GitHub under the following link 
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS. The web application can be 

accessed at https://fbmn-statsguide.gnps2.org/. Downloadable Windows executables of the web 

app is available from https://www.functional-metabolomics.com/resources. All the codes are 

deposited on Zenodo with the following doi: https://doi.org/10.5281/zenodo.11350947. 
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Note: A revised version of this chapter is available as a preprint: Pakkir Shah AK et al. A 
Functional Metabolomics Framework to Track Microbiome Drug Metabolism. bioRxiv (2026). doi: 
10.64898/2026.01.30.702925. 

3.1 Abstract 

Understanding how gut microbes transform drugs, and how this influences microbiome 

composition and function remains a key question to better understand human health. To 
accelerate the discovery of microbiome derived drug metabolites, we developed a non-targeted 

metabolomics workflow that combines the use of synthetic microbial communities (SynComs) with 

a time-series resolved molecular networking approach, and advanced metabolite annotation. We 

demonstrate how this chemical proportionality approach can be used to illuminate chemical 

transformation dynamics in a gut SynCom with 50 clinical drugs. Our results highlight a multitude 

of drug metabolites, including multi-step metabolic cascades, some of which correlated to shifts 

in microbial taxa, suggesting functional links between microbiome composition and biochemical 

transformations. Our chemical proportionality software is publicly available through the GNPS2 

https://www.biorxiv.org/content/10.64898/2026.01.30.702925v1
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ecosystems at https://chemprop.gnps2.org/, which can be used to prioritize biotransformations 

and other (bio)chemical reactions in various biological and abiotic systems. 

Keywords: Non-Targeted Metabolomics; Functional Metabolomics; Computational 

metabolomics; Gut microbiome; Drug metabolism; Microbial biotransformation; Transformation 

directionality. 

3.2 Introduction 
The human gastrointestinal (GI) tract hosts an estimated 1013 microbes that perform essential 

functions, including immune modulation, defense against pathogens, and nutrient 

processing74,245–247. Among these roles, the ability of gut microbes to chemically modify 

xenobiotics (e.g. pharmaceuticals, dietary molecules, and environmental pollutants) is gaining 

increasing recognition74. These microbial transformations, observed in both humans and animal 

models, can significantly alter the bioactivity, bioavailability, and toxicity of xenobiotics248,249. 
Unlike the host, which primarily relies on oxidative and conjugative reactions (e.g., via cytochrome 

P450s) to detoxify compounds, gut microbes predominantly perform hydrolysis and reduction249. 

These transformations often arise from broad substrate promiscuity rather than evolutionary 

selection. However, identifying the microbial contributors to these transformations remains 

challenging due to horizontal gene transfer and strain-level variation, and the limited predictability 

of function from taxonomy alone74. Beyond these canonical microbial reactions250, recent studies 

shows oxidation, demethylation, and conjugative transformations as well, including amino acid 

and peptide conjugations distinct from hepatic Phase II metabolism251–254. Furthermore, the 

microbiome function is highly personalized, shaped by environmental factors such as diet and 

medication, and can influence how drugs are processed or tolerated, underscoring the need to 
investigate microbiome-mediated transformations at scale247,255,256. 

In parallel, there is increasing awareness of how drugs can directly affect the microbiome itself. 

Antibiotics, while essential for fighting infections, are known to disrupt commensal bacterial 

populations, leading to dysbiosis and associated health consequences such as Clostridium 

difficile infections, metabolic dysfunction, allergic, and inflammatory disorders257–261. Despite 

growing recognition of these effects, the activity spectrum of different antibiotic classes on gut 

bacteria remains poorly characterized, largely due to technical challenges in culturing anaerobic 

species and limited susceptibility data for many common or clinically relevant gut microbes260,262. 

Beyond antibiotics, recent studies have demonstrated that non-antibiotic drugs, including 
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antipsychotics, proton pump inhibitors (PPIs), and NSAIDs, can also inhibit the growth of gut 

microbes. Maier et al.263 screened over 1,000 marketed drugs against 40 representative gut 

strains and found that nearly a quarter (24% of these human-targeted compounds) inhibited at 

least one strain. Findings from human cohort studies54,264–266 similarly identify several non-

antibiotic drugs as risk factors for microbiome disruption and infection similar to antibiotics. 

Enzymatic activity from gut microbes can profoundly alter the fate of xenobiotics, enhancing or 

reducing their activity, generating toxic byproducts, altering stability, affecting absorption, or 

accelerating elimination252. Despite these consequences, the reaction dynamics of such 

microbiome-mediated chemical transformations are rarely studied. In time-series metabolomics 

datasets, which can contain thousands of features, it is not only the parent drug (i.e., its precursor 

ion [M+H]⁺) and its final products that are relevant, but also the transient intermediates formed 

along the way. Inferring directionality is essential for reconstructing transformation pathways, 

distinguishing precursors from products, and identifying intermediates that may be bioactive or 

toxic252.  

To address the complexity of microbiome-drug interactions, recent efforts have leveraged multi-

omics approaches54,55,267–275, used non-targeted LC-MS to systematically profile the depletion of 

271 oral drugs by 76 gut bacterial strains. For selected cases, they used LC-MS/MS to confirm 

microbial metabolites, revealing the widespread capacity of gut microbes to transform xenobiotics. 

However, most methods are tailored for known metabolic reactions and targeted enzyme assays 
and are not readily applicable for data-driven discovery of microbiome-associated transformations 

in complex metabolomics datasets. 

Molecular networking offers a powerful data analysis strategy to organize and annotate non-

targeted MS/MS data, which allows for the rapid prioritization of putative analogs and 

transformation products124,276. While several software tools have been developed to annotate 

chemical transformations in metabolomics data, most focus on structure prediction rather than 

transformation dynamics. For example, BioTransformer uses curated reaction rules and machine 

learning to predict phase I and II metabolism products62, and MetWork integrates predicted 

enzymatic reactions with spectral simulation to suggest candidate structures within molecular 

networks277. While non-targeted metabolomics offer a powerful tool to capture microbial chemical 

activity, most workflows do not infer transformation directionality or abundance changes over full 

time series. 
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Emerging functional metabolomics tools expand the comprehensive measurement of metabolites 

in a biological system and link them to specific biological roles by probing their roles in phenotypes 

or molecular interactions278. Such strategies typically integrate orthogonal approaches such as 

perturbation, including gene knock-outs or knock-downs, protein binding, and bioactivity 

screens92,279,280. To address the challenge of prioritizing microbiome derived drug metabolism, we 
developed a functional metabolomics framework that integrates the use of synthetic microbial 

communities (SynComs), 16S amplicon sequencing, non-targeted metabolomics, and a 

correlation-based molecular networking workflow (ChemProp2), as well as repository-scale 

metabolite contextualization. By resolving transformation directionality and mapping multi-step 

cascades, ChemProp2 enables the identification of microbial drug metabolism and the linking of 

specific transformations to shifts in microbial community composition.  

Here, we highlight the application of our workflow to investigate microbial metabolism of 50 

clinically relevant drugs by a gut SynCom (Com20), uncovering drug-specific transformation 

patterns associated with microbial shifts. To further contextualize unannotated xenobiotic 

metabolites, we incorporated repository-scale searches with the FASST software tool281, enabling 
a broader interpretation of their biological occurrence and relevance. This integrated approach 

supports the large-scale matching and contextualization of microbiome-mediated chemical 

transformations to publicly available non-targeted metabolomics studies. Together these tools 

provide a framework to better understand microbiome drug metabolisms, which could be 

leveraged in future drug discovery and personalized medicine approaches.  
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Figure 1: Schematic overview of the ChemProp workflow for detecting directional 
biotransformations. Starting from a microbial incubation experiment, non-targeted LC-MS/MS data are 

collected and processed using MZmine for feature detection. Feature-based molecular networking (FBMN) 

is then performed via GNPS2 to organize structurally related features. ChemProp scoring is applied to the 

resulting network: ChemProp1 supports two-time-timepoint designs, while ChemProp2 analyzes multi-

timepoint data using correlation-based scoring. Both modules prioritize network edges based on anti-

correlated intensity patterns to infer directional transformations. The middle panel shows the molecular 

structures of omeprazole and a putative methylated metabolite (m/z 360.1377), represented here as an 

example from our dataset. (The ChemProp web application is available at https://chemprop.gnps2.org) 

3.3 Results and Discussion 

3.3.1 ChemProp Infers Direction of Microbiome-Driven Drug Metabolism 

To evaluate drug biotransformation within Com20, we applied the ChemProp computational 

pipeline (Figure 1). ChemProp1 computes ratio-based scores between feature pairs in molecular 

networks to infer putative reaction directionality and is particularly suited for endpoint designs282 

(Figure 2A-B). However, endpoint ratios cannot capture dynamic changes across multiple 

timepoints. To address this, we developed ChemProp2, an extension that integrates full time-

series information using correlation-based scoring (Figure 4A) and provides an empirical false 

discovery rate (FDR) procedure via a decoy-based strategy283,284. These scores range from -1 to 

+1, where the magnitude reflects strength and the sign indicates the inferred direction of potential 

transformation. By comparing scores derived from randomized (decoy) feature tables to real 

networks, users can apply thresholds (e.g., 1%, 5%, 10% FDR) to prioritize high-confidence 

transformations. Importantly, ChemProp2 allows for analysis of primary edges (i.e., direct 

connections to the drug’s precursor ion node) and distal cascade-level relationships, capturing 

subtle or multi-step transformation events. 

To make ChemProp broadly accessible, we developed a web application 

(https://chemprop.gnps2.org/) as part of the metabo-apps285 in the GNPS2 ecosystem. The app 
allows users to upload feature quantification tables, metadata, and molecular network edge files. 

It returns scored edge tables with directional information as CSV files, as well as GraphML files 

for network visualization. Users can interactively filter by score range, focus on specific 

subnetworks, and inspect corresponding intensity trends for selected feature pairs. (See 

Supplementary Methods). A summary of the overall approach and decision points for using 

ChemProp1 versus ChemProp2 is illustrated in Figure 1. By integrating ChemProp2 with Feature-

https://chemprop.gnps2.org/
https://chemprop.gnps2.org/
https://chemprop.gnps2.org/
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Based Molecular Networking (FBMN), non-targeted metabolomics data can be coupled with time-

resolved scoring to suggest potential biological directionality (e.g., drug to product) within 

otherwise undirected molecular networks. 

3.3.2 Initial Screening and Drug Prioritization 

We employed Com20, a previously established synthetic gut bacterial community comprising 20 

commensal bacterial strains spanning six phyla, 11 families, and 17 genera, collectively encoding 

around 61 % of the metabolic pathways found in a healthy human gut microbiome54. The 

community showed stable and reproducible growth in gut‐mimetic mGAM medium under 

anaerobic conditions54,286. To investigate microbiome‐mediated biotransformation of small 

molecules, Com20 was incubated with 50 clinically relevant drugs under anaerobic conditions. 
Samples were collected at T = 0 h (immediately after drug addition) and T = 2 h (after incubation) 

and analyzed using non-targeted LC-MS/MS (Figure 2A-B). This two-timepoint setup, referred to 

as the ChemProp1 model, served as a preliminary experiment to identify drugs exhibiting 

measurable transformation patterns (See example at Figure 2C). 

All 50 drugs had confidently detected precursor [M+H]⁺ ions and surrounding network connections 

in FBMN. However, the number of direct edges connected to each precursor ion did not 

necessarily correlate with transformation likelihood as captured by the ChemProp1 scores. Figure 
2D summarizes the ChemProp1 screen, showing the number of network connections per drug 

and how many suggested potential biotransformation for each drug. From this, we selected 12 

compounds for time-resolved ChemProp2 analysis. Nine (Cilnidipine, Clomifen, Erythromycin, 

Ketoconazole, Lansoprazole, Loratadine, Metronidazole, Omeprazole, Sertraline) showed at 

least a two-fold change between 0 h and 2 h, suggesting potential microbial conversion and 

making them the strongest candidates for follow-up. To also evaluate ChemProp2’s sensitivity in 

low-signal or borderline cases, we included three additional drugs (Montelukast, Simvastatin, and 
Telmisartan) that did not pass the ChemProp1 cutoff but still showed network connectivity. 

Together, the selected compounds span six major therapeutic categories represented in Figure 
2D.  
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Figure 2: Initial Screening of 50 Drugs Using ChemProp1 (A) Experimental overview: 50 clinical 

drugs were incubated with the Com20 synthetic gut community under anaerobic conditions and 

sampled at two timepoints (T0, T2; 2 h apart). Extracts were analyzed by untargeted LC-MS/MS, 

processed through FBMN, and scored using ChemProp1. (B) ChemProp1 scoring formula based on 



Chapter 3: ChemProp2 

 142 

log-ratio intensity changes between timepoints to infer precursor-product directionality. (C) Example 

transformation: Cilnidipine (m/z 493.1968) to a putative downstream product (m/z 589.2371; Δm/z = 

96.0403). Scatter plots show log-intensity trends in Com20 vs abiotic control. (D) Heatmap summary 

of ChemProp1 results across all 50 drugs. For each compound we report total nodes and edges in the 

main [M+H]⁺ cluster, first-degree connections, and edges above the ChemProp1 threshold (score ≥ 

1). Color scale represents edge counts (red = high, white = mid, blue = low/none). Columns additionally 

indicate drug origin (NP, NP-derived, synthetic) and drug class. Full class abbreviations are listed in 

Supplementary Table 1. Drugs marked in red were selected for ChemProp2. Italicized values (e.g., 

Omeprazole/Lansoprazole: 140 edges) denote that the drugs belonged to the same cluster. 

3.3.3 Time-Resolved Analysis of Drug Biotransformations 

To investigate microbiome-mediated transformations in greater detail, we decided to use the 12 

prioritized drugs and incubated them with Com20 across a 0-8 h time course, sampled at nine 

timepoints (T0-T8, hourly) (Figure 3A). After LC-MS/MS analysis, the resulting networking and 

ChemProp2 results showed temporal correlations between connected features, enabling 

directional inference of precursor-product relationships. 

Principal Coordinates Analysis (PCoA) using Bray-Curtis dissimilarity (Figure 3B) was performed 

on the metabolomics dataset (8,055 features, reduced to 5,321 after background removal, 

imputation and TIC normalization). PCoA showed clear separation of metabolic profiles across 

treatments (PERMANOVA p = 0.001, R2 = 0.85; PERMDISP p = 0). Drug-specific clustering in 

PCoA was most pronounced for Ketoconazole and Telmisartan, suggesting divergent metabolic 

profiles over the 0-8 h time course. For Telmisartan, this divergence became apparent in the 

extended multi-timepoint dataset, whereas ChemProp1 captured no transformation signal at the 

0-2 h range. Notably, this separation reflects shifts in global metabolite profiles captured by Bray-

Curtis PCoA and is independent of cascade depth or network size, as shown by the varying FBMN 
cluster sizes in Figure 3D. While angiotensin receptor blockers have been reported to undergo 

microbiome-associated transformation48 and alter microbial composition in vivo287,288, the specific 

features driving Telmisartan’s separation here remain unclear and warrant further investigation. 

The result highlights that drugs with low initial transformation signals can nonetheless produce 

distinct metabolic trajectories when monitored over time. 
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Figure 3: Time-Resolved Multi-Omics Profiling of Microbiome-Drug Interactions. (A) Experimental 

design: 12 drugs were incubated with the Com20 microbial community and sampled at nine timepoints (T0-

T8). Samples were analyzed by non-targeted LC-MS/MS and 16S rRNA sequencing. Metabolomics data 

were processed via FBMN and subjected to ChemProp2 scoring to identify directional biotransformations. 

(B) Principal Coordinates Analysis (PCoA) of metabolomics profiles based on Bray-Curtis dissimilarity 

across all timepoints (T0-T8), showing distinct trajectories for each drug treatment. (C) PCoA of OD-

corrected microbial community composition based on 16S rRNA sequencing at four timepoints (T2, T4, T6, 

T8) using Bray-Curtis dissimilarity, highlighting treatment-specific differences. (D) FBMN molecular network 

of all detected features, with the [M+H]⁺ ion cluster of each of the 12 drugs highlighted in distinct colors. (E) 

Stacked bar plots of microbial species-level composition at the four timepoints under drug treatment versus 

control conditions, illustrating dynamic shifts in community structure over time. 

At the community level, PCoA on OD-corrected 16S rRNA data (Figure 3C) across timepoints 

T2-T8 revealed modest treatment-based separation (PERMANOVA p = 0.001, R2 = 0.48). 

Variation along PCo1 reflected temporal progression, with T2 samples at one end (SI Figure 2), 

while PCo2 showed a weaker drug-associated signal, most notably for metronidazole. 

Superimposed on this temporal gradient, several treatments (e.g., erythromycin, clomiphene, 

sertraline, simvastatin, telmisartan) clustered in the upper-left region of PCo1, whereas DMSO 

control and DMSO-like profiles (omeprazole, lansoprazole, cilnidipine) were positioned toward the 

upper-right region of PCo1. Individual PCoA plots for each drug treatment and the DMSO control 

(SI Figures 3-4) further supported these trends: most treatments displayed clear temporal 

separation, with earlier timepoints (T2-T4) consistently diverging from later samples. In contrast, 

metabolomic PCoA trajectories (Figure 3B) showed more complex temporal patterns, while 

overall progression was evident, a few samples (typically at T0 or T4-T5) strongly influenced 

variation along PCo1.  

Metronidazole, an antibiotic widely used against Clostridioides difficile, produced the most distinct 

taxonomic profile, consistent with its antimicrobial activity260,289. In Com20, S. perfringens is a 

dominant and stabilizing member; its reduction (Figure 3E) therefore led to pronounced 

community restructuring290. As S. perfringens declined, lower-abundance commensals (S. 

parasanguinis, S. salivarius) increased, aligning with reports of metronidazole tolerance or 

resistance291–293. The strong response observed here is thus expected when a keystone taxon is 

targeted. In addition, E. coli and Streptococcus overgrowth following metronidazole exposure has 

been reported previously294,295, supporting the patterns observed in our system. 
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Similar effects were observed for Simvastatin, a statin, with increases in T. ramosa and F. 

nucleatum (Figure 3E). T. ramosa responded to several drugs but increased most consistently 

under simvastatin treatment, whereas F. nucleatum enrichment appeared unique to this condition 

(SI Figure 5). Previous work reported E. lenta and B. thetaiotaomicron as simvastatin-sensitive 

species showing growth inhibition and transcriptomic signatures of membrane remodeling or drug 
efflux296. Consistently, we observed a decrease in B. thetaiotaomicron abundance over time 

(Figure 3E). 

To assess overall taxon involvement across different drug treatments, mean OD-corrected 16S 

rRNA abundances were visualized as heatmaps for each time point (SI Figure 5). Most taxa 

showed low but detectable abundances across treatments, underscoring the broad participation 

of the community in drug metabolism. This pattern is consistent with earlier reports that many 

drugs can be transformed by multiple taxa across phyla48. Together, these findings suggest that 

while metabolic shifts occur rapidly and are highly drug-specific, microbiome composition changes 

more slowly. Microbial perturbation was evident in both metabolomic and 16S datasets, but the 

stronger effect size in metabolomics (R2 = 0.85 vs. 0.48) underscores its greater sensitivity in 
detecting early biochemical transformations. These results validate ChemProp2 as a framework 

for uncovering microbiome-mediated drug metabolism and highlight the importance of integrated 

omics approaches. 

Across all 12 drugs, the summary metrics revealed substantial variation in how treatments 

affected metabolome and microbiome dynamics over time (SI Figure 6). Metabolome and 

microbiome trajectory lengths were positively associated (Spearman r = 0.73). Several drugs, 

including lansoprazole, montelukast, cilnidipine, omeprazole, and the DMSO control, showed 

relatively large temporal shifts in both metabolomic and microbiome PCo1 trajectories, whereas 

erythromycin and clomiphene exhibited minimal movement in either layer. Metronidazole 
displayed a distinct pattern: it induced noticeable microbiome restructuring but only minor 

metabolomic change. (SI Fig. 6A). No clear relationship was observed between the number of 

ChemProp2-predicted transformations and the magnitude of metabolome PCo1 change across 

treatments (SI Fig. 6B). Biomass trends aligned with the observations in SI Fig. 6A, as treatments 

with larger OD increases generally also showed greater temporal change along PCo1 in both the 

metabolome (Spearman r = 0.74) and microbiome (Spearman r = 0.97) (SI Fig. 6C-D). Shannon 

diversity remained stable for most treatments over the 8-hour incubation period (SI Table 2), 

which is expected given the short timeframe, initial dilution, and typical doubling times of gut 

bacteria. Importantly, PPIs often formed only small or fragmented FBMN clusters. This likely 
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reflects chemical behavior rather than biological absence of transformation, as PPIs such as 

omeprazole generate many structurally diverse, low-abundance degradation products with 

heterogeneous MS/MS fragmentation patterns297,298. Together, these results show that drugs can 

substantially reshape microbial metabolic activity without proportionally altering community 

structure. 

3.3.4 Cascade Scoring Reveals Multi-Step Biotransformations 

An inherent bottleneck of modified-cosine scoring for molecular networking is that it primarily links 

metabolites that differ by a single structural modification, as the algorithm compares MS/MS 

similarity while accounting for small mass shifts. Consequently, only one-step precursor-product 

relationships are typically connected. To move beyond these direct edges, we implemented a 

cascade scoring approach in ChemProp2 that traverses the molecular network to identify multi-
step connections from each parent drug node (Figure 4A-B). This is particularly useful for multi-

step biotransformations, in which the intermediates have short half-lifes and are only present in 

minor amounts. Starting from 115 first neighbor edges (D1), cascade expansion added 549 

additional links to the 14 parent drug nodes, yielding a total of 664 drug-associated edges, a ~5.8-

fold increase compared to D1 alone. Many distal features displayed anti-correlated intensity 

profiles with their parent drugs, suggestive of sequential metabolic turnover. Figure 4C 

summarizes the distribution of ChemProp2 scores by Δm/z, highlighting recurring shifts 

corresponding to common modifications such as methylation (+14.02 Da) and oxidation (+16.00 

Da). High-scoring edges with larger Δm/z values often indicated potential conjugation or 
fragmentation events.  

To benchmark the cascade scoring utility, we selected four representative drugs: Cilnidipine, 

Metronidazole, Omeprazole, and Simvastatin. Each showed strong ChemProp2 scores and 

treatment-specific features absent from abiotic controls, reinforcing their microbial origin. 
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Figure 4: ChemProp2 Scoring Framework and Application to Drug Networks (A) ChemProp2 scoring 

formula based on Pearson correlation, the default metric used to quantify directional relationships between 
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feature pairs across multiple timepoints. (B) Conceptual illustration of primary edges (direct drug-feature 

connections) versus cascade edges (multi-step downstream connections) within a molecular network. 

Expected intensity trends associated with putative biotransformations are also shown. (C) Global 

ChemProp2 score distribution for all 12 drugs. The x-axis shows observed m/z differences between feature 

pairs, corresponding to potential chemical modifications (e.g., +14 Da for methylation), while the y-axis 

shows ChemProp2 correlation scores (-1 to +1). Each drug’s primary-edge scores are color-coded, and all 

other pairwise scores in the network are shown in gray. (D) Molecular subnetworks for four representative 

drugs (Cilnidipine, Metronidazole, Omeprazole, and Simvastatin), with highlighted putative transformation 

products (PTPs) and proposed structures. 

Cilnidipine (m/z 493.1967 [M+H]⁺), a dihydropyridine calcium channel blocker299,300, is 

metabolized hepatically via CYP3A to three major products: dehydrogenated (aromatized) form, 

a demethylated side-chain product, and a combined dehydrogenation/demethylation 

metabolite301. In our community experiment, 44 treatment-exclusive features were detected, of 

which a subset with high ChemProp2 scores and interpretable MS/MS spectra are highlighted in 

Figure 4D. MS/MS spectra of the highlighted features were manually interpreted using exact ion 

masses of fragments (SI Figure 7). In addition, pairwise MS/MS spectral comparisons between 

each highlighted feature and the corresponding parent drug, generated using the Spectrum 

Resolver in GNPS2302, as well as predicted modification sites from ModiFinder303, are provided in 
SI Figure 8. The feature at m/z 491.2179 was consistent with dehydrogenation of the 

dihydropyridine ring together with nitroreduction to a hydroxylamine and N-methylation, 

transformations commonly associated with microbial activity304,305; m/z 475.2231 likely represents 

an analogous metabolite with full reduction of the hydroxylamine. Additional features at m/z 

254.1024 and 513.2394 may correspond to products of nitrobenzene cleavage and nitroreduction 

followed by addition of C4H4, respectively. These findings suggest that cilnidipine can undergo 

both hepatic-like dehydrogenation and additional microbial nitroreductive transformations 

consistent with previously described gut bacterial activities250,306. Clinical pharmacokinetic studies 

report cilnidipine peak plasma concentrations at ~2 h and elimination half-lives of 3-4 h307. In our 

SynCom experiment, however, the major cilnidipine-derived features appeared later (5-8 h). 
Several detected products such as ring dehydrogenation resembled known hepatic 

metabolites301, whereas heavier products lacked hepatic analogs and likely represent microbial-

specific transformations. Cascade scoring also revealed additional high-scoring mass differences 

consistent with demethylation, hydroxylation, or conjugation events74,250,306, though some extreme 

shifts (e.g., -432 Da) remain difficult to interpret and may reflect adduct dynamics or in-source 
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fragments. Collectively, these findings suggest that microbial enzymes within Com20 can 

reproduce hepatic-like dehydrogenation while introducing distinct nitro-group modifications250,306. 

Metronidazole (m/z 172.0717 [M+H]⁺) is a nitroimidazole antibiotic308 metabolized hepatically via 

hydroxylation and conjugation, with 2-hydroxymetronidazole as the predominant product, 

whereas microbial metabolism is dominated by nitroreduction309. In our dataset, cascade scoring 

revealed two treatment-specific products at later timepoints (T4-T8): m/z 193.1084 (+21 Da), 

consistent with nitro reduction and possible formation of a nitrogen-containing imidazole 

derivative, and m/z 226.0643 (+54 Da), likely representing a conjugated product with a thiazolone-

like moiety. Both metabolites showed strong residual precursor intensity and characteristic neutral 

loss of the ethoxy chain during fragmentation, indicating structural stability for the putative 

metabolites (SI Figure 9). Corresponding MS/MS spectral pair comparisons with the parent drug, 

along with predicted modification sites from ModiFinder, are provided in SI Fig. 10A-B. Their 

appearance coincided with enrichment of Sarcina perfringens, a known nitroreductase 

producer290, underscoring their potential microbial origin. Although known hepatic metabolites 

such as N-(2-hydroxyethyl)-oxamic acid and acetamide308,309 were absent, canonical 

nitroreduction products and several new metabolites emerged under microbial conditions at later 

timepoints (5-8 h). The metronidazole network also highlighted a limitation of relying solely on 

spectral connectivity, as several features were attributed to neighboring clusters. Among these 

disconnected nodes, several with larger mass shifts (+94 to +143 Da) exhibited fragmentation 
patterns consistent with partial ring cleavage and conjugation with amino acid- or peptide-like 

moieties74,250,310. Such transformations, though previously unreported for metronidazole, are 

chemically plausible given the widespread occurrence of bacterial nitroreductases and 

conjugating enzymes in gut microbes306,311. Together, these findings extend current models of 

metronidazole activation beyond simple nitroreduction and highlight potential downstream fates 

of reduced intermediates within microbial communities. 

In our dataset, known metabolites such as 5-O-desmethylomeprazole and hydroxyomeprazole 

appeared as singletons or in small, disconnected clusters, revealing a limitation of ChemProp2 

when relevant products are not networked to the parent node. Omeprazole-related features 

formed three distinct clusters: the protonated parent ion (m/z 346.1217), a sodium adduct (m/z 
368.1039), and a dehydrated in-source fragment (m/z 328.1113). The latter structure likely arises 

from water loss involving the sulfoxide oxygen312,313. The parent and sodium-adduct clusters 

included features also present in abiotic controls, suggesting spontaneous or non-microbial 

processes. By contrast, the in-source-fragment cluster included treatment-enriched features (m/z 
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471.1520 and 472.1372) connected by strong ChemProp2 scores (Figure 4D). These exhibited 

mass shifts of +125.03 Da and +126.02 Da relative to the parent, corresponding to additions of 

C6H7NS and C6H6OS, respectively. Their MS/MS spectra yielded a dominant fragment at m/z 

328.1113 but lacked additional diagnostic ions, preventing confident structural assignment (SI 
Figure 11). The corresponding MS/MS spectral comparisons and ModiFinder predictions are 
provided in SI Figure 10C-D. Known hepatic metabolites of omeprazole such as 5-O-

desmethylomeprazole and hydroxyomeprazole were detected but appeared as singletons or 

small, disconnected clusters. ChemProp2 revealed treatment-enriched derivatives at m/z 

471.1520 and m/z 472.1372 that likely represent previously uncharacterized conjugates. The 

corresponding mass shifts suggest addition of heteroatom-containing moieties, possibly through 

microbial conjugation reactions. Prominent neutral losses of the added atoms indicate that the 

mass shifts represent distinct substituents, possibly bound by a single bond to the parent 

structure. Although analogous additions have not been reported for omeprazole, sulfur- and 

nitrogen-based microbial conjugations are well documented250,306. These observations raise the 

possibility that anaerobic gut microbes can mediate conjugative transformations beyond those 

seen in hepatic metabolism. Moreover, as multiple microbial species are capable of transforming 

omeprazole314–317, parallel cascades may occur simultaneously and complicate the reconstruction 

of directionality.  

Simvastatin (m/z 419.2792, [M+H]⁺), yielded low ChemProp1 scores, but ChemProp2 identified 

ten features unique to the microbial treatment. These included both singletons and connected 

subnetworks, with some features more abundant than the parent ion. Most appeared within the 

first 4 h of incubation. For example, the ion at m/z 435.2743, likely corresponds to the known 

metabolite 3´-hydroxysimvastatin318 and was clustered with the major in-source fragment ( m/z 

285.1848). Another feature at m/z 319.1901 did not match reported derivative and likely 

represents an in-source fragment of m/z 435.2743 (SI Figure 12). The corresponding MS/MS 

spectral comparisons and ModiFinder predictions are provided in SI Figure 10E-F. Simvastatin 

illustrates how ChemProp2 captures microbial transformation products that were missed by the 

two-timepoint model. Most features in the simvastatin cluster appeared within the first four hours, 

outside the 0-2 h window used in ChemProp1, explaining its minimal initial scores. Cascade 
expansion further increased ChemProp2’s sensitivity, revealing a range of simvastatin-related 

products, including the known metabolite 3’-hydroxysimvastatin (m/z 435.27) alongside in-source 

fragments, adducts, and statin analogs. Telmisartan similarly produced weak ChemProp1 scores 

but yielded detectable ChemProp2 features suggestive of methylation and charge-state shifts.  
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While several other drugs also showed cascade-level ChemProp2 scores, their associated 

features were often present in abiotic controls, suggesting non-biological or ambiguous origins. 

We therefore focused subsequent analyses on the above-mentioned four representative case 

studies, which best illustrate how ChemProp2 cascade scoring captures both known and 

candidate microbial-specific transformations in time-resolved metabolomics data. Compared to 
the earlier two-timepoint ChemProp1 model, ChemProp2 integrates temporal dynamics across 

multiple timepoints and applies FDR-based correction, resulting in fewer but more robust edges 

(Table S3 and Figure S13).  

3.3.5 Contextualization of Drug Metabolites against public metabolomics data  

ChemProp2 suggested numerous putative drug metabolites across the SynCom time series. 

Once such candidate metabolites emerge from temporal analysis, a natural question arises: how 
broadly do these features appear beyond this experimental system, and which ones merit deeper 

biological investigation? Because direct experimental validation for every feature is not feasible, 

an intermediate step is needed to assess whether a metabolite is recurrent, condition-specific, or 

potentially an artifact. 

To provide an additional contextual layer, we searched all prioritized MS/MS spectra using the 

FASST platform281, which enables large-scale spectral similarity searches across public 

databases (more than 2 billion MS/MS spectra, November 2025) . Although public metadata are 

not uniformly curated, repository matches offer valuable orthogonal evidence, indicating whether 

a feature is observed across diverse biological or environmental studies, or instead appears to be 
unique to the microbiome-drug interaction examined here. In total, 13 databases were searched, 

including curated spectral libraries (e.g., GNPS Library, MassIVE-KB) and repository-scale 

datasets spanning MassIVE, Metabolomics Workbench, and Pan-Repository collections (full list 
in SI section FASST Inquiry). Across 13 repositories, 1,063 of 1,202 queried features returned 

at least one match, spanning 1,670 unique MassIVE datasets (including the six datasets 

generated in this study, for more details: see SI section FASST Inquiry; SI Table 4). This broad 

recurrence suggests that several drug-derived features or structural analogs appear across 

independent human, animal, plant, or environmental studies.  
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Table 1: ChemProp2 Summaries.  
The table provides the global subnetwork characteristics of the 12 drugs, including the number of 

cascade nodes, Δm/z distributions, and annotation coverage from GNPS and FASST. 

ChemProp2 refined the interpretation of these otherwise unannotated nodes; for example, 

Sertraline yielded 39 prioritized features consistently detected across multiple datasets, while 
many Cilnidipine features were unique to this study yet exhibited strong treatment-associated 

trends (Figure S14). 

Drug Name 
Nodes 

per 
drug 

Nodes 

(∆m/z 

> 0.5) 

Library 
Matched 

Unmatched 
Compounds 

MassIVE 
Matches 

ChemProp2 
Hits (>0.1) 

Annotated 
Hits (>0.1) 

MassIVE 
Hits 

(>0.1) 

Final 
Hits 

Cilnidipine 98 98 0 98 20 76 0 14 11 
Clomifen 42 36 1 37 34 9 0 6 9 

Erythromycin 64 59 12 48 60 9 2 9 30 
Ketoconazole 30 20 0 20 13 8 0 3 2 
Lansoprazole 5 5 0 5 0 3 0 0 0 

Loratadine 14 5 1 4 2 0 0 0 1 
Metronidazole 18 6 0 6 3 3 0 2 2 
Montelukast 70 64 0 64 27 10 0 5 10 
Omeprazole 2 2 0 2 1 1 0 0 0 

Sertraline 97 92 0 92 48 39 0 18 7 
Simvastatin 55 53 18 38 38 4 2 7 5 
Telmisartan 20 7 0 8 7 3 0 3 1 

Total 515 447 32 422 253 165 4 67 78 

To prioritize putative transformation products (PTPs), we retained cascade nodes that (i) differed 
from the parent [M+H]⁺ ion by > 0.5 Da, (ii) were observed in external datasets, and (iii) had non-

zero ChemProp2 treatment scores (see SI section Cross-Dataset Distribution of Cascade 
Nodes; SI Table 5). This filtering resulted in 78 PTPs, visualized in a heatmap (Figure 5), which 

shows their distribution across external dataset categories and contrasts ChemProp2 treatment 
versus control scores. Smaller Δm/z shifts (e.g., −2.02, +14.02, +15.99 Da) corresponded to 

chemically intuitive modifications such as hydrogen loss, methylation, or oxidation, whereas larger 

Δm/z values often lacked clear annotation but gained contextual support from repository matches. 

Representative examples illustrate how public data strengthen interpretation. A −17.97 Da 

transformation linked to Cilnidipine appeared in one plant-related and three unclassified repository 

datasets and showed a ChemProp2 treatment score of 0.31, consistent with a plausible biological 

transformation. 
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Figure 5: Prioritizing ChemProp2 Features Using Public Dataset Context Heatmap showing the 

distribution of 78 ChemProp2-prioritized features (|ChemProp2 treatment score| > 0, |Δm/z| > 0.5 Da, 

not unique to our dataset) across 10 high-level MassIVE dataset categories. Categories were derived 

from species-level metadata associated with matched GNPS entries. Corresponding ChemProp2 

treatment scores for the same features, colored by score magnitude, illustrate directionality and 

potential transformation strength. 

Conversely, a +14.02 Da shift from Erythromycin matched across 74 human datasets and was 

annotated in GNPS as clarithromycin, a broadly used clinical antibiotic. In our time series it 
showed a weak ChemProp2 score (0.02) and similar behavior in abiotic controls, suggesting a 

pre-existing analog rather than a microbially driven product. 

Several strongly enriched features were not detected in any public repositories when queried 

(August 2025; SI Figure 11), suggesting that they may represent previously unreported 

metabolites unique to the biological conditions examined here. Together, this repository-level 

screening provides an important intermediate step between temporal inference and targeted 

experimental validation. By distinguishing recurrent metabolites from those unique to this system, 

public data help refine which candidate biotransformations warrant deeper mechanistic follow-up.  

Contextualizing candidate biotransformations against public metabolomics repositories provides 

an important bridge between time-resolved inference and downstream biochemical validation. By 

examining whether features recur across independent datasets or remain exclusive to our system, 

we can prioritize metabolites that likely represent true microbiome-drug chemistry. For example, 

cilnidipine produced 98 transformation nodes; 11 were also found in external datasets and 

exceeded the ChemProp2 treatment threshold, while 65 were unique to our experiment (60 of 

these also exceeded the threshold). This absence of public matches for several strongly enriched 

metabolites likely reflects the unique chemical space captured in our microbiome-drug system, 

as well as the natural variability in what has been deposited by the community to date. 

Additionally, upon prioritization with ChemProp2, complementary computational tools, such as 

ModiFinder303, can be used to help pinpoint the nature of the structure transformation, together 
providing a method combining MS/MS and time-series quantification. Combined with the 

appropriate computational tools to mine them, public repositories remain an invaluable resource, 

and as they continue to expand, some of these features may eventually find counterparts that 

help contextualize their biological origin. 



Chapter 3: ChemProp2 

 155 

3.4 Conclusion 

This work demonstrates how in vitro experiments with gut synthetic communities in combination 

with non-targeted metabolomics and our ChemProp data analysis approach enables the 
systematic characterization of microbiome-mediated drug metabolism. Starting from 50 clinical 

drugs screened during endpoint experiments we selected 12 compounds belonging to different 

drug classes for a detailed timepoint analysis, spanning strong, moderate, and low-signal 

candidates. ChemProp uncovered diverse and multi-step transformation profiles, including for 

cilnidipine, metronidazole, omeprazole, and simvastatin, while cascade scoring expanded first-

neighbor edges nearly six-fold, revealing distal products that tracked with microbial dynamics. 

Several metabolites appeared only at later timepoints and aligned with shifts in community 

composition; for example, late-stage metronidazole derivatives coincided with decrease of 

Sarcina perfringens, consistent with known nitroreductase activity. These results demonstrate 
that microbial drug metabolism is not only shaped by the intrinsic chemistry of each compound 

but also by the ecological dynamics and functional capabilities of the resident microbes. 

To place these transformations in a broader biological landscape, repository-scale spectral 

searches provided an additional layer of context, distinguishing metabolites observed in diverse 

public datasets from those not yet represented in community submissions at the time of querying. 

This complementary view helps highlight candidate metabolites that may be driven by the specific 

conditions of synthetic community, while also situating others within widely occurring chemical 

space. Together, these insights show how combining synthetic communities with time-resolved 

non-targeted metabolomics can disentangle microbial contributions to xenobiotic metabolism and 

reveal a more diverse, dynamic chemical landscape than previously recognized. 

3.5 Online Methods 

3.5.1 Experimental designs and sample preparation 

A. Endpoint screen 
To investigate microbiome-mediated drug metabolism, 50 compounds were incubated with the 

Com20 synthetic gut community under anaerobic conditions in mGAM medium. Each drug was 

tested in triplicate at two timepoints (0 h and 2 h) alongside abiotic and vehicle controls. 
Incubations were performed in U-bottom 96-well plates (Thermo Fisher Scientific, cat. no. 



Chapter 3: ChemProp2 

 156 

Z168136) and extracted with ethyl acetate prior to LC-MS/MS analysis. The screen was 

conducted in three batches based on drug solubility (aqueous, DMSO, or mixed). 

B. Time-series experiment 
Following the initial two-timepoint screening, a longitudinal experiment was conducted to assess 

temporal dynamics of microbial drug biotransformations and benchmark the ChemProp2 
framework. Twelve compounds were selected: nine (Cilnidipine, Clomifen, Erythromycin, 

Ketoconazole, Lansoprazole, Loratadine, Metronidazole, Omeprazole, and Sertraline) that 

exhibited at least one ChemProp1 transformation edge above the threshold (score ≥ 1), and three 

(Montelukast, Simvastatin, and Telmisartan) included to test ChemProp2 performance in low-

signal conditions. 

Incubations were sampled hourly from 0 h to 8 h, each timepoint corresponding to an individual 

96-well plate containing three biological replicates and one technical replicate per biological 

replicate. From each well, 900 μL was reserved for 16S rRNA sequencing. All drugs, except 

Cilnidipine and Loratadine, were tested at 8 μM; these two were used at 4 μM due to solubility 

constraints. Sample preparation and incubation conditions followed those used in the endpoint 
screening. 

3.5.2 Non-targeted Metabolomics using LC-MS/MS 

Ethyl acetate extracts were dried under vacuum and resuspended in 50% methanol prior to LC-

MS/MS analysis. Samples were measured on a Q Exactive HF Orbitrap mass spectrometer 

(Thermo Fisher Scientific) coupled to a Vanquish UHPLC system using a C18 column under a 7-

minute reverse-phase gradient (0.1% formic acid in water/acetonitrile). Data were acquired in 

positive mode using data-dependent acquisition (DDA) with a resolution of 30,000 for MS1 and 

15,000 for MS2. A pooled quality-control (QC) mix and an in-house six-compound QC mix were 
included to monitor retention time stability and batch effects. All chromatographic and MS 

parameters are provided in the Supplementary Methods. 

3.5.3 Data processing and FBMN 

Raw LC-MS/MS data were converted to the .mzML format using ProteoWizard’s msconvert108, 

retaining only MS/MS scans. Files were processed in MZmine v4.0.3113 following a standardized 

batch workflow. Mass detection was performed separately for MS1 and MS2 scans using the Auto 

detector (noise level: 3 × 105 and 1 × 103, respectively). Chromatograms were built using the 
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ADAP module (minimum five scans, height ≥ 1 × 106, m/z tolerance = 0.002 Da or 10 ppm). Peaks 

were deconvoluted using the Minimum Search algorithm (duration 0.01-3 mins, minimum 5 data 

points, height ≥ 1 × 106). MS2 spectra were linked to MS1 features within 10 ppm precursor m/z 

tolerance and retention time (RT) filtering. Isotopes were grouped using the Isotope Grouper and 

annotated via the Isotope Finder. Alignment across samples used the Join Aligner (10 ppm, 0.15 
min RT tolerance), retaining features present in ≥ 3 samples and containing ≥ 2 isotopic peaks. 

Gap filling employed the Multithread Peak Finder (5 ppm, 0.05 min RT tolerance), and redundant 

features were removed using the Duplicate Filter (5 ppm, 0.1 min RT tolerance). Final feature 

tables containing MS2 scans (.mgf) and peak areas (.csv) were exported for GNPS(2) Feature-

Based Molecular Networking (FBMN) and SIRIUS analysis. 

FBMN was performed on GNPS(2) using default parameters unless stated otherwise. Precursor 

and fragment ion tolerances were both set to 0.01 Da; edges were retained for cosine > 0.7 with 

≥ 6 matched peaks. Each node was connected to up to 10 most similar nodes (Δm/z < 1999). 

Spectral library matching was performed against the GNPS library using identical thresholds, 

retaining only the top hit. A maximum component size of 100 was set. No intensity threshold or 
normalization was applied. The resulting edge table, together with the MZmine quantification table 

and sample metadata, was used as input for ChemProp analyses. GNPS job IDs, along with raw 

and processed data (.mzML), are listed in the Data Availability section. 

3.5.4 Com20 microbiome incubations and 16S rRNA sequencing 

The Com20 synthetic gut microbial community as describred in Griesshammer et al.54, comprises 

20 commensal bacterial species spanning six phyla and representing ~61% of the metabolic 

pathways found in a healthy human gut microbiome. All strains were originally obtained from 

DSMZ, BEI Resources, ATCC, or collaborating laboratories54 and routinely cultivated in pre-
reduced mGAM medium (HyServe GmbH & Co. KG, Germany) at 37 °C under anaerobic 

conditions (2% H2, 12% CO2, 86% N2). 

DNA from ChemProp2 time-series incubations (900 µL aliquots) was extracted using the DNeasy 

UltraClean 96 Microbial Kit (Qiagen). Amplicon sequencing of the 16S rRNA V4 region was 

performed on an Illumina MiSeq (2 × 250 bp) at the NGS Competence Center Tübingen following 

the protocol of Griesshammer et al54. Reads were processed with DADA2 (v1.21.0) and classified 

against a GTDB-based reference; Com20 members were further resolved to species level using 
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a custom database (≥ 98 % identity). Species-level abundances were normalized by optical 

density (OD600) for downstream ordination (Bray-Curtis PCoA). 

3.5.5 ChemProp2 analysis and cascade scoring (including FDR) 

ChemProp2 scores were computed using Pearson correlations across timepoints for each 
connected feature pair within the FBMN network. A strong anti-correlation between two features 

was interpreted as a potential precursor-product relationship, where one compound decreased 

and the other increased over time. To assess scoring reliability, ChemProp2 implements a false 

discovery rate (FDR)-based approach adapted from proteomics283,284 where peptide matches 

tested against real and decoy sequence databases are compared to estimate empirical 

thresholds. Feature tables are randomly shuffled to generate decoy datasets, which provide null 

distributions for comparison. Scores from original and decoy networks are then compared to 

estimate empirical FDR thresholds (e.g., 1%, 5%, 10%) for prioritizing high-confidence 

transformations. While this strategy improves interpretability, we note that shuffled datasets may 

still retain minor original patterns; further optimization of decoy generation will be addressed in 
future versions. 

For cascade scoring, FBMN spectral library search returned 124 hits across the 12 analyzed 

drugs, including adducts and analogs. For downstream analysis, we focused on 14 features 

representing the parent [M+H]⁺ ions (SI Table 6). Most drugs had a single [M+H]⁺ feature, 

whereas Simvastatin (m/z 419.2791 and 419.2792; RT 4.75 and 5.01 min) and Telmisartan (m/z 

515.2441 and 258.1256) contributed two each. The global FBMN with the 12 drugs contained 

11,097 edges across 770 components, with 27 components including drug or analog nodes 

(2,155 edges total). Within this subset, 115 edges (D1) linked parent drug features to their 

immediate neighbors (SI Table 3). To capture downstream events, we expanded connections up 

to 10 cascade steps from each parent node. Cascade scoring added 3,637 edges, yielding 5,792 

total scored edges (D1-D10). Of these, 664 edges were directly connected to 14 parent drug 

nodes, a ~5.8-fold increase relative to D1 alone. This cascade expansion highlighted distal 

features with drug-linked temporal trends, offering a broader view of multi-step microbial 

biotransformation pathways. ChemProp2 scores were also computed for drug adduct and analogs 
and their neighbors, but the analyses presented in the manuscript were restricted to parent drug 

features. 
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3.5.6 Selection of representative drugs for ChemProp2 analysis 

From the initial drug screen, 50 compounds were selected for ChemProp1 analysis based on 

detectable precursor ions and network connectivity in FBMN. Each drug had a confidently 

observed [M+H]+ feature with adjacent nodes suitable for scoring, except for acarbose, detected 
primarily as an [M+NH4]+ adduct. ChemProp1 scores were calculated for every edge by 

comparing feature intensities between 0 h and 2 h, and edges with scores ≥ 1 (≥ two-fold change) 

were considered as candidate transformations. 

Spectral library matches were found for 38 drugs (14 with class 1 annotations and 24 with class 

3), providing additional confidence in compound identity. Parent ions were manually validated in 

the GNPS Dashboard by m/z and RT inspection. While some drugs displayed multiple network 

connections, the number of direct edges did not always correlate with transformation likelihood, 

highlighting the limitations of pairwise-only scoring. Figure 2 summarizes these results, showing 

for each drug the number of first-degree connections and how many exceeded the ChemProp1 

threshold. This initial screening established a baseline for assessing transformation potential and 
guided the selection of 12 representative drugs for subsequent time-resolved ChemProp2 

analysis. 

3.6 Data Sharing 

Raw LC-MS/MS data (.raw and .mzML) for all ChemProp1 experiments (50-drug screen, two 
timepoints) are publicly available on MassIVE (MSV000096724, MSV000093571) and Zenodo 

(https://zenodo.org/records/10213654, https://zenodo.org/records/10210429). The ChemProp2 

multi-timepoint dataset (12 selected drugs) is available separately on MassIVE (MSV000094899) 

and Zenodo (https://zenodo.org/records/15677238). 

All molecular networking was conducted using the FBMN workflow on GNPS. Two GNPS1 jobs 

were used for the ChemProp1 screening experiment 

(https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c561760343354873914a3f0bb4b03144, 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=421f28daa319440d900adfb2c9a56243). The 

longitudinal ChemProp2 dataset (12 drugs) was processed using the GNPS2 FBMN workflow 

(https://www.gnps2.org/status?task=1b5b94b4191d4223a5f57afb2aaaf0b0). 

Use of Generative AI 

https://zenodo.org/records/10213654
https://zenodo.org/records/10210429
https://zenodo.org/records/15677238
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c561760343354873914a3f0bb4b03144
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=421f28daa319440d900adfb2c9a56243
https://www.gnps2.org/status?task=1b5b94b4191d4223a5f57afb2aaaf0b0
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No generative artificial intelligence (e.g. large language models) was used to generate original 

content of the manuscript. ChatGPT 5 (OpenAI) was used for proof reading and text editing of the 

manuscript. The authors take full responsibility for the content of the manuscript. 
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AKPS and DP conceptualized the ChemProp software. AKPS, AG, LM, and DP conceptualized 

the SynCom experiments. AKPS, AW, and MW developed the ChemProp application. AKPS, AG, 

and PS performed microbial culturing and extractions. PS performed mass spectrometry 

experiments. AG and LM performed amplicon sequencing. AKPS, AG, JCK, LM and DP analysed 

data. AKPS and DP wrote the manuscript. All authors contributed to the writing and edited and 

approved the final manuscript. 
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4.1 Abstract 

The integration of metabolomics and other omics data is essential for uncovering complex 

biological interactions, especially in microbial communities. We present CorrOmics, an open-

source, user-friendly, web application that streamlines flexible correlation analysis between 

metabolomics and other omics layers such as microbiome (e.g., 16S rRNA), proteomics, or 

transcriptomics data. Developed in Python using Streamlit, CorrOmics allows users to 

interactively filter data, choose correlation metrics (Pearson, Spearman), apply FDR correction, 
and visualize significant associations. The tool supports hierarchical metadata selection and 

exports both CSV and GraphML formats for downstream network exploration in Cytoscape. A 

proof-of-concept case study demonstrates the utility of CorrOmics in analyzing metabolomic and 

microbial abundance data from a liquid-derived synthetic community (SynCom) with varying 

microbial compositions. By correlating features across different SynCom combinations, 

CorrOmics enables the identification of microbe-metabolite cooccurrences that are specific to 

microbial assemblages. CorrOmics is fully documented, and freely available for local installation 

and as a web application via the GNPS ecosystem (https://corromics.gnps2.org) 

https://corromics.gnps2.org/
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4.2 Introduction 

Rapid advances in bioanalytical high-throughput technologies, such as next-generation 
sequencing and mass spectrometry, have made it increasingly common to generate different 

omics datasets, capturing information across various biological layers like gene expression, 

protein abundance, and metabolic profiles66,319. Each layer offers a distinct perspective on cellular 

activity. To move beyond isolated insights and better capture the full complexity of living systems, 

it has become crucial to integrate these data types64,319. Such multi-omics approaches hold great 

promise for uncovering comprehensive mechanisms underlying diseases320–322 and biological 

functions323,324. This interest in multi-omics integration has grown since the genomics boom of the 

early 2000s, evolving with technological advances that now allow holistic profiling across 

epigenomic, transcriptomic, proteomic, and metabolomic layers322. Yet, this integration is far from 
straightforward, as it is often hindered by the sheer scale of the data, variability across platforms, 

and the limited availability of biological replicates. Addressing these challenges calls for innovative 

computational strategies tailored to the intricacies of multi-omics analysis. As a result, developing 

robust methods for the integrative analysis of multi-omics datasets remains a central challenge in 

computational biology today64. Morabito et al.325 provides a comprehensive review of current 

algorithms and tools for multi-omics data integration, highlighting commonly used methods 

tailored to specific integration strategies and study designs.  

Several computational pipelines have been developed for multi-omics integration in the early 

2000s, including tools like Integromics326 and sMBPLS327, with implementations primarily in R, 

C++, or MATLAB. While some tools are designed for specific combinations of omics data, others 
offer more general frameworks. Common analytical approaches include multi-weighted graphs, 

factor analysis, linear discriminant analysis, canonical correlation analysis, and partial least 

squares64. Although we do not delve into these methods in detail here, Bersanelli et al.64 provides 

a helpful overview of integration strategies and tools developed up to that time, particularly those 

established in the early 2000s. However, many tools are no longer actively maintained, which 

remains a common challenge. 

Multi-omics integration can be done in different ways, depending on the goal and complexity. 

Some methods study each omics type separately and combine the findings later, while others 

analyze them together to look for shared patterns. The process can also be guided by existing 
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biological knowledge (knowledge-driven) or by solely relying on the statistical patterns found in 

the data (data-driven)325. 

Our tool, CorrOmics, follows a data-driven approach to multi-omics integration. Broadly, the three 

commonly used strategies in multiomics integration under this data-driven approach include: (i) 

correlation-based methods, (ii) multivariate techniques such as PLS-DA and DIABLO, and (iii) 
machine learning or AI-driven approaches, such as consensus clustering325. Among these, 

correlation analysis remains one of the most fundamental and widely adopted techniques for 

exploring relationships between different omics layers, due to its simplicity, interpretability, and 

ability to reveal pairwise associations across complex datasets328–331. 

Common correlation approaches, such as Pearson and Spearman correlation, along with 

multivariate extensions like the RV coefficient, are widely used to identify global patterns across 

datasets330,332. More complex frameworks like WGCNA333, xMWAS334, and mixOmics75 

incorporate network- or model-based strategies, often relying on assumptions such as linearity or 

requiring dimensionality reduction through components like PLS. While powerful, these methods 

can be computationally intensive and less interpretable, as the resulting associations depend on 
latent variables, dimensionality reduction, or complex mathematical transformations that obscure 

direct feature-to-feature relationships. 

CorrOmics adopts a straightforward, feature-level approach based on pairwise correlations 

between any two omics layers, such as metabolomics with microbiome, transcriptomics, or 

proteomics data. While it shares the linear or monotonic assumptions of Pearson and Spearman 

metrics, Corromics emphasizes transparency, statistical rigor, and ease of use, providing a fully 

interactive web interface with customizable filtering and support for flexible metadata structures. 

While tools such as mmvec76 or mixOmics75 excel in probabilistic modeling and multivariate 

integration, CorrOmics prioritizes accessibility, requiring no command-line knowledge, and 
provides a simple feature-correlation framework through an interactive web interface. An overview 

of the workflow is presented in Figure 1, illustrating data input, correlation computation, and 

visualization modules. It enables users to define thresholds, apply false discovery rate (FDR) 

correction, and interactively explore significant associations in formats suitable for exploratory 

analysis and publication-ready outputs. Notable features include hierarchical binning of features 

(e.g., taxonomic profiles) to a specified rank and FDR-based filtering of correlation scores for 

robust selection of significant relationships. 
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Figure 1: CorrOmics Overview / Architecture: The figure shows the schematic of input tables, the 

available correlation options, the resulting output formats and the app availability as local download and 

web application. 

4.3 Implementation 

CorrOmics was developed with accessibility, reproducibility, and scalability as guiding principles. 

The app is written entirely in Python and built with Streamlit77, offering an interactive browser-

based interface that requires no coding. It is designed for scientists with minimal computational 

experience while remaining robust for high-dimensional data analysis. The workflow is organized 

across multiple pages, with session-state management used to retain user selections and data 

transformations throughout the session. 

All data processing is performed in-memory using pandas335 and NumPy336. Correlations are 

computed using SciPy.stats337, ensuring consistent statistical handling. Sample identifiers are 

automatically mapped between the different feature tables through the metadata columns 
‘filename’ and ‘ATTRIBUTE_Corromics_filename’ (Figure 2). For secondary omics datasets 

(e.g., proteomics, metagenomics, amplicon sequencing), users can optionally apply 

preprocessing such as feature abundance filtering, log transformation, and missing-value 

imputation prior to correlation analysis to standardize the data and reduce sparsity. In contrast, 

no preprocessing or transformation options are provided for the primary metabolomics dataset, 
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as it is assumed that users have already processed it using external tools such as FBMN-

STATS338, MZmine113,339, or similar pipelines to generate a ready-to-use quantification table. 

Graph-based outputs are generated using NetworkX340 in GraphML format. Cytoscape341 

compatible node and edge attributes are encoded directly during export, eliminating manual post-

processing (Figure 8 shows an example of the exported network).  

Figure 2. Data upload and filtering interface in Corromics (A) Manual upload of input files: a metadata 

file linking both omics datasets, a metabolomics feature table and a second omics table (e.g., proteomics 

or metagenomics). (B) Metadata overview summarizing columns, categories, and sample counts. The 
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‘ATTRIBUTE_Corromics_filename’ column links filenames between the two feature tables. (C) Filtering 

panel for metabolomics data, allowing users to include or exclude specific sample groups based on 

metadata categories. 

CorrOmics can be accessed directly through the GNPS236,342 web platform or run locally from its 

open-source GitHub repository (https://github.com/Functional-Metabolomics-Lab/Corromics), 

making it fully operating-system independent. For local users, a precompiled Windows executable 

is also provided for convenience. On GNPS2, the app runs in a containerized environment to 

ensure stable deployment alongside other hosted tools. All computations are executed in-
memory, with no intermediate files written to disk. No user data is stored on the GNPS2 server, 

and local executions process entirely within the user’s own system memory, ensuring fast 

performance, data privacy, and reproducible analysis. To maintain performance across 

environments, CorrOmics dynamically adjusts the maximum number of allowable pairwise 

correlations (1 million on the GNPS2 server; up to 10 million locally). 

4.4 Methods 

4.4.1 Input Requirements 

CorrOmics requires three input files in .csv, .xlsx, txt, or .tsv formats: a metadata table, a 

secondary omics feature table, and a metabolomics feature table. The workflow follows the same 

sequence as in the web interface. 

(i) Metadata Table 

The metadata table is essential for linking the metabolomics and secondary omics datasets (Table 

1). It must contain two required columns: 

● filename – sample identifiers corresponding to the metabolomics feature table (including 

file extensions such as ‘.mzML’). These must match the metabolomics sample names or 

their base names (e.g., ‘sample_1’, ‘sample_1.mzML’). 

● ATTRIBUTE_Corromics_filename – sample identifiers corresponding to the secondary 

omics dataset (e.g., ASV, proteomics, transcriptomics). 

Internally, CorrOmics uses the ‘filename’ column to match samples to the metabolomics table 

and ‘ATTRIBUTE_Corromics_filename’ to map them to the secondary omics table. Additional 

metadata columns (e.g., Treatment, Timepoint, Replicate, Batch) are optional but recommended, 

as they enable filtering or subsetting of samples during correlation analysis. 

https://github.com/Functional-Metabolomics-Lab/Corromics
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Table 1: Example Metadata Table 

filename ATTRIBUTE_Corromics_filename Timepoint Treatment Replicate 

Sample1.mzML Sample1_proteins.tsv T0 Drug_A 1 

Sample2.mzML Sample2_proteins.tsv T1 Drug_A 1 

Sample3.mzML  T0 Drug_A 2 

Sample4.mzML Sample3_proteins.tsv T1 Control 1 

(ii) Secondary Omics Table 

The secondary omics table (e.g., ASV sequencing, proteomics, or transcriptomics) must contain 

features in rows and samples in columns. The first column is interpreted as the feature identifier 

and renamed internally to ‘feature_ID’. Non-sample columns such as taxonomy or annotation 

metadata are automatically detected and preserved for optional filtering and visualization. 

(iii) Metabolomics Table 

CorrOmics accepts three input types for the metabolomics feature table: 

1. Custom table: Must contain features in rows and samples in columns, with a column 
named ‘feature_ID’ as the unique identifier (See Table 2). Sample column names should 

match those in the metadata (including extensions such as ‘.mzML’). 

2. FBMN-STATS output: Directly upload the exported feature table (samples as rows, 

features as columns). CorrOmics automatically transposes the table, extracts feature 

columns (e.g., ID_mz_RT), and matches sample names with the metadata. 

3. MZmine export: Upload the MZmine feature table containing ‘row ID’, ‘row m/z’, and ‘row 

retention time’ columns. These are automatically combined into a unique ‘feature_ID’ 
(e.g., 45_233.12_5.02). If column names include “Peak area,” the app removes this suffix 

for proper metadata alignment. 

Table 2: Example Feature Table (Option: Manual input - Custom Data) 

feature_ID Sample1.mzML Sample2.mzML Sample3.mzML 

284_542.66_2.2 1000 850 720 

512_631.55_3.1 234 310 198 
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4.4.2 Filtering and Preprocessing 

By default, CorrOmics automatically filters the input data to retain only overlapping samples 

between the two feature tables. Additional sample-level filtering can be performed using metadata 

fields such as ‘treatment’, ‘timepoint’, or ‘replicate’ to create subsets for correlation analysis. 

For the secondary omics dataset (e.g., ASV counts, OTU counts or proteomics), users can 

optionally perform hierarchical binning to reduce the total number of correlations. Abundance-

based filtering can then be applied using the total-sum column automatically generated at the 

right end of the table. Thresholds on overall counts can be set to exclude features with very low 

or extremely high abundances. 

No feature-level preprocessing is implemented for the primary metabolomics dataset (Omics 

1). It is assumed that this dataset has already been processed using external tools such as FBMN-

STATS or MZmine, where users can apply blank removal, imputation or total-ion-count (TIC) 

normalization, before importing into CorrOmics. 

4.4.3 Correlation Analysis and FDR Strategy 

Pairwise correlations are computed between all features in Omics 1 (typically metabolomics) and 

Omics 2 (e.g., microbiome, proteomics, or transcriptomics). Users can choose between Pearson 

correlation, suited for detecting linear relationships, and Spearman correlation, which captures 

monotonic but nonlinear trends and is more robust to non-normal distributions. 

To control for false positives from multiple comparisons, CorrOmics applies a two-tiered FDR 

strategy. First, Benjamini-Hochberg adjusted p-values are calculated for each metabolite-other 

omics pair. Second, a decoy-based correction is implemented by randomly shuffling the sample 

labels of Omics 2 (e.g: microbial count) to generate a null distribution of “metabolite-shuffled 
microbe” correlations.  

The resulting target and decoy score distributions are visualized as histograms, and an FDR curve 

is generated across correlation bins (-1 to +1) with suggested cutoffs of 1%, 5%, and 10%. Users 

can interactively adjust correlation thresholds (default |r| ≥ 0.5) and examine the number of 

retained edges before and after FDR filtering. Filtered correlations can be exported as tables or 

GraphML networks compatible with Cytoscape for downstream exploration. 
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4.4.4 Case Study Dataset Design (Synthetic microbial community) 

i) SynCom design and sample preparation 

A defined synthetic leaf microbial community (SynCom) of 13 bacterial strains was assembled as 
a ground-truth model. The SynCom consisted of: Aeromicrobium fastidiosum, Arthrobacter 

humicola, Bacillus altitudinis, Bacillus subtilis, Flavobacterium pectinovorum, Frigoribacterium 

faeni, Methylobacterium goesingense, Microbacterium proteolyticum, Nocardioides cavernae, 

Paenibacillus amylolyticus, Pseudomonas koreensis, Rhizobium skierniewicense, and 

Sphingomonas faeni.  

Each bacterial strain was cultivated individually in Nutrient Broth (NB) at 22 °C and 250 rpm 

overnight. Cells were washed three times in 10 mM MgCl2 and adjusted to an optical density 

(OD600) of 1.0. Twelve community combinations were created by adding different ratios of each 

strain while keeping the total cell count constant (1 mL per mixture). Each community was 

prepared in duplicate to generate two biological replicates. One mL of each mixture was used for 

DNA extraction and metabolite profiling. 

ii) DNA Extraction and Nanopore Analysis 

For the amplicon dataset, 1 mL of mixed culture was used for DNA extraction. Cells were lysed 

by bead-beating363 with 0.1 mm zirconia beads in 500 µl lysis buffer (200 mM NaCl, 200 mM Tris 

Base, 20 mM EDTA) plus 200 µl SDS (20%), using a BeadBeater (BioSpec, Bartlesville, OK, 

USA) at 2,400 rpm for 5 min. The mixture was centrifuged at 6,200 rcf, 4°C for 3 min, and the 

aqueous layer was collected. DNA was purified twice using 500 µl Phenol:Chloroform:Isoamyl 

Alcohol (25:24:1), then precipitated with 600 µl ice-cold isopropanol and 60 µl of 3M Sodium 
acetate, incubated at -20°C for 1 hour. Following centrifugation and washing with 500 µl of 100% 

ethanol, the DNA was air-dried and resuspended in 30 µl of nuclease-free water. 

DNA concentration was measured using NanoQuant (Tecan, Morrisville, NC, USA). Amplicon 

PCR was performed using 10 ng/µl DNA and 16S rRNA primer pair 341F/1378R346,364, targeting 

the V3-V8 region365 as described previously366. For library preparation, LongAmp Hot Start Taq 

DNA Polymerase (New England BioLabs, Ipswich, MA, USA) was used following the 

manufacturer’s protocol. PCR products were purified using AMPure XP magnetic beads 

(Beckman Coulter, Ontario, Canada), and DNA concentration was measured using NanoQuant 

on a Tecan Infinite reader (Tecan U.S., Morrisville, NC, USA). 
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Further sequencing were performed using Oxford Nanopore Technologies with the Flongle Native 

Barcoding Kit 24 V14 (SQK-LSK110), following manufacturer instructions. Sequencing was run 

for 24 hours on a MinION device using R9.4.1 Flongle flow cells. Basecalling and barcode 

trimming were done a using MinKNOW software (v25.03.9) in super-accurate mode. Sub 

packages included MinKNOW core (v6.4.9), Dorado (v7.8.3) and Bream (v8.4.4) and 
ScriptConfiguration (v6.4.11). Downstream data processing was carried out with EmuWrapper367, 

where the reads were filtered based on a QScore > 10 and a read length between 700 and 2000 

bp. 

iii) Metabolite Extraction and LC-MS/MS analysis 

Cell pellets from the liquid cultures were extracted with ice-cold 80% methanol (10 mL per g dry 

weight), sonicated for 20 mins, concentrated, and re-dissolved to 2 mg/mL. Eight spike-in 

standards (aspartame, caffeine, carbamazepine, clarithromycin, coumarine 314, irgarol, N-

acetylsulfamethoxazole, sulfamethoxazole) were added at 10 µg/mL to the 12 groups at varying 

ratios.  

LC-MS/MS measurements were performed on a Thermo Orbitrap Exploris 480 coupled to a 

UHPLC C18 column (50 × 2.1 mm, 1.7 µm, 100 Å pore size, Phenomenex, Torrance, USA) by 

injecting 5 µl into a UHPLC System. The mobile phase consisted of Solvent A (water + 0.1% 

formic acid) and Solvent B (acetonitrile + 0.1% formic acid). A linear gradient was applied as 

follows: 5% B from 0-8 min, 40-99% B from 8-10 min, a washout at 99% B from 10-13 min, 

followed by re-equilibration at 5% B for 3 min. The detected compounds were ionized by 

electrospray ionization (ESI) with the following settings: sheath gas 45 L/min, auxiliary gas 5 

L/min, sweep gas 1 L/min, spray voltage 3.0 kV, RF lens 75 V, capillary temperature 325 °C, and 

auxiliary gas temperature 300 °C. MS acquisition was performed in positive ion mode, scanning 
m/z 150-1500 at 120,000 resolution with one microscan, a 100 ms maximum injection time, and 

Automatic Gain Control (AGC) target of 100%. 

MS/MS scans were acquired in data-dependent acquisition (DDA) mode. In each duty cycle, the 

top 5 most intense ions were selected for fragmentation at 15,000 resolution with one microscan. 

The maximum injection time was 50 ms, using the same AGC target as MS1. Fragmentation was 

performed with a 1 m/z isolation window (no offset). Dynamic exclusion was set to 10 s, ions with 

unassigned charge states were excluded with a mass tolerance of 10 ppm. Isotope peaks were 

removed using a 3 m/z exclusion window. Raw files were converted to .mzML (MSConvert110) 

and processed through GNPS2 Feature-Based Molecular Networking42 for spectral annotation. 
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MZmine 4.0.3 was used to get the quant table113. Statistical filtering (blank removal, imputation 

and TIC normalization) was carried out on metabolomics data using FBMN-STATS338. 

iv) Data processing for CorrOmics analysis 

Amplicon-derived ASV abundance tables and LC-MS/MS feature tables (blank-removed, 
imputed, TIC normalized table from FBMN-STATS app) were imported into CorrOmics for 

correlation analysis. Pairwise Pearson and Spearman correlations were computed, FDR 

correction applied, and significant metabolite-species associations visualized as networks in 

Cytoscape. The metabolomics dataset used in this study can be accessed from the FBMN link 

(https://www.gnps2.org/status?task=68ff815c6ad448d4b3bfc88db5236da8). All associated 

analysis files for repeating the CorrOmics analysis presented here are provided in the GitHub 

repository https://github.com/abzer005/Corromics_test_case.  

4.5 Proof Of Concept 

To demonstrate the workflow, CorrOmics was applied to an established leaf synthetic community 

(SynCom) derived from Arabidopsis thaliana composed of 13 bacterial isolates343. The dataset 

integrates microbial abundance data such as amplicon sequencing variants (ASV-based 16S 

rRNA counts) and metabolomics profiles (such as liquid chromatography-tandem mass 

spectrometry or LC-MS/MS intensities), providing a defined ground-truth system for 

benchmarking correlation accuracy. Controlled variation was introduced by constructing 12 

community combinations in which strain abundances either increased, decreased, or remained 

constant, each prepared in duplicate. Eight metabolites of known identity were spiked into these 

samples following the same directional trends, mimicking a microbe-metabolite system that 
changes over time. This design allows systematic evaluation of metabolite-microbe correlations 

under realistic yet controlled conditions. 

CorrOmics accepts data in several formats: metabolomics feature tables may be imported from 

MZmine, FBMN-STATS, or custom matrices, while metadata and secondary omics layers must 

follow a defined structure (detailed in Methods). Users provide three core files, a metabolomics 

table, a second omics table (e.g., ASV counts, proteomics), and a metadata file linking samples 

(Figure 2A-B). In the SynCom use case, metabolomics data were preprocessed externally (blank 

removal, imputation, total-ion-count or TIC normalization using FBMN-STATS), whereas the ASV 

table was used without hierarchical binning since species-level identities were known (in contrast 
to datasets where grouping by taxonomic rank is beneficial; Figure 3). 

https://www.gnps2.org/status?task=68ff815c6ad448d4b3bfc88db5236da8
https://github.com/abzer005/Corromics_test_case
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Within the interface, CorrOmics supports optional preprocessing for both metabolomics (Figure 
2C) and secondary omics tables, including abundance-based filtering, log transformation, 

imputation, and TIC or centered log-ratio (CLR) normalization344,345. Zero-count features are 

excluded by default, and users may define upper or lower abundance thresholds to remove rare 

or dominant taxa. Pairwise metabolite-microbe correlations are then computed using Pearson or 
Spearman with FDR correction (Figure 4). For the SynCom dataset, Pearson was preferred due 

to the linear structure of the experimental design. 

 
 
Figure 3. Hierarchical organization and binning of other omics data. (A) Interface for hierarchical data 

(e.g., taxonomy). Users can select columns from a dropdown, arrange them from higher to lower levels, 

and bin data at the desired level to simplify correlations. (B) Example dataset binned to the ‘Genus level’ 
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using ASV 16S rRNA counts (714 unique genera). (C) The same dataset is binned to the ‘Domain level’, 

showing four domains. The last column indicates total counts at each level. 

 
 
Figure 4. Correlation metrics and output visualization. (A) Supported correlation methods (Pearson and 

Spearman). After computation, correlation scores are generated for both target and decoy datasets, linking 

each metabolite feature with each species. (B) Example output table showing correlation results for the 

target dataset, including the correlation coefficient (Estimate), p-value, Benjamini-Hochberg-corrected p-

value, and R2 values. 

To assess robustness, CorrOmics applies a target-decoy validation strategy, in which a decoy 
dataset is generated by randomizing the second omics table while keeping the metabolite table 

fixed (Figure S1 in Supplementary Information (SI)). Comparison of target and decoy score 

distributions identifies low-confidence regions (typically -0.5 < r < +0.5), and user-defined FDR 

thresholds (1%, 5%, 10%) are applied to retain high-confidence correlations (Figure 5). 
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Figure 5. Evaluation of correlation scores and false-discovery-rate (FDR) thresholds. (A) Histogram 

comparing correlation scores from target and decoy datasets. Most overlapping scores fall between -0.5 

and +0.5, while stronger correlations (|r| > 0.8) appear mainly in the target set. (B) FDR thresholds (1%, 

5%, 10%) derived from target-decoy score distributions. For instance, an FDR of 1% retains correlations 

above ±0.6, whereas an FDR of 10% includes correlations above ±0.5. 

The final output includes a correlation results table and a Cytoscape-compatible network file, 

where nodes represent metabolites or microbial features and edges represent correlation strength 

and whether the association is positive or negative. These outputs enable users to visualize multi-

omics associations and prioritize biologically meaningful relationships for further analysis. 
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4.6 Results & Discussion 

4.6.1 Validation of Synthetic Dataset Design 

The designed (SI Figure S2) and measured (SI Figure S3) compositions of both datasets are 

provided in the Supplementary Information. Most intended abundance patterns were preserved, 

although certain strains exhibited lower counts, likely due to primer-binding or amplification biases 

in 16S amplicon sequencing, including nanopore-based methods346–349. In addition, sequencing 

and base-calling errors inherent to long-read nanopore data can contribute to compositional 

inaccuracy, particularly for closely related taxa350. Comparative studies have also reported 
platform-specific biases, with nanopore sequencing offering higher taxonomic resolution but 

reduced quantitative accuracy relative to short-read Illumina data351.  

In the metabolomics data, spiked-in compounds followed the expected trends, though some 

variation in signal intensity was observed, likely reflecting differences in ionization efficiency or 

matrix effects rather than true concentration changes352,353. Principal Coordinate Analysis (PCoA) 

of the measured microbiome and metabolome datasets (SI Figure S4) revealed the expected 

progression along the designed gradient, confirming that the synthetic community structure was 

largely maintained. Minor deviations in specific strains or compounds are discussed in 

Supplementary Note and visualized in line plots (SI Figure S5). 

4.6.2 Evaluation of Normalization and Trend Preservation 

To assess how preprocessing strategies affect trend preservation, several normalization methods 

were tested for both metabolomics and microbiome datasets, including raw values, TIC 

normalization179, CLR transformation354, and feature-wise mean normalization355. For each 

approach, the abundances of individual species (microbiome) and the intensities of the eight 

spiked-in metabolites (metabolomics) were plotted across the 12 SynCom combinations. This 

comparison aimed to identify methods that retained the expected increase-decrease trends while 

placing both datasets on comparable intensity scales, since raw metabolite intensities (106-108 

range) are not directly comparable to microbial operational taxonomic unit (OUT) counts for 

correlation analysis. 

TIC normalization preserved the relative trend shapes observed in the raw metabolomics data 

while compressing overall intensity values. For the ASV table, TIC normalization (i.e., per-sample 

total-sum normalization or relative abundance) retained the intended gradient, whereas CLR (with 
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zero replacement) distorted trajectories in this sparse SynCom. Accordingly, TIC-normalized 

metabolomics and microbiome data were used for all downstream correlation analyses (Pearson 

correlation, consistent with the linear study design). Comparative panels illustrating these effects 

are provided in SI Figures S6-S7. 

Preprocessing and data scaling can influence the magnitude of correlations, particularly for 
parametric measures such as Pearson correlation, which are sensitive to compositional 

effects356,357. In contrast, non-parametric rank-based methods such as Spearman are generally 

less sensitive to scaling effects358. However, Spearman’s correlation should not be 

overinterpreted as a direct measure of association strength, since it reflects monotonic rather than 

strictly linear relationships. A systematic evaluation of normalization effects across omics types is 

beyond the scope of this technical note. Future versions of CorrOmics may include normalization 

modules suited to other omics datasets, such as quantile or variance-stabilizing transformations 

for transcriptomics359,360 and median-ratio or intensity-based normalization for proteomics361,362, 

enabling systematic multi-omics benchmarking within the same framework. 

4.6.3 Correlation Analysis and Benchmarking 

The metabolomics dataset used for correlation analysis is publicly accessible on GNPS2 

(https://www.gnps2.org/status?task=68ff815c6ad448d4b3bfc88db5236da8). It contains 3,371 

features across 24 samples (12 experimental groups in duplicate), including eight spiked-in 

metabolites. Following blank filtering (30% threshold), 2,721 features remained, after which 

missing values were imputed and intensities were TIC-normalized using the FBMN-STATS 
workflow (https://fbmn-statsguide.gnps2.org/).  

Correlation analysis between metabolite intensities and microbial relative abundances generated 

38,094 feature-taxon pairs, of which ~11,000 met the significance criteria of |r| ≥ 0.6 at 1% FDR 

(Pearson: 11,258; Spearman: 11,941 correlations). Of these associations, approximately 60% 

were positive and 40% negative, capturing both co-occurrence and inverse abundance patterns 

across taxa. 

To highlight the strongest associations, the top 60 Pearson correlations (30 positive and 30 

negative) were visualized, representing 59 unique metabolite features mainly linked to 

Pseudomonas koreensis, Bacillus altitudinis, and Rhizobium skierniewicense (Figure 6A). These 

included four of the eight spiked-in metabolites and other annotated compounds such as 

surfactins, erythromycin, terbutryn, prometryne, and irgarol. In contrast, the top 60 Spearman 

https://www.gnps2.org/status?task=68ff815c6ad448d4b3bfc88db5236da8
https://fbmn-statsguide.gnps2.org/
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correlations (46 features across four species, including Flavobacterium pectinovorum) contained 

no spike-ins, even when extended to the top 80 (63 features) (Figure 6B). Overall, 56 of the 59 

Pearson correlations involved P. koreensis, whereas the top Spearman set was dominated by P. 

koreensis and R. skierniewicense. Together, these results suggest that Pearson better captured 

the designed abundance trends, whereas Spearman emphasized alternative monotonic 
relationships. 

The overall correlation heatmap (SI Figure S8) extends this comparison to the non-spiked-in 

features (1% FDR-adjusted scores), providing a broader view of species-specific association 

patterns. These features were included to explore background correlations beyond the 

experimental spike-ins and to identify clusters of positive and negative associations across 

species. Spearman produced a greater number of significant correlations, primarily involving the 

unassigned, P. amylolyticus, and M. goesingense groups, although the latter two displayed very 

few correlations overall that passed FDR correction. While both Pearson and Spearman 

heatmaps appear similar, the Spearman version shows a denser distribution of significant 

associations (condensed for clarity). Species are represented as columns and features as rows, 
with hierarchical clustering applied to highlight shared correlation profiles. 
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Figure 6. Heatmaps of the top correlation scores (top 60 = 30 positive + 30 negative). A) Pearson 

correlations highlight 59 unique metabolite features, predominantly associated with three species, and 

include 4 spiked-in compounds. B) Spearman correlations capture 46 features across four species but do 

not include any of the spike-ins. The color scale represents correlation strength from -1 (blue) to 0 (white) 

to +1 (red). Zero values represent correlations that did not pass the 1% FDR-adjusted significance threshold 

(|r| < 0.6), rather than true zero correlations. 
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Figure 7. Comparison of (A) Pearson and (B) Spearman correlation scores for the eight spiked-in 

metabolites across all species. Both methods show highly similar correlation patterns. Positive spike-ins 

(e.g., aspartame, caffeine, coumarin 314, and acetylsulfamethoxazole) exhibited strong correlations with 

increasing species (shown in red), whereas negative spike-ins showed the opposite trend. Zero values 

indicate correlations that did not pass the 1% FDR-adjusted significance threshold (|r| < 0.6) rather than 

true zero correlations. 

Figure 7 focuses specifically on the eight spiked-in metabolites, comparing their correlation 

signatures across species between the two methods. The overall profiles were consistent across 
both approaches, except for the unassigned group. In the experimental design, P. koreensis and 

P. amylolyticus were programmed to decrease, whereas two Bacillus species were designed to 

increase, with the remaining members serving as approximately constant controls. Slight 

deviations from these intended trends likely reflect natural variability in community growth. Neither 

P. amylolyticus nor M. goesingense exhibited detectable correlations with the spiked-in 

metabolites under the FDR-adjusted |r| ≥ 0.6 threshold. In the full, unfiltered correlation matrices 

(SI Figure S9), weaker associations are visible, approximately r ≈ 0.6 for M. goesingense and r 

≈ 0.2 for P. amylolyticus. 

For the decreasing-trend spike-ins (carbamazepine, sulfamethoxazole, clarithromycin, and 

irgarol), negative correlations were observed only for P. koreensis and the unassigned group, 

consistent with the imposed downward abundance trend. The opposite pattern was observed for 

the increasing-trend spike-ins, which correlated positively with the designed Bacillus species. 
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Collectively, these results demonstrate that Pearson correlations effectively captured the intended 

co-variation and directionality of metabolite-species relationships, whereas Spearman 

correlations reflected comparable monotonic trends but with slightly attenuated magnitudes. 

4.6.4 Network Representation of Multi-Omics Associations 

To visualize the overall structure of species-metabolite associations, the FDR-adjusted correlation 

table was exported as a ‘.graphml’ network and visualized in Cytoscape (Figure 8). The Pearson-

based network appeared as a dense, hairball-like structure, with a distinct peripheral cluster 

representing Paenibacillus and four associated metabolites. Edge colors denote correlation 

direction, red for positive and blue for negative associations. Positive values indicate co-

occurrence (both increasing or decreasing), while negative values reflect opposite trends. 
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Figure 8: Pearson correlation network (FDR-adjusted scores) between species and metabolite 
features. Edges are colored red (positive) and blue (negative). A distinct Paenibacillus cluster with four 

correlated features is shown in the upper-right inset. The lower inset highlights Paenibacillus’s link to a 

feature (with m/z 1100.6547 and RT 10.63 mins), which connects positively with N. cavernae and A. 

fastidiosum and negatively with P. koreensis, illustrating cross-species metabolic associations. 

This pattern becomes clearer in SI Figure S10, which shows individual line plots of Paenibacillus 

and the four corresponding features across 12 experimental groups (two replicates each). 

Paenibacillus displays a gradual increase up to group 9, a sharp rise at group 10, followed by a 

drop, a non-linear but reproducible pattern. Features at C, D, and E exhibit similar trajectories, 

resulting in positive correlations (r = 0.6-0.7), whereas feature B shows the opposite trend and 

thus a negative correlation (r ≈ -0.6). Notably, Paenibacillus also connected positively to another 

feature (Feature ID 5648 with m/z 1100.6547 and RT 10.63 mins), which linked to N. cavernae 

and A. fastidiosum (positive) but P. koreensis (negative). These cross-links highlight potential co-

metabolic or antagonistic relationships between species, illustrating how network visualization 

aids hypothesis generation regarding community-level metabolic interactions. 

4.7 Conclusion 
The CorrOmics app was developed to streamline correlation analyses between metabolomics 

data and other omics layers. In this study, we demonstrated its functionality using amplicon 

sequencing data, but the framework is readily extendable to additional omics types, including 

transcriptomics and proteomics. Future versions will incorporate further correlation metrics, such 

as SparCC, and offer transformation options tailored to secondary omics datasets to enhance 

interpretability. 

Computation time in the web version depends on dataset size and server load. For smaller 

datasets (~30-40k correlations), results are typically obtained in under 30 seconds, and for 

medium datasets (~80k correlations) within one minute. Even large datasets (~925k correlations, 

as in the example dataset) complete within approximately four minutes. To ensure stable 
performance, analyses exceeding one million correlations are currently restricted on the GNPS2 

server. Local installations, however, can achieve faster runtimes depending on the user’s system 

and network connection. 

Correlation analysis provides a complementary perspective to traditional univariate or multivariate 

statistics. While those methods emphasize differences between groups or features within a single 
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omics layer, CorrOmics enables the identification of cross-omics associations, for example, 

linking metabolites to microbial species, proteins, or transcripts that may drive or respond to their 

abundance changes. Outputs are provided as both CSV tables and GraphML network files, 

enabling users to explore and visualize results interactively and to generate biologically 

meaningful hypotheses. 

CorrOmics enables users to move from raw omics data to interpretable biological associations. 

Depending on the question, users can apply it to diverse experimental setups. For example, in 

microbiome-metabolome studies, correlating bacterial abundances with metabolite intensities can 

reveal which taxa drive the biotransformation of a drug or nutrient compound. In paired 

proteomics-metabolomics experiments, correlations can highlight enzymes or transporters whose 

expression patterns track with specific metabolites, suggesting potential catalytic or regulatory 

links. Similarly, in paired transcriptomics-metabolomics studies, gene-metabolite correlations can 

identify co-regulated pathways or transcriptional responses underlying metabolic shifts, for 

instance, stress-induced metabolite accumulation matching the upregulation of biosynthetic 

genes. By transforming large omics matrices into feature-to-feature relationships, CorrOmics 
allows users to ask targeted biological questions such as which species are responsible for a 

metabolite change, which proteins or genes respond to it, and how these layers interact 

dynamically, thus bridging chemical observations with their biological context. 

4.8 Availability and Requirements 
Project name: CorrOmics 

Project homepage: https://github.com/Functional-Metabolomics-Lab/Corromics  

Operating system(s): Platform-independent (web-based and local installation supported) 
Programming language: Python 3.11 

Other requirements: streamlit, streamlit-extras, numpy, pandas, pandas_flavor, plotly, openpyxl, 

psutil, scipy, statsmodels, networkx 

System requirements: 
● Local installation supported on Windows (installer .msi provided) and on macOS/Linux 

via git clone 

● For optimal performance, at least 8 GB RAM and a stable internet connection are 

recommended 

● License: MIT License 

https://github.com/Functional-Metabolomics-Lab/Corromics
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●  Restrictions for non-academics: None 

● Web app: https://corromics.gnps2.org/ 
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Chapter 5 
 

General Discussion 

5.1 Tool Development as a Driver of Biological Discovery 

The central goal of this PhD work was to develop computational metabolomics approaches that 
enable a deeper understanding of biological interactions in microbial communities. To support 
this, three tools: FBMN-STATS, ChemProp2, and Corromics, were designed to address 
complementary challenges in data interpretation: from statistical exploration in chapter 2, to 
mechanistic inference in chapter 3, and to multi-omics integration in chapter 4. Together, these 
tools create a coherent workflow that transforms raw LC-MS/MS features into biologically 
interpretable insights. 

FBMN-STATS was designed to lower the entry barrier for users who are new to untargeted 
metabolomics already using the large community of GNPS molecular networking user 
approaches. There is no dedicated pipeline to integrate structural information from Feature-Based 
Molecular Networking (FBMN) with robust statistical analysis. FBMN-STATS fills this gap by 
providing a reproducible workflow, implemented in R, Python, QIIME 2, and an interactive 
Streamlit application, that guides users through preprocessing, exploratory data analysis, and 
differential abundance statistics. This enables researchers not only to identify or annotate 
metabolites but also to understand how they change across conditions, relate to biological 
variables, and potentially influence the biological system under study. 

FBMN itself simplifies interpretation by organizing thousands of features into molecular families 
based on spectral similarity36,42. This organization allows annotation propagation across related 
nodes, offering insight even when direct spectral matches are absent368. The ability to integrate 
this structural context with statistical results proved especially powerful for the community, as 
reflected in the broad uptake of FBMN-STATS since its release in 2023. 

Transforming the original notebook-based workflow into a Streamlit application expanded 
accessibility further. The web app allows users to upload their FBMN results, explore PCA or 
univariate statistics, inspect resulting tables without writing code. Its development aligns with a 
broader shift in computational biology toward interactive, user-friendly tools that support 
transparent and shareable analysis. Since its launch on GNPS281,338,342, FBMN-STATS has 
undergone continuous refinement through user feedback, gaining features such as better 
metadata handling, optional annotation integration, customizable plots, and improved 
downstream visualizations. 
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FBMN-STATS established a foundation for rigorous and reproducible statistical exploration. 
However, identifying “which metabolites change” is only the first step toward understanding 
microbial chemistry. Addressing the mechanisms that produce these changes required a shift 
toward transformation-level inference, motivating the development of ChemProp2. 

5.2 From Statistical Exploration to Mechanistic Interpretation: 
ChemProp2 

5.2.1 Conceptual Motivation 

ChemProp2 was developed to move beyond differential abundance patterns toward hypotheses 
about biochemical transformations. In time-resolved microbial metabolomics, many observed 
intensity shifts arise from enzymatic conversion of one compound into another. While multivariate 
statistics (e.g., PCA, PLS-DA) identify patterns, they cannot infer directionality. Similarly, FBMN 
groups structurally related molecules but does not indicate whether a compound is a precursor, 
product, or unrelated analog. Existing reaction-prediction frameworks such as BioTransformer62 
and MetWork277 simulate transformations based on predefined rules, but they do not infer 
relationships directly from experimental time-series data. ChemProp2 bridges this gap by 
quantifying directional relationships between connected features in a molecular network, enabling 
researchers to identify putative precursor-product paths grounded in empirical data. 

5.2.2 Extending molecular networking with directionality 

It uses a correlation-based metric (Pearson or Spearman) to quantify temporal relationships 
between each connected feature pair. The score highlights anti-correlating behavior, where a 
strong correlation indicates potential transformation, and the sign (-1 or +1) denotes its direction 
between nodes (from node A to node B or vice versa). To better capture mild non-linear trends, 
ChemProp2 automatically computes log10- and square-root-transformed versions of the feature 
intensities in addition to the raw correlation. Cascade scoring further expands the interpretative 
power by tracing multi-step pathways beyond immediate neighbors. 

Correlation-based approaches were chosen for their simplicity, interpretability, and reproducibility. 
Earlier studies showed that metabolite correlations often arise from systemic biochemical 
properties such as chemical equilibria, mass conservation, enzyme control, and gene expression 
variability, rather than mere pathway proximity369. In addition to correlation, the other common 
measure used in metabolomics to quantify association patterns is Mutual Information (MI). 
Although MI can capture non-linear dependencies, a recent study showed no consistent 
advantage of MI over correlation for network inference tasks370, supporting the use of correlation 
as a robust first-pass metric. 

Recognizing that these correlation metrics can yield false positives, ChemProp2 implements an 
FDR-based target-decoy approach, where shuffled decoy datasets help estimate ChemProp 
score cutoffs specific to each dataset. This provides a principled way to filter false positives. By 
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integrating with GNPS2 through a Streamlit interface, ChemProp2 makes transformation mapping 
accessible to a broad user base. 

5.2.3 Biological Interpretation and Case Studies 

The power of ChemProp2 lies in linking chemical dynamics to underlying biological processes. In 
the gut synthetic community experiment, ChemProp1 screening across 50 clinical drugs identified 
12 candidates for deeper time-series analysis. ChemProp2 revealed multi-step transformation 
cascades for several drugs, including Cilnidipine, Metronidazole, Omeprazole, and Simvastatin. 
Cascade scoring expanded the number of drug-associated edges ~6 fold, uncovering distal 
products that would remain hidden in static network representations. These patterns are often 
aligned with microbial dynamics. Repository-scale context from FASST281 for these ChemProp2 
prioritized features helped distinguish microbially generated products from compounds common 
in unrelated environmental or clinical datasets, strengthening biological interpretation. 

ChemProp2 has already been applied in external collaborations, including microcystin 
degradation pathways371 and fungal breakdown of fengycin372 demonstrating its utility across 
diverse environmental systems. 

5.2.4 Limitations and Future Directions 

ChemProp2 inherits assumptions from FBMN. If true metabolites are split across multiple 
subnetworks or appear as singletons due to spectral noise or insufficient similarity, directionality 
cannot be computed. This issue occurred in the omeprazole dataset, where known metabolites 
were disconnected from their parent. Since ChemProp2 relies on the node-pair table to compute 
directionality scores, singletons, having no edges, cannot be evaluated, and users must manually 
identify and include such features for separate inspection. A future extension will allow pairwise 
scoring of two specified IDs, bypassing network dependence. 

In future versions, this network dependence could be bypassed by adding a pairwise comparison 
option, where users specify two feature IDs to compute their ChemProp score and visualize it as 
a line or box plot, complemented by a mirror plot of their MS/MS spectra to assess structural 
relatedness. While network visualization would not be possible in such isolated cases, this 
functionality could still provide valuable insight into potential biotransformations outside of network 
connectivity. 

Other observed limitations relate to ion formation and spectral overlap. Certain adducts or in-
source fragments may form independent clusters, breaking the link between related compounds. 
Ion Identity Networking (IIN) can partially address this by reuniting ions belonging to the same 
molecule, though it remains an external preprocessing step. In the metronidazole dataset, for 
instance, several features were incorrectly grouped into neighboring clusters, emphasizing the 
limitations of relying solely on spectral similarity. As a preliminary quality check, users can 
visualize intensity distributions across timepoints or conditions: for example, using pie-chart 
representations in Cytoscape to confirm whether features are treatment-specific or appear in both 
conditions. Incorporating such visual diagnostics directly into ChemProp2 could reduce manual 
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curation and improve interpretability, for instance, by assigning distinct colors to nodes that 
appear in neither condition (e.g., black for absent features), allowing users to rapidly assess 
condition-specific patterns. 

Further improvements may incorporate alternative spectral similarity metrics (e.g., Spec2Vec373 
and MS2DeepScore374 , MS2Query375, MESSAR376, DeepMASS377, MetFrag378, CFM-ID379, 
QCxMS2380, and ICEBERG381) to strengthen network connectivity and reduce false associations. 

Finally, the current target-decoy strategy may occasionally reproduce patterns resembling real 
data. A more reliable benchmark could involve constructing decoy node pairs from features with 
no temporal growth, ensuring that background or constitutive signals are separated from 
biologically driven transformations. Developing such benchmark datasets and integrated 
visualization frameworks would further validate ChemProp2’s robustness. 

5.3 From Chemical Transformations to Biological Associations: 
Introducing CorrOmics 

5.3.1 Conceptual Motivation and Benchmarking 

While ChemProp2 assigns directionality to metabolite-metabolite pairs, understanding the 
biological drivers of these chemical changes requires integrating metabolomics with 
complementary omics data such as microbial abundances. Existing options were either too simple 
(R scripts) or too complex such as latent-variable models like DIABLO75 or neural network 
frameworks like mmvec76. Many researchers require a transparent, feature-level exploratory tool. 
CorrOmics fills this gap by offering scalable, interpretable, correlation-based integration between 
LC-MS/MS intensities and OTU/ASV profiles. 

CorrOmics was benchmarked using a 13-strain Arabidopsis SynCom with 12 designed mixture 
groups. Eight metabolites were spiked in with matching gradients, creating a mock system with 
known associations. The tool successfully recovered the expected correlations between spiked-
in metabolites and their corresponding strain abundance trajectories. However, the benchmark 
also revealed challenges inherent to mock-mixture designs: each strain contributed its own 
metabolite background, producing many additional associations unrelated to the intentional 
gradients. This “mix-driven covariation” inflated correlations and produced dense networks.  

Other technical factors also affected interpretation. Sequencing data showed the intended trends, 
but the strains intended to remain constant drifted slightly upward across groups. Spiked-in 
metabolites tracked their expected patterns, though with intensity variation likely driven by 
ionization or matrix effects352,353. 

These results emphasize that correlation strength depends heavily on experimental context, 
measurement scale, and normalization67. Relative abundances preserved trends in this dataset 
but are not ideal when total population sizes vary substantially. In real microbiome datasets, 
estimates of total microbial load (for example via OD, CFU counts) provide a more biologically 
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meaningful basis for omics comparison. Similarly, Pearson correlations perform best under linear 
gradients, whereas Spearman is more robust to monotonic but nonlinear patterns. 

5.3.2 Limitations and Future Directions 

CorrOmics incorporates a target-decoy FDR strategy that effectively reduces false positive 
correlations; however, FDR behavior remains highly dataset-dependent. In sparse datasets, such 
as an HIV dataset382, most significant correlations were weak (≈±0.2), likely reflecting zero 
inflation and compositional noise rather than true biological signal. To address these challenges, 
upcoming versions of CorrOmics will explore integrating sparsity-aware correlation measures 
such as SparCC383, CCLasso384, and eventually mmvec76. 

The incorporation of hierarchical binning allows correlations to be evaluated at multiple taxonomic 
resolutions, mitigating instability at the ASV level, for example, collapsing ASVs to genus-level 
groups when species-level estimates are unstable385,386. Future expansions will extend CorrOmics 
to proteomics and transcriptomics and provide broader data transformations beyond microbiome-
focused options. 

As with any correlation-based tool, CorrOmics supports hypothesis generation rather than causal 
inference. True biological linkages require complementary evidence such as genomic context, 
pathway annotation, isotopic tracing, enzyme assays, or controlled perturbation experiments to 
distinguish true biological relationships from coincidental co-variation. 

5.4 Integrating the Thesis Contributions 

Across the three chapters of this thesis, the goal was to develop computational metabolomics 
approaches that help with the interpretation of chemical interactions in microbial communities. 
Untargeted LC-MS/MS is a powerful yet inherently complex technology, and the work presented 
here contributes to reducing this complexity through computational tool development. Within the 
GNPS2 ecosystem built to support modular, interoperable workflows, these tools form part of the 
growing MetaboApps. MetaboApps collectively advance downstream analysis through pattern-
based querying (e.g., PostMN MassQL), ontology-driven contextualization (e.g., Food/Drug 
Readout), statistical and multi-omics integration (e.g., FBMN-STATS, ChemProp2, CorrOmics), 
and repository-scale investigations (e.g., MASST)285. The three tools developed in this thesis 
contribute to this ecosystem by supporting post-processing of molecular networking outputs, 
mechanistic interpretation, and cross-omics correlation analysis, enabling users to extract 
biological meaning from large-scale metabolomics experiments. 

In parallel with these developments, the broader landscape of computational biology is being 
reshaped by artificial intelligence. Large-language-model tools such as ChatGPT and GitHub 
Copilot are transforming how researchers code, write, and conceptualize analyses387,388. Recent 
studies highlight both the opportunities and challenges posed by these technologies, from 
accelerating exploration to identifying usability gaps in real scientific workflows389–392. Far from 
replacing scientific reasoning, these tools act as amplifiers of human insight, lowering technical 
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barriers and enhancing reproducibility. When combined with community-driven platforms like 
GNPS2, LLMs will further pave the way for a future where computational and analytical 
innovation, and microbial ecology converge even more seamlessly. Ultimately, the work 
presented in this thesis underscores how interdisciplinary tool development, spanning biology, 
chemistry, computer science, and data science, can accelerate biological discovery. As analytical 
technologies and AI continue to advance, the ability to integrate, interpret, and contextualize 
complex datasets will only become more central to understanding chemical interactions in 
microbial ecosystems.



Appendix 

 190 

 

Conclusion 
 
 

Untargeted metabolomics provides a powerful window into the chemistry underlying microbial 
ecosystems, yet its complexity demands robust computational approaches. This thesis 
contributed three such tools, FBMN-STATS, ChemProp2, and CorrOmics, that together support 
data preprocessing, mechanistic inference, and cross-omics integration within the GNPS2 
MetaboApps ecosystem. By combining statistical rigor with accessible, modular interfaces, these 
tools lower analytical barriers and enable researchers to interrogate chemical and microbial 
relationships at scale. More broadly, the work demonstrates the value of interdisciplinary 
development, where biological questions are advanced through methods drawn from computer 
science, data science, and mass spectrometry. As multi-omics datasets and AI-assisted 
workflows continue to grow, such integrative approaches will play an increasingly central role in 
deciphering the chemical interactions that shape microbial communities.  
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Appendix 
 

Chapter 2: Supplementary Information 

Supporting Methods 
Data Dependent Acquisition of Example LC-MS/MS Data 

The LC-MS/MS analysis was performed on a vanquish UHPLC system coupled to a Q-Exactive 
quadrupole orbitrap mass spectrometer (Thermo Fisher Scientific, Bremen, Germany) as 
previously described 32,393. Briefly, all seawater extracts with PPL solid phase extraction (SPE) 
were reconstituted with 100 μL methanol/water/formic acid (80/19/1). Then, ten microliters of the 
extract samples were analyzed in LC-MS/MS system. For chromatographic conditions, reversed-
phase C18 porous core column (Kinetex C18, 150 x 2 mm, 1.7 μm particle size, 100 Å pore size, 
Phenomenex, Torrance, USA) was used for separation. The mobile phase consisted of solvent A 
H2O + 0.1 % formic acid (FA) and solvent B acetonitrile (ACN) + 0.1 % FA. The flow rate was set 
to 0.5 mL/min. The LC separation gradient started from 5% of solvent B at 0-0.5 min, then, 
changed %B to 59% within 7.5 min and increase to 99% within 2 min. Solvent B was hold at 99% 
for 2 min in washing step and switched to 5% for re-equilibration column prior to next injection. 
According to mass spectrometry parameters setting, MS/MS spectra was acquired in data 
dependent acquisition (DDA) with positive polarity. Electrospray ionization (ESI) were set to 52 
AU sheath gas flow, 14 AU auxiliary gas flow, 0 AU sweep gas flow and 400 °C auxiliary gas 
temperature. The spray voltage was set to 3.5 kV and the inlet capillary to 320 °C. 50 V S-lens 
level was applied. MS scan range was set to 150-1500 m/z with a resolution at m/z 200 (Rm/z 200) 
of 70,000 with one micro-100 scan. The maximum ion injection time was set to 100 ms with 
automated gain control (AGC) target of 1.0E6. Up to 5 MS/MS spectra per MS1 survey scan were 
recorded DDA mode with Rm/z 200 of 17,500 with one microscan. The maximum ion injection time 
for MS/MS scans was set to 100 ms with a AGC target of 3.0E5 ions and minimum 5 % C-trap 
filling. The MS/MS precursor isolation window were set to m/z 1. Normalized collision energy was 
set to a stepwise increase from 20 to 30 to 40 % with z = 1 as default charge state. MS/MS scans 
were triggered at the apex of chromatographic peaks within 2 to 15 s from their first occurrence. 
Dynamic precursor exclusion was set to 5 s. For QC checking, three QC standards namely, dibutyl 
phthalate, pheophorbide A and tryptophan were used as QC and analyzed before and after 
sample runs. 

FBMN with MZmine 3 and GNPS 
The LC-MS/MS dataset was converted from “.raw” to “.mzXML” format using MSConvert 
(https://proteowizard.sourceforge.io). Feature detection from the DOM dataset was performed in 
MZmine3113,125 (https://mzmine.github.io/). The steps of data-processing were as follows: Mass 

http://mzmine.github.io/
http://mzmine.github.io/
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detection was carried out at MS1 level using a noise level of 2.0E5 and at MS2 level using a noise 
level of 1.0E3 and feature lists were assembled using the ADAP394 Chromatogram Builder with a 
minimum group size of 5 scans, a group intensity threshold of 2.0E5, a minimum highest intensity 
of 5.0E5, and the scan to scan accuracy set to 0.002 m/z or 5 ppm. 

Features were resolved using local minimum search with a chromatographic threshold of 82.0 %, 
the range for the minimum separating two peaks was set to 0.075 min and peaks were required 
to have a minimum absolute height of 5.0E5 with a top/edge ratio of at least 1.4, a duration no 
greater than 4.00 min and a minimum of 5 data points. Additionally, MS2 scans were paired to 
the peaks with a retention time tolerance of 0.225 min, a precursor tolerance of 0.002 m/z or 10 
ppm and were limited by retention time edges. 

The feature list was deisotoped using the 13C isotope filter with an m/z tolerance of 0.0015 m/z 
or 3 ppm and a retention time tolerance of 0.1 min. Furthermore, monotopic shape was required 
and the most intense isotope was set as representative, while retaining all features containing 
MS2 spectra. Feature lists were then merged using the Join aligner with an m/z tolerance of 
0.0015 m/z or 5 ppm, a retention time tolerance of 0.2 min and weights of 3 and 1 for m/z and 
retention time, respectively. The merged feature list was filtered, removing only features without 
a paired MS2 spectrum and that were detected for less than two samples, or had not at least two 
features in their isotope pattern. Gap-filling was executed using the Peak finder module with an 
intensity tolerance of 20 %, an m/z tolerance of 0.002 m/z or 5 ppm, a retention time tolerance of 
0.05 min and a minimum of 3 data points, followed by use of the Duplicate peak filter with the filter 
mode set to “NEW AVERAGE”, m/z tolerance to 2 ppm, and retention time tolerance to 0.2 min. 

The metaCorrelate module was applied with a retention time tolerance of 0.1 min and an intensity 
correlation threshold of 5.0E5. Correlation grouping was activated with a minimum of 5 data points 
with at least 2 on each edge, and a minimum feature shape correlation of 85.0 % using Pearson 
similarity. Feature height correlation was also activated, requiring minimum values of 2 data points 
and 80 % correlation for Pearson similarity. Ion identity networking107 as implemented for all 
features, with an m/z tolerance of 0.0015 m/z or 3 ppm and an annotation refinement deleting 
smaller networks with a link threshold of 4, and networks without monomer. The ion identity library 
settings had maximum charge and maximum molecules/cluster values both set to 2. Adduct ions 
were [M+H]+, [M+Na]+, [M+K]+, [M+NH4]+, and modifications were [M-H2O] and [M+ACN]. The 
merged feature list was exported for GNPS-FBMN retaining only features containing MS2 spectra, 
as well as for SIRIUS with an m/z tolerance of 0.001 m/z or 5 ppm. The .xml batch file is available 
at https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/data. 

Lastly, the .mgf spectra file, the .csv feature quantification table, the tab-delimited .txt metadata 
file, and the IIMN supplementary pairs .csv file were uploaded to GNPS81 (gnps.ucsd.edu) and 
processed using a feature-based molecular networking (FBMN) workflow42. The precursor and 
fragment ion mass tolerances were both set to 0.01 Da and the minimum cosine value to connect 
pairs was set 0.7. Maximum number of neighboring nodes was set to 10 and maximum number 
of connected nodes in a cluster to 100, while a minimum of 6 matched fragments were required 
and a maximum of 500 Da mass difference between precursors. Analog match search was 
employed with a minimum of 6 matched fragments, a minimum cosine spectral similarity threshold 
of 0.7 and a maximum analog search mass difference of 100 Da with only the top result being 

https://github.com/Functional-Metabolomics-Lab/Statistical-analysis-of-non-targeted-LC-MSMS-data
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/tree/main/data


Appendix 

 215 

recorded. The precursor window filter, the 50 Da window filter for peaks and the library filter were 
all activated, in addition to the Dereplicator function395. 

Step by step Guide QIIME2  
QIIME2 (Quantitative Insights Into Microbial Ecology 2) is a software package originally developed 
to perform microbial community analyses but also contains various plugins amenable to the use 
with LC-MS/MS non-targeted metabolomics data147. To facilitate analysis in QIIME2, we have 
provided a Jupyter notebook that directly imports a feature table and metadata table from a GNPS 
job link (https://github.com/Functional-Metabolomics-Lab/FBMN-
STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb) .  
 
1. Opening Jupyter notebooks in QIIME2/GNPS environments 

● The user has two options for running the FBMN-Hitchhikers through the QIIME2 pipeline. 
The user can either (1) install QIIME2 and GNPS packages locally or (2) install Docker 
and the Docker container. Instructions can be found here: https://github.com/Functional-
Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/README.md 
 

2. Conversion of feature quantification table to QIIME2 compatible format 
● The Jupyter Notebook directly imports a feature table and metadata table from a GNPS 

job link (https://github.com/Functional-Metabolomics-Lab/FBMN-
STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb - 
“preprocessed”). Additionally, all necessary packages to run the code and download the 
feature (quant), manifest, and metadata tables from GNPS are imported.  

● The GNPS job ID is set in this section to specify which data to download from GNPS. Note 
that the GNPS job must be a feature based molecular networking job that includes sample 
metadata.  
 

▲CRITICAL: If the user wants to upload data directly after feature finding without running a GNPS 
job, this can be done by adding feature table and metadata to the data folder. Then feature table 
and metadata can be added directly into the Jupyter Notebook. We recommend the user labels 
their feature table as “quant.csv” and their metadata as “unprocessed_metadata.tsv”. In this case, 
the user should start at the step above (“Changing Metadata and Manifest Column name”). The 
first column of the metadata must be labeled “filename”.  
 
3. Changing “Metadata” and “Manifest Column” name 

● The “unprocessed_metadata.tsv” that is downloaded is the metadata file from the GNPS 
job. In this step, the “filename” column name (required for GNPS) is changed to “sample 
id” (required for qiime2). This step creates a new file called “metadata.tsv”, which is the 
modified version of unprocessed_metadata.tsv. 
 

4. Preliminary Setup to Data Cleanup 

https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/README.md
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/README.md
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb
https://github.com/Functional-Metabolomics-Lab/FBMN-STATS/blob/main/QIIME2/QIIME2_Untargeted_Metabolomics_Stats.ipynb
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● The preliminary setup and data cleanup procedures are mainly the same as the R setup. 
New metabolomics plugins for QIIME2 were written for blank removal, imputation, and 
normalization steps. Source code for these new Qiime2 Plugins can be found in the 
following: 

○ https://github.com/Wang-Bioinformatics-Lab/qiime2_blank_removal_plugin 
○ https://github.com/Wang-Bioinformatics-Lab/qiime2_normalization_plugin 
○ https://github.com/Wang-Bioinformatics-Lab/qiime2_imputation_plugin 

 
● ▲CRITICAL: Do not install the `scikit-learn` package on Windows, as there may be an 

error with building wheels. However, this package works fine on the Google Colab 
platform. 

● The random values generated in the “imputation” step will differ from those in R, leading 
to a different resulting imputed table. 

 
5. Statistical Analysis 

● The next steps are recommended for statistical analysis of LC-MS/MS metabolomics data. 
● This includes generating a Longitudinal ANOVA, Distance Matrix, Principal Coordinate 

Analysis (PCoA), Emperor Plot, Classifier Data/Heat Map, and PERMANOVA  
● ▲CRITICAL: Please see the following links for additional information and troubleshooting: 

https://docs.qiime2.org/2023.5/plugins/available/longitudinal/anova/, 
https://docs.qiime2.org/2023.5/plugins/available/diversity/beta/, 
https://docs.qiime2.org/2023.5/plugins/available/diversity/pcoa/, 
https://docs.qiime2.org/2023.5/plugins/available/emperor/plot/, 
https://docs.qiime2.org/2023.5/plugins/available/sample-classifier/classify-samples/, 
https://docs.qiime2.org/2023.5/plugins/available/diversity/beta-group-significance/. 

Step by step Guide Python 
This guide provides insights into the specificities of the Python implementation, focusing on areas 
where differences from the R protocol may arise. While the general steps for the analysis are 
similar between R and Python, there are some important distinctions that need to be highlighted: 
 
1. Dependencies:  

● The libraries and packages required in Python differ from those in R. 
● Unlike the R notebook, where packages are installed before each section, all necessary 

packages for the Python implementation are installed at the beginning of the analysis. This 
is generally faster in Python than in R. 

● Users must ensure that all the appropriate dependencies are installed before beginning 
the analysis. 

 
2. Preliminary Setup to Data Cleanup (Steps 1-27) 

● The preliminary setup and data cleanup procedures are mainly the same as the R setup. 

https://github.com/Wang-Bioinformatics-Lab/qiime2_blank_removal_plugin
https://github.com/Wang-Bioinformatics-Lab/qiime2_normalization_plugin
https://github.com/Wang-Bioinformatics-Lab/qiime2_imputation_plugin
https://docs.qiime2.org/2023.5/plugins/available/longitudinal/anova/
https://docs.qiime2.org/2023.5/plugins/available/diversity/beta/
https://docs.qiime2.org/2023.5/plugins/available/diversity/pcoa/
https://docs.qiime2.org/2023.5/plugins/available/emperor/plot/
https://docs.qiime2.org/2023.5/plugins/available/sample-classifier/classify-samples/
https://docs.qiime2.org/2023.5/plugins/available/diversity/beta-group-significance/
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● ▲CRITICAL: Do not install the `scikit-bio` package on Windows, as the package is not 
compatible for Windows OS and will result in an error with building wheels. However, this 
package works fine on the Google Colab platform. 

● Imputation: The random values generated in Python will differ from those in R, leading to 
a different resulting imputed table. 

● Normalization and scaling: The results of these data manipulation steps are slightly 
different between the Python notebook and the R notebook. Also, due to challenges 
associated with the PQN package in Python, PQN normalization has been excluded from 
the Python notebook. 

 
3. Data Manipulation 

● Indexing: Python is 0-indexed, while R is 1-indexed. This difference in indexing should be 
considered during data manipulation. Also, the dimensions of some dataframes (e.g., 
ft_an, new_md) in the python notebook might differ by one column from the R notebook 
due to differences in indexing of the dataframes. 

● Row Names: In Python, the equivalent of the `rownames()` function in R is referred to as 
the “index”. 

4. Multivariate analysis 

● Principal coordinates analysis: The PCoA, like other statistical analyses, produces 
slightly different results in the Python notebook than in the R notebook. This is due to 
differences in the implementation of the respective Python or R packages. Additionally, 
some of the values have different signs in Python than in R, resulting in differently oriented 
PCoA plots. The overall patterns within the data, however, are the same. 

● The distance metrics available in the `scipy` package of Python differ from the metrics 
available over R. 

● Permutational multivariate analysis of variance: The PERMANOVA test also results in 
marginally different R2 values between the two notebooks. 

● Hierarchical clustering analysis: The cutting of the dendrogram is differently executed 
in the Python notebook. Here, the dendrogram function allows us to specify the number 
of clusters we want to display (‘lastp’) and shows them as individual horizontal lines. 
Among those lines, the samples contained in a cluster are indicated by gray dots and their 
number is given on the x-axis. 

● Silhouette method: Please note that the silhouette score in the Python `scikit-learn` 
package requires more than one cluster. Thus, the corresponding plot in step 38 shows a 
cluster range from 2 to 10.  

● Heatmaps: The hierarchical clustering again shows slight differences between the two 
notebooks, but overall patterns are contained. Furthermore, the `PyComplexHeatmap` 
package does not provide k-means clustering. We have implemented k-means clustering 
in the Python notebook without a heatmap visualization and direct the user to the heatmap 
with k-means clustering in step 45 of the R notebook. 
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● Random Forest: The functionality of the `rfPermute` package in R differs strongly from 
Python scikit-learn `RandomForestClassifier`. Although the general approach of random 
forest is the same, the implementation, resulting values, and accessibility of those values 
are highly different. We therefore restricted the model evaluation in the Python notebook 
to the OOB error, the “Mean Decrease Accuracy” (MDA), and the interpretation of the 
results to the top ranked features. For more detailed evaluation curves and result plots, 
see the R notebook. 

 
5. Univariate analysis 

● Normality testing: The plotted features are different between the Python and the R 
notebook, due to the differently sorted dataframes. The Python notebook plots feature 
X2…, whereas the R notebook plots the feature X10015… 

● The individual sections of the univariate analysis in the Python notebook contain more 
functions encompassing several cells of the corresponding sections in the R notebook. 
The underlying functionality and tests however, are the same in both notebooks. 

● Tukey HSD: Please note that the volcano plot in the Python notebook is inverse along the 
x-axis with respect to the plot in the R notebook. This also results in the box plots of the 
right tail in the Python notebook corresponding to the box plots of the left tail in the R 
notebook. The same applies to the box plots of the left tail. Additionally, the order of the 
sample areas on the x-axis are different between the Python and the R notebooks. 

● T-Test: In contrast to the R notebook, the Python notebook does not add a specific 
attribute corresponding to rainfall. Instead, the Python notebook performs the T-test on 
the ‘Attribute Month’, classifying the data into two conditions: ‘Jan-2018’ or ‘not Jan-2018’. 
Since the rainfall happened in January 2018, this classification corresponds to the rainfall 
attribute in the R notebook. 

● T-Test volcano plot: The volcano plot in the Python notebook displays the t-statistic on 
the x-axis, whereas the R notebook shows the difference of the means. 

● T-Test box plots: The boxplots in the Python notebook are based on the ‘Attribute Month’, 
instead of the ‘Attribute rainfall’ in the R notebook, and thus show three different categories 
according to the three months when the samples were acquired. 

Step-to-step Guide Stats App 

This section provides an overview of the steps to efficiently navigate and use the web app 
available at https://fbmn-statsguide.gnps2.org/. Upon accessing the homepage, titled “Statistics 
for Metabolomics”, users will find comprehensive guidelines such as how to effectively zoom in 
and out of the interactive visual representations, as well as essential details regarding the 
formatting of input files. Alongside the main content, an “About” tab is present at each stage of 
the analysis, offering brief explanations mirroring those in the protocol.  

To further tailor the user experience, the left sidebar of the homepage houses few customizable 
settings. The default p-correction factor is set to “Bonferroni”, but we suggest selecting 
“Benjamini-Hochberg FDR” from the dropdown for optimal results. For exporting the figures, the 

https://fbmn-statsguide.gnps2.org/
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“image export” option defaults to SVG format but can be adjusted based on user preference. 
Although the app is self-explanatory, we mention some general information and tips in this SI 
section. 

1. Data Preparation 

● Two tables are required as input data: quantification table (referred as ‘feature table’ in the 
protocol) and metadata table. They can be imported into the app in the formats tsv, txt, 
csv, xlsx files by dropping them in their respective boxes. 

● By clicking on the file upload box, the user can decide among different uploading modes. 
The user can manually import the tables by dragging and dropping them into their 
designated boxes, or they can select the “GNPS task ID” for uploading files. Upon 
selecting this latter option, the user will be prompted to paste the ID of the GNPS job of 
interest and load the input files directly from GNPS. If the data uploading process was 
successful, a dialog box will appear allowing the user to verify the input data. 

2. Data cleanup 

● The data can now be directly submitted for statistical analysis, if desired, to look at the raw 
data distribution using, for example, PCA or PCoA. But the protocol recommends to start 
with data cleanup.  

● There is the option to perform blank removal on the entire dataset. To do this, check the 
“Blank Removal” box, additional windows will appear, allowing the user to input the 
necessary information to distinguish between samples and blanks.  

○ In the first box named “attribute for sample selection” the user has to select an 
attribute from the metadata which can be used to efficiently distinguish between 
blanks and the samples of interest.  

○ In the second box named “sample selection”, the user can select the attribute 
identifying the samples. The same procedure has to be repeated afterwards, this 
time the user has to insert the “attribute for blank selection” and for the “blank 
selection” table, one can choose the attribute that identifies the blanks to be 
subtracted from the rest of the dataset. 

● Now the user has to decide how strict the blank removal has to be. This involves setting 
a threshold for the ratio between the blank mean and sample mean to identify which 
features are considered noise. This will instantly display the count of potential noise 
features set for removal based on the chosen threshold. 

● A cutoff threshold between 0.1 and 0.95 can be selected but the recommended value is 
between 0.1 and 0.3. 

● Following this, the user has the option to fill-in missing values by selecting the 
corresponding checkbox for imputation. The user can also perform normalization methods 
on the data prior to submitting them for statistics by clicking the red button. 
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3. Statistics 

● Now the user can perform all the statistical analyses present in the notebook, by selecting 
the desired test from the left menu (PCA, PCoA, Hierarchical Clustering & Heatmap, 
random forest, ANOVA and Tukey´s, Kruskal Wallis & Dunn's post hoc, t-test).  

● Before running each statistical test, the user needs to designate the attribute and specify 
the attribute options to be compared. 

● There is also a guide called “Parametric assumptions evaluation?” which will lead the user 
to choose the appropriate univariate test (parametric or non-parametric test) for their 
dataset. 

4. Download results 

● Throughout the application, users can view the results in the form of graphical plots and 
tables. 

● For a closer look at the plots, users can click the expansion button (⤡) located at the top-
right of the graphic. This action will enlarge the plot for detailed observation. 

● Users can also download the plots by clicking on the camera icon located in the top-right 
corner of the graphic. Upon clicking, the plot will be saved in SVG format. 

● The resulting data table corresponding to each test can be accessed by clicking on the 
“    Data” button. Users can expand these tables in a manner similar to the plots for easy 
readability. The data can also be downloaded by selecting the “download table” button. 

Table S1: Cheat Sheet, Terms and Parameters used in the manuscript and accompanying 
notebooks 
 

Terms used 
in 
Manuscript 

Corresponding 
terms in 
Notebook 

Definition Relevant Parameters 

Preliminary Setup 

Features, 
Metabolites 

Compounds Metabolites 
generated from 
chromatogram 
deconvolution 

  

Annotation, 
identifying 

Annotation Identification of 
compound from 
database 
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Feature table Feature table, 
quantification 
table 

Table 
contained 
features e.g., 
retention time, 
m/z, peak area, 
etc. 

  

Metadata Metadata Data described 
the information 
or detail of 
sample 

  

Annotation 
table 

Annotation 
table 

File contained 
annotation 
compound from 
database 

  

Working 
Directory or 
folder 

Working 
directory or 
folder 

The file path 
where all 
necessary data 
and scripts are 
stored. 

  

Libraries Libraries Packages or 
functions 
loaded for data 
manipulation 
and analysis 

R: library(tidyverse)  
  
Python: import pandas as pd,  
import numpy as np 

Uploading 
Files 

Data import Function for 
importing csv 
file 

R: read.csv() 
 
Python: pd.read_csv() 

Exploring the 
Imported 
Files 

Exploring the 
Imported Files 

Function for 
viewing the 
header of the 
data and its 
dimensions 

R: head(), dim() 
 
Python: pd.DataFrame.head(), 
pd.DataFrame.shape 

Special 
summary 
function 

Summarizing 
the metadata 

A special 
summary 
function to get 
details in 
metadata 

R: InsideLevels() 
 
Python: InsideLevels() 
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Count 
number of 
columns 

Count number 
of columns 

Function for 
count columns 

R: ncol() 
 
Python: len() (general function for obtaining the 
length of an object; here applied to the object 
containing the columns e.g. md.columns) 

Missing 
values 

Missing values Function used 
to check 
missing value 

R: is.na() 
 
Python: pd.DataFrame.notna(), np.nan 

Data clean up 

Dataframe Dataframe Changing data 
format to 
dataframe 

R: as.data.frame() 
 
Python: pd.DataFrame() 

Transposing Transposing Transposing 
the data 

R: t() 
 
Python: pd.DataFrame.T 

Merging Merging Merging the 
metadata and 
feature table 
together 

R: merge() 
 
Python: pd.merge() 

Clean the 
feature table 

Cleaning the 
file 

Removing and 
replacement 
string name in 
column name 

R: gsub() 
 
Python: str.replace() 

Filter rows picking rows Function for 
picking only the 
features 

R: filter() 
 
Python: 
pd.DataFrame[pd.DataFrame[column_number] 
== number] 

Log Log Function to take 
log 

R: log() 
 
Python: np.log 

Round the 
number 

Round the 
number 

Function to 
round the 
number 

R: round() 
 
Python: round() 

Normalization Normalization Performing 
normalization 

R: normalization() 
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Python: pd.DataFrame.apply(lambda x: 
function, axis=1) (the apply function is a general 
one that applies the specified function (e.g. 
x/np.sum(x)) to the dataframe) 

Scaling, 
Center-
Scaling 

Scaling, 
Center-Scaling 

Function to 
perform scaling 

R: scale() 
 
Python: StandardScaler().fit_transform() 

Multivariate analysis 

Perform 
PCoA 

Perform PCoA Function to 
perform PCoA 

R: cmdscale(), plotPCoA() 
 
Python: skbio.stats.ordination.pcoa() 

Executing 
HCA 

Executing HCA Function to 
perform HCA 

R: hclust() 
 
Python: dendrogram(linkage()) 

Cutting the 
Dendrogram 

Cutting the 
Dendrogram 

Function to 
group 
dendrogram 

R: cutree() 
 
Python: dendrogram(linkage(), 
truncate_mode=’lastp’, p=number) 

Heatmap Heatmap Function create 
heatmap 

R: Heatmap() 
 
Python: ClusterMapPlotter() 

Supervised learning with Random Forest 

Balance 
sample sizes 

Balance sample 
sizes 

Function for 
balance sample 
size 

R: balancedSampsize() 
 
Python: class_weight.compute_class_weight() 

Run Random 
Forest 

Run Random 
Forest 

Function to 
execute 
random forest 

R: rfPermute() 
Python: RandomForestClassifier() 

Interpreting 
RF Results 

Interpreting RF 
Results 

Function to plot 
the top 
predictions 

R: plotImpPreds() 
 
Python: Not plotted, but saved to a csv file 

Proximity plot Proximity plot Function to plot 
class 
predictions vs 
actual group 
and add 95% 

R: plotProximity() 
 
Python: Not available in the python notebook 
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confidence 
ellipse 

Univariate analysis 

Test for 
normality 

Normality 
Testing for One 
Feature 

Function to plot 
Q-Q plot as 
histogram 

R: qqnorm() 
 
Python: statsmodels.api.qqplot() 

Test for 
normality 

Normality 
Testing for One 
Feature 

Function to plot 
Q-Q plot as line 

R: qqline() 
 
Python: statsmodels.api.qqplot(line=’s’) 

Non-normal 
distribution. 

Non-normal 
distribution 

Function to 
perform a 
Shapiro-Wilk 
test 

R: shapiro.test() 
 
Python: scipy.stats.shapiro() 

ANOVA test Running 
ANOVA 

Getting ANOVA 
output 

R: broom::tidy(aov()) 
 
Python: pingouin.anova() 

Tukey's post-
hoc test 

Tukey's post-
hoc test 

Function to 
perform Tukey 
HSD test and 
summarize the 
result 

R: broom::tidy(TukeyHSD() 
 
Python: pingouin.pairwise_tukey() 

Perform T-
Test 

Perform T-Test Function to 
perform T-Test 
test 

R: t.test() 
 
Python: pingouin.ttest() 

Kruskal-
Wallis Test 

Kruskal-Wallis 
Test 

Function to 
perform 
Kruskal-Wallis 
Test on the first 
feature 

R: broom::tidy(kruskal.test()) 
 
Python: pingouin.kruskal() 

Dunn's post 
hoc test 

Dunn's post hoc 
test 

Function to 
perform Dunn 
Test for a 
Significant 
Feature 

R: dunnTest() 
 
Python: scikit_posthocs.posthoc_dunn 

Getting output 
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Showing the 
data 

Showing the 
data 

Function to 
show or display 
data 

R: display(), print() 
 
Python: display(), print(), 
matplotlib.pyplot.show(), 
matplotlib.figure.Figure.show() 

Export as 
figure 

Export as figure Function for 
exporting figure 

R: svglite(), ggsave() 
 
Python: plotly.io.write_image(), 
matplotlib.pyplot.savefig() 

Getting 
output as 
.csv file 

Getting output 
as .csv file 

Function to 
save table as 
.csv file 

R: write.csv() 
 
Python: pandas.DataFrame.to_csv() 

Getting 
output as zip 
file 

Getting output 
as zip file 

Function to 
export all data 
in folder as zip 
file 

R: utils::zip() 
 
Python: shutil.make_archive() 

 

Chapter 3: Supplementary Information 

Endpoint drug screening  
To assess microbiome-mediated drug metabolism, 50 compounds were incubated with the 
Com20 synthetic gut community under anaerobic conditions in mGAM medium. Experiments 
were conducted in three batches based on drug solubility and replication design. All incubations 
were performed in U-bottom 96-well plates and extracted using ethyl acetate (EtOAc) at two 
timepoints (t = 0 h and 2 h). Eggerthella lenta, a slow-growing Com20 member, was pre-cultured 
several days in advance, while the remaining 19 strains were freshly inoculated in mGAM and 
incubated anaerobically at 37 °C. The Com20 community was assembled at an initial OD578 of 
0.01 in 5 mL mGAM and grown overnight at 37 °C under anaerobic conditions to reach OD 0.5-
1.0. 

Drug stocks were prepared in water or DMSO depending on solubility and diluted 1:20-1:50 in 
mGAM before plating. For DMSO-soluble drugs, 200 µL of diluted drug solution was dispensed 
into each well, followed by 200 µL of pre-grown Com20. For water-soluble drugs, 800 µL of 
Com20 was added directly to wells containing the diluted drug solution. Abiotic controls (drug 
only), vehicle controls (DMSO or water only), and at least two biological replicates per treatment 
were included on each plate.  

Immediately after inoculation (t = 0 h), 400 µL from each well was extracted into 1 mL EtOAc, 
mixed, sealed, and stored at −20 °C. The remaining cultures were incubated anaerobically at 37 
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°C for 2 h, after which an additional 400 µL was extracted using the same procedure to generate 
t = 2 h samples. 

Non-targeted Metabolomics using LC-MS/MS 

Sample extraction and preparation 
Drug-microbiome incubations were performed under anaerobic conditions at the University 
Hospital Tübingen. At each timepoint, samples were collected in 96-deep-well plates (2 mL 
capacity), sealed, and stored at -80 °C until extraction. Frozen samples were transported on ice 
to the Functional Metabolomics Laboratory, University of Tübingen, for LC-MS/MS analysis and 
stored at -20 °C upon arrival. For extraction, plates were thawed at room temperature and mixed 
thoroughly before adding EtOAc. Each well contained 500 μL of sample, to which 1 mL of EtOAc 
was added. The mixtures were sonicated for 10 min and centrifuged at 3000 × g for 5 min. The 
upper EtOAc layer was transferred to new plates and dried under vacuum at room temperature 
using a SpeedVac concentrator. Dried extracts were resuspended in 150 μL of 50% methanol in 
water prior to LC-MS/MS measurement. 

LC-MS/MS acquisition parameters 
A pooled QC sample and an in-house six-compound QC mix were injected periodically to monitor 
instrument performance and retention time stability across runs. LC–MS/MS analyses were 
performed on a Q Exactive HF Orbitrap mass spectrometer (Thermo Fisher Scientific) equipped 
with a heated electrospray ionization (HESI) source and coupled to a Vanquish UHPLC system. 
Separation was achieved on a Kinetex C18 column (2.1 × 50 mm, 1.8 μm, 100 Å; Phenomenex) 
using a 7 min gradient. The mobile phases consisted of solvent A (water, LC/MS grade, Fisher 
Scientific) with 0.1% formic acid (FA), and solvent B (acetonitrile, LC/MS grade, Fisher Scientific) 
with 0.1% FA. After sample injection, a 5-minute linear gradient was applied. Solvent B was 
increased linearly from 5% to 50% over the first 4 minutes, then ramped to 99% between 4 and 5 
minutes. This was followed by a 2-minute column wash at 99% solvent B, and then a 2-minute 
column equilibration with 5% solvent B.  

MS data were acquired in positive-ion mode using HESI (spray voltage 3.5 kV; sheath gas 50 AU; 
auxiliary gas 12 AU; sweep gas 1 AU; capillary 250 °C; aux heater 400 °C; S-lens RF level of 
80 V). Full MS scans were collected from m/z 150-1500 m/z (resolution 30,000; AGC 1 × 106). 
Data-dependent MS/MS spectra were acquired for the top 5 intense precursor ions from each MS 
scan (resolution 15,000; AGC 5 x 105). An isolation window of 1 m/z was employed, followed by 
a stepped normalized collision energy (NCE) of 25, 35, 45 eV for ion fragmentation. Additional 
settings included a dynamic exclusion of 5.0 seconds, apex trigger enabled, and isotope exclusion 
enabled. 

ChemProp2 Webapp 

The ChemProp2 web application supports CSV, XLSX, TSV, and TXT input formats and can also 
import data directly from GNPS via a Feature-Based Molecular Networking (FBMN) job ID. The 
interface includes modules for data preprocessing, ChemProp scoring, false discovery rate (FDR) 
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analysis, and interactive visualization. Preprocessing options include blank removal, missing-
value imputation, and total ion current (TIC) normalization. 

ChemProp is available in two modes: ChemProp1, designed for two-timepoint datasets and 
producing unscaled scores, and ChemProp2, which supports multi-timepoint experiments and 
outputs normalized scores between 0 and 1. The resulting table reports node-pair information, 
including score magnitude (0 to 1) and transformation directionality (+1 or -1, indicating the 
inferred conversion between nodes). 

The FDR module, available only in ChemProp2, applies a target-decoy approach to estimate 
reliability thresholds (e.g., 1%, 5%, 10%). Randomized decoy feature tables are used to generate 
a null distribution for score comparison, and cumulative FDR values are computed across score 
bins. Users can then apply the FDR cutoffs to filter results, downloadable as a CSV file or as a 
Cytoscape-compatible ZIP archive containing GraphML and style files. 

Visualization tools include the (i) global transformation plot, which displays ChemProp2 scores 
versus m/z differences to highlight transformation trends, and (ii) an interactive edge viewer that 
allows filtering by score range, m/z difference, annotation name, or node ID. Selected edges are 
visualized in two synchronized panels: (A) intensity profiles for the node pair across timepoints, 
and (B) the corresponding subnetwork with directional ChemProp2 arrows indicating putative 
precursor–product relationships. 

Performance Comparison of ChemProp1 and ChemProp2 
To compare ChemProp2 with ChemProp1, we reanalyzed the multi-timepoint dataset of 12 drugs 
using ChemProp1, restricting it to the end timepoints (T0 vs T8). ChemProp1 was applied only to 
direct drug neighbors (D1 edges) from the FBMN network, as cascade expansion was not part of 
its original framework. ChemProp1, which reports log fold-change between pairs of timepoints, 
yielded more non-zero edges since it captures any change over the entire period, regardless of 
fluctuations in between. However, ChemProp2 integrates all timepoints and applies FDR 
correction, resulting in fewer but more reliable drug-metabolite relationships. Overall, ChemProp1 
detected 22 edges above the threshold (≥1), while ChemProp2 identified 36 edges above 
threshold 0.1 and 10 above threshold 0.3, corresponding to drug-specific FDR cutoffs (~±0.35-
0.4). SI Table 3 summarizes, for each drug, the number of D1 edges retained by both methods 
at these thresholds, and SI Figure 13 illustrates this comparison for edges with Δm/z values 
between 0 and 200 Da. 

FASST Searches 
The FASST search was performed against 13 GNPS-indexed databases: NORMAN, 
ORNL_Bioscales2, ORNL_Populus_LC_MSMS, gnpsdata_index, gnpsdata_test_index, 
gnpslibrary, massivedata_index, massivekb_index, metabolomicspanrepo_index_latest, 
metabolomicspanrepo_index_nightly, panrepo_2024_11_12, panrepo_2025_07_09, 
panrepo_2025_08_06, and ptfi2_index 
(https://wang-bioinformatics-lab.github.io/GNPS2_Documentation/masst/, 
https://fasst.gnps2.org/libraries. 

https://wang-bioinformatics-lab.github.io/GNPS2_Documentation/masst/
https://fasst.gnps2.org/libraries
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Across the FASST searches, matches were obtained from 1,670 unique MASSIVE datasets 
(MSV accessions). After excluding our six deposited repositories (MSV000093571, 
MSV000094899, MSV000096724, MSV000091452, MSV000095311, MSV000092059), hits 
remained in 1,664 external datasets. 
Our FBMN analysis (GNPS job ID: 1b5b94b4191d4223a5f57afb2aaaf0b0), yielded 8,055 
features, with 517 (6.4%) were annotated through GNPS spectral libraries, including all parent 
drug ions ([M+H]+). ChemProp2 scores were calculated for all edges (cosine similarity-based and 
cascade). For downstream analysis, we focused on subnetworks centered around each drug’s 
primary [M+H]+ ion but also included treatment-specific features disconnected from the main 
clusters, as they may represent true biotransformation products. In total, 1,202 features were 
queried via FASST, comprising (i) nodes from [M+H]+ clusters, (ii) adduct clusters, and (iii) 
treatment-specific features. FASST searches were performed with precursor tolerance 0.05 Da, 
fragment tolerance 0.05 Da, and cosine similarity ≥ 0.8. Both library hits and repository spectral 
matches were considered in downstream interpretation. SI Table 4 summarizes FASST results 
by drug, indicating the number of features searched, those with at least one match, and the 
corresponding unique datasets (including and excluding our own repositories). 
 
While all queried features were expected to return at least one match from our deposited datasets, 
139 compounds did not. Manual verification through the FASST web interface 
(https://fasst.gnps2.org), confirmed that including precursor charge state restored matches for 
some cases. However, 120 features (16 from Cilnidipine, 104 from Simvastatin) still failed to 
return hits despite repeated manual checks. The cause remains unclear, and these 139 features 
were excluded from downstream analysis. 

Cross-Dataset Distribution of Cascade Nodes (Heatmap Analysis) 

As noted in the cascade summary, we began with 508 edges corresponding to drug-associated 
subnetworks and retained 432 cascade nodes with ∆m/z > 0.5. To examine where these putative 
transformations are most prevalent, MassIVE metadata were retrieved for each feature and their 
species information were grouped into ten higher-level classes (e.g., Human, Mouse, Other 
Animals, Plant, Bacteria, Fungi, Environmental, Food, Chemical, Unclassified). Nodes were 
retained if they (i) had a non-zero ChemProp2 treatment score, (ii) differed from the parent drug 
by ∆m/z > 0.5 Da, (iii) were observed in external MassIVE datasets, and (iv) represented forward 
transformations (Sign_ChemProp2_TRT = 1.0). This filtering resulted in 78 putative 
transformation nodes (see SI Table 5). The heatmap (Figure 5) shows their distribution across 
MassIVE dataset categories, alongside their ChemProp2 scores, highlighting the reproducibility 
and directional trend of the transformations. 

Cascade Node Summary Table 

The following tables summarize drug-specific subnetworks, cascade edges, ChemProp2 hits, and 
whether features were annotated in GNPS libraries (FBMN) or found in external MassIVE 
repositories (FASST). Only cascade edges were included. 

https://www.gnps2.org/status?task=1b5b94b4191d4223a5f57afb2aaaf0b0
https://fasst.gnps2.org/?utm_source=chatgpt.com
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To generate these tables, we extracted all subnetworks from FBMN in which the parent drug 
[M+H]⁺ ion resides (14 parent nodes in total: 12 drugs, with two [M+H]⁺ nodes each for Simvastatin 
and Telmisartan, and one node for each of the remaining drugs). These 14 drug nodes all had 
library matches (See also the main manuscript section Cascade Scoring Reveals Multi-Step 
Biotransformations). For cascade scoring, we included only edges connecting each drug node to 
other nodes in the parent [M+H]⁺ ion cluster, independent of spectral cosine similarity. In total, 
this yielded 515 drug-associated features. After removing the 14 parent drug ions, 436 features 
remained, connected by 508 edges with |Δm/z| > 0.01. Applying a more stringent filter of |Δm/z| 
> 0.5 reduced the set to 433 cascade nodes, which were used for the summary analyses below. 

Each summary table contains the following fields: 

● Drug Name: one of the 12 drugs. 
● Drug features: number of parent drug nodes considered ([M+H]⁺ only; 14 total). 
● Nodes (∆m/z > 0.5): number of cascade nodes differing from the drug node by more than 

0.5 m/z. Nodes within ±0.5 m/z were excluded. For example, Cilnidipine yielded 98 such 
nodes. 

● Library Matched: among these filtered nodes, the number of features with GNPS library 
matches. 

● Unmatched Compounds: number of filtered nodes without library matches. 
● MassIVE Matches: number of filtered nodes with ≥1 external hit in MassIVE datasets 

(counting nodes, not datasets). 
● ChemProp2 Hits (>0.1): number of filtered nodes with ChemProp2 treatment scores >0.1, 

indicating time-resolved intensity profiles consistent with downstream drug products. 
● Annotated Hits (>0.1): among ChemProp2 hits, number with GNPS library annotations. 
● MassIVE Hits (>0.1): among ChemProp2 hits, number also observed in external MassIVE 

datasets. 
● Final Hits: Number of cascade nodes with ChemProp2 treatment score >0, m/z difference 

>0.5, significant treatment association (Sign_ChemProp2_TRT = 1.0) (This is represented 
as Heatmap in Fig 5 in the main manuscript) 
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Supplementary Figures 

 
SI Figure 1: PCoA (Bray–Curtis) of metabolomic profiles for the abiotic control. PERMANOVA 
and PERMDISP were performed across different drug treatments. PERMANOVA p = 0.001, R2 = 
0.88; PERMDISP p = 0. 
 

 
SI Figure 2: PCoA (Bray–Curtis) of 16S rRNA ASV profiles for drug-treated bacterial 
communities. Points are colored by timepoint. PERMANOVA and PERMDISP were performed 
across T2, T4, T6, and T8 samples (PERMANOVA p = 0.001, R2 = 0.225; PERMDISP p = 0). 
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SI Figure 3. Individual PCoA (Bray–Curtis) plots of OD-corrected microbiome profiles for Com20 
treated with 12 different drugs and DMSO control (13 plots total). Points are colored from yellow 
(T2) to dark red (T8) to represent increasing timepoints. PERMANOVA and PERMDISP statistics 
shown in each plot are based on timepoint differences. 
 



Appendix 

 232 

 
 
SI Figure 4. Individual PCoA (Bray–Curtis) plots of metabolomic profiles for Com20 treated with 
12 different drugs and DMSO control (13 plots total). Points are colored from light yellow (T0) to 
dark red (T8) to represent increasing timepoints. PERMANOVA and PERMDISP statistics shown 
in each plot are based on timepoint differences. 
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SI Figure 5. Heatmaps showing bacterial community responses across all drug treatments 
at each timepoint. Mean OD-corrected abundances (averaged across replicates) are displayed 
for all 12 treatments. Rows correspond to individual taxa and columns to treatments. Color 
intensity reflects the OD-corrected mean relative abundance. 
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SI Figure 6. Multi-layer comparisons of drug-induced metabolome and microbiome shifts. 
Each point represents one drug treatment, with metrics calculated from its time-series data (T0-
T8). (A) Relationship between metabolomic and microbiome restructuring over time. For each 
drug, PCo1 change reflects the total movement along the PCoA1 axis (metabolomics and 16S 
datasets), calculated as the cumulative change in mean PCoA1 values across consecutive 
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timepoints; (B) Association between predicted chemical transformations and metabolomic 
change, showing the number of ChemProp2 hits (score > 0.1) per drug versus its PCoA1 
trajectory length; (C) Biomass change versus metabolomic restructuring, comparing ΔOD (T8 – 
T2) with metabolome PCoA1 trajectory lengths for each drug; (D) Biomass change in relation to 
microbiome restructuring, with restructuring measured as compositional change captured by the 
microbiome PCoA1 trajectory length over time; (E) Diversity restructuring: alpha-diversity change 
(within-sample diversity from T0–T8) versus beta-diversity change (microbiome PCoA1 trajectory 
length).  
 

 
SI Figure 7. Fragmentation spectra and putative ion structure assignments for Cilnidipine 
and its putative microbial metabolites. A Cilnidipine feature, B Putative Cilnidipine metabolite 
resulting from nitroreduction to a hydroxylamine and N-methylation, C Putative Cilnidipine 
metabolite resulting from complete nitroreduction an N-methylation, D Putative Cilnidipine 
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metabolite resulting from nitroreduction and formation of a pyrrole moiety. E Putative Cilnidipine 
metabolite resulting from cleavage of the nitrobenzene moiety. Δm/z values correspond to 
theoretical values subtracted by experimental values. Ion formulas were determined by accurate 
mass measurements and are unambiguous within the constraints of the assigned precursor 
molecular formulas. During CID the Cilnidipine related ions undergo fragmentation mechanisms 
involving rearrangement, though the exact nature of these remains unknown and the structures 
proposed by us only represent one set of possible structures as do the precursor structures for 
B, C, and D. 
 

 

SI Figure 8. MS/MS spectral mirror matches and Modifinder predictions for ChemProp2-
prioritized features of Cilnidipine. Panels A-B did not get any Modifinder predictions. The “D” 
values indicated in the panel titles denote the degree of neighbor within each drug cluster. 
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SI Figure 9. Fragmentation spectra and putative ion structure assignments for 
Metronidazole and its putative microbial metabolites. A Metronidazole feature, B Putative 
Metronidazole metabolite resulting from nitroreduction and potential formation of a imidazole 
group C Putative Metronidazole metabolite resulting from nitroreduction and thiazolidinone 
formation, Δm/z values correspond to theoretical values subtracted by experimental values. Ion 
formulas were determined by accurate mass measurements and are unambiguous within the 
constraints of the assigned precursor molecular formulas. Molecular structures for fragment ions 
and potential microbial metabolite precursors are putative and cannot be confidently ascertained 
based on the current data. 
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SI Figure 10. MS/MS spectral mirror matches and Modifinder predictions for ChemProp2-
prioritized features. Panels A-B show metronidazole features; C-D show omeprazole (M+H-H2O); 
and E-F show simvastatin (ion-source fragment). The “D” values indicated in the panel titles 
denote the degree of neighbor within each drug cluster. 
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SI Figure 11. Fragmentation spectra and putative ion structure assignments for 
Omeprazole and its putative in-source fragment and microbial metabolites. A Omeprazole 
in-source fragment feature, B Omeprazole feature, C Putative Omeprazole metabolite resulting 
from addition of C6H6OS, D Putative Omeprazole metabolite resulting from addition of C6H7NS. 
Δm/z values correspond to theoretical values subtracted by experimental values. Ion formulas 
were determined by accurate mass measurements and are unambiguous within the constraints 
of the assigned precursor molecular formulas. Putative Omeparazole metabolites produce major 
fragment ions at m/z 328, matching the omeprazole in-source fragment and indicating neutral loss 
of all elements added during hypothetical biotransformation. During CID the Omeprazole related 
ions appear to undergo fragmentation mechanisms involving rearrangement, complicating 
evidence based assignment of fragment structures. 
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SI Figure 12: Fragmentation spectra and putative ion structure assignments for 
Simvastatin, its putative microbial metabolite and their in-source fragments. A Simvastatin 
feature, B Simvastatin in-source fragment feature, C Putative Simvastatin metabolite 3’-
Hydroxysimvastatin D Putative in-source fragment of 3’-Hydroxysimvastatin. Δm/z values 
correspond to theoretical values subtracted by experimental values. Ion formulas were 
determined by accurate mass measurements and are unambiguous within the constraints of the 
assigned precursor molecular formulas. 
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SI Figure 13. Scatterplot of ChemProp Scores for 12 Drugs. The plot shows ChemProp scores 
(y-axis) against Δm/z values (x-axis) for first-degree (D1) edges connected to each drug, with 
points colored by drug as indicated in the legend. The comparison between ChemProp1 and 
ChemProp2 was restricted to edges with Δm/z values between 0 and 200 Da. 
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SI Figure 14: ChemProp2-prioritized features unique to our dataset 
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Supplementary Tables 

SI Table 1. Drug class abbreviations for the 50 compounds analyzed using ChemProp1 
(corresponding to Figure 2). Classes are grouped into six major categories, and cell colors 
correspond to the drug classes shown in Figure 2. 

Drug Class Code Abbreviation 

Antibiotics & 
antiparasitics 

AB Antibiotic 
APAR Antiparasitic 

ANTIDIAB Antidiabetic 
Antifungals AF Antifungal 

Anti-
inflammatory/Oth

ers 

PPI Proton Pump Inhibitors 
OTHER Other / Miscellaneous Drugs 
HORM hormonal 
NSAID Nonsteroidal Anti-inflammatory Drugs 

Cardiovascular 

STATIN statins 
CCB calcium-channel blocker 

ANTICO Anticoagulants 
ARB Angiotensin II Receptor Blockers 

CNS/ 
Psychotrophic 

AD Antidepressant 
SERM Selective Estrogen Receptor Modulators 

AP Antipsychotic 
SSRI Selective Serotonin Reuptake Inhibitors 
NK1 Neurokinin-1 Receptor Antagonists 
SNRI Serotonin–Norepinephrine Reuptake Inhibitors 

Allergy/Immune 
AH Antihistamines 

LTRA Leukotriene Receptor Antagonists 

 

SI Table 2: Drug-specific summary of cascade composition, microbial diversity, biomass 
changes, and Bray-Curtis PCoA shifts. 
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SI Table 3. Comparison of ChemProp1 and ChemProp2 D1 Edges Across Thresholds for 
Each Drug.  
D1 represents direct connections (edges) to the parent drug node in the FBMN network, whereas 
all other connections beyond the first degree neighbor are referred to as global edges. Cell values 
are color-coded from red to white to blue, indicating high, medium, and low values, respectively.  

Drug D=1 
Edges  

CHEMPROP 1  CHEMPROP2  

Edges >= 1  Edges != 0 Edges > ±0.1 Edges > ±0.3  

Cilnidipine 10 0 10 5 2 
Clomifen 10 6 10 3 0 

Erythromycin 8 1 8 1 1 
Ketoconazole 10 1 9 5 3 
Lansoprazole 4 1 3 2 1 

Loratadine 10 0 8 3 0 
Metronidazole 6 0 2 2 0 
Montelukast 10 2 10 2 0 
Omeprazole 2 2 2 1 1 

Sertraline 10 1 10 3 1 
Simvastatin 19 7 19 2 0 
Telmisartan 16 1 15 7 1 

Global 10982 287 5922 1833 519 
Total 11097 309 6028 1869 529  

 
 
SI Table 4. Summary of FASST results for ChemProp2-prioritized features.  
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Columns show the number of features queried per drug, features with at least one match, and 
those without matches. Also reported are the counts of unique datasets matched across all 
repositories, as well as subsets limited to MassIVE and external MassIVE datasets (excluding our 
six deposited repositories). “All Unique Datasets Matched” values are provided per drug but not 
summed in the summary row. 

Drug 
Features 
FASST  
input 

Features 
with ≥ 1 Hit 

Features 
without 

Hits 

All Unique 
datasets 
Matched 

Unique 
MASSIVE 
datasets 

Unique 
External 
MassIVE 
Datasets 

Cilnidipine 309 289 20 363 332 327 
Clomifen 47 47 0 194 175 170 

Erythromycin 113 113 0 221 119 194 
Ketoconazole 39 37 2 52 50 47 
Lansoprazole 102 101 1 290 257 251 

Loratadine 16 16 0 75 66 63 
Metronidazole 27 24 3 1144 1014 1010 
Montelukast 83 78 5 456 400 395 
Omeprazole 101 100 1 491 442 436 

Sertraline 98 98 0 487 413 409 
Simvastatin 245 141 104 829 772 766 
Telmisartan 22 19 3 68 57 54 

Total 1202 1063 139 n.c. (not 
calculated) 1670 1664  

 

Supplementary Table 5. Summary of cascade node counts after ChemProp2 filtering. 
Counts of external and internal nodes per drug, with corresponding ChemProp2 treatment scores. 
External refers to features detected in external datasets, whereas Internal nodes were found only 
in our six in-house datasets. 

  Cascade Nodes 
per drug 

Nodes 
(∆m/z > 0.5) 

Nodes After 
ChemProp2 Filtering 

(External) 

Nodes After 
ChemProp2 Filtering 

(Internal) 
Cilnidipine 98 98 11 65 
Clomifen 42 36 9 0 
Erythromycin 64 59 30 0 
Ketoconazole 30 20 2 0 
Lansoprazole 5 5 0 3 
Loratadine 14 5 1 0 
Metronidazole 18 6 2 1 
Montelukast 70 64 10 18 
Omeprazole 2 2 0 1 
Sertraline 97 92 7 1 
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Simvastatin 55 38 5 2 
Telmisartan 20 7 1 1 
TOTAL 515 432 78 92 
 

SI Table 6. Summary of [M+H]+ Ions in the Feature-Based Molecular Network of the 12 
Drugs.  
The table lists, for each drug, the precursor m/z, retention time (min), unique feature ID, 
component index (CI; representing the subnetwork ID within FBMN), and the number of nodes in 
each subnetwork. For Simvastatin, two features at m/z 419.2791 and 419.2792, both 
corresponding to the [M+H]+ ion, were retained, as the compound eluted as two peaks (minor and 
major) at 4.75 and 5.01 min, respectively. Similarly, for Telmisartan, two features were included: 
the parent ion at m/z 515.2443 ([M+H]⁺) and a fragment at m/z 258.1256 (library-annotated as 
‘Telmisartan’), both co-eluting at the same retention time. 

Drug Precursor m/z RT (mins) ID CI Nodes 
Cilnidipine 493.1967 4.95 12221 5 98 
Clomifen 406.1933 3.64 9988 129 42 

Erythromycin 734.4685 2.39 6524 239 64 
Ketoconazole 531.1563 2.63 7741 93 30 
Lansoprazole 370.083 2.28 6063 63 5 

Loratadine 383.1522 3.08 8893 373 14 
Metronidazole 172.0717 0.58 2074 261 18 
Montelukast 586.2179 5.14 12848 188 70 
Omeprazole 346.1217 1.78 4975 1278 2 

Sertraline 306.0812 2.83 8073 2 97 

Simvastatin 419.2791, 
419.2792 

4.75,  
5.01 

11549,  
12430 295 55 

Telmisartan 515.2443, 
258.1256 2.84 8143, 

8175 
208, 
263 

13, 
7 
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Chapter 4: Supplementary Information 

Supplementary Figures 
 

 
 
Figure S1: Target and decoy dataframes for correlation analysis. (A) Target dataframe containing 
metabolite features and microbial species from the soil synthetic community ground-truth dataset. As 
this dataset is predefined, species are retained at the species level. (B) Decoy dataframe generated 
by randomly shuffling species abundances to create a null reference for false-discovery-rate 
estimation. 
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Figure S2: Designed dataset composition. (A) Relative abundance of the 13 microbial species 
across the 12 designed SynCom combinations. (B) Designed concentration profiles of the eight 
spiked-in metabolites across the same combinations. 
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Figure S3: Measured dataset composition. (A) Relative abundance of the 13 microbial species 
across the 12 SynCom combinations. (B) The concentration profiles of the eight spiked-in metabolites 
across the same combinations. 
 
 

 
Figure S4: Principal Coordinate Analysis (PCoA) of measured datasets. PCoA was performed 
using Bray-Curtis distance for (A) the microbiome and (B) the metabolome datasets. The microbiome 
ordination was constructed from 14 species (13 defined plus one unassigned). The metabolome 
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ordination was based on 2,612 detected features, including the 8 spiked-in metabolites. Group labels 
(1-12) indicate the designed SynCom combinations, each shown with two replicate points. 
PERMANOVA was performed using numeric group values, and PERMDISP = 0 for both datasets. 
 
 

 
 
Figure S5: Comparison of designed and measured intensity trends for spiked-in metabolites. 
Line plots show the (A) intended and (B) experimentally measured intensity patterns of the eight 
spiked-in metabolites across the 12 SynCom combinations. 
 



Appendix 

 251 

 
 
Figure S6: Normalization effects on metabolite trends. Line plots of the eight spiked-in metabolites 
across groups 1-12 under raw, total-ion-count (TIC) normalization (normalized to each sample), centered-
log-ratio (CLR) normalization, and feature-mean scaling (normalized to each feature) methods.  
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Figure S7: Normalization effects on Amplicon Sequencing Variant (ASV) trends. Line plots of 
representative taxa across groups 1-12 under raw, total-ion-count (TIC) normalization (relative abundance), 
centered-log-ratio (CLR) normalization, and feature-wise mean normalization (normalized to each feature) 
methods.  
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Figure S8: Overall correlation heatmaps of non-spiked-in features across all species for both (A) Pearson 
and (B) Spearman methods (1% FDR-adjusted scores). Species are shown as columns and features as 
rows, with hierarchical clustering applied to features. The color scale (-1 to +1) denotes correlation strength, 
revealing distinct clusters of positive (red) and negative (blue) associations. The Spearman heatmap 
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displays a higher density of significant correlations, particularly within the unassigned, P. amylolyticus, and 
M. goesingense groups. 
 

 
Figure S9: Correlation scores Comparison. Comparison of (A) Pearson and (B) Spearman original 
correlation scores (not FDR- corrected) for the eight spiked-in metabolites across all species. Both methods 
show highly similar correlation patterns.  
 

 
 
SI Figure S10. Abundance trajectories of Paenibacillus and four metabolite features across 12 
experimental groups (two replicates). Features C–E track the same rise-drop pattern as Paenibacillus (r 
= 0.6–0.7), while Feature B shows an inverse trend (r ≈ –0.6). 
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Supplementary Note 
Detailed comparison of designed and measured compositions 

In the designed microbiome dataset (Figure S1), nine of the thirteen species were kept constant, 
while four displayed directional trends (both Bacillus strains increasing; P.koreensis and 
P.amylolyticus decreasing). However, in the measured dataset (Figure S2), the observed 
patterns differed. Based on raw ASV counts, F.pectinovorum (designed to remain constant) 
showed an unexpected increasing trend across the twelve groups in the measured dataset. 
Similarly, P.amylolyticus also exhibited an increasing pattern. Several strains exhibited low or 
undetectable counts in the nanopore 16S dataset, including A.fastidiosum, A.humicola, 
B.altitudinis, B.subtilis, and N.cavernae, which were absent in early groups (1-6) despite being 
included in the design. Several species, including the two Bacillus strains, showed markedly 
reduced counts. Among the eight spiked-in metabolites, four were designed to increase (Caffeine, 
Clarithromycin, Coumarine, N-Acetylsulfamethoxazole) and four to decrease in concentration 
(Aspartame, Carbamazepine, Irgarol, Sulfamethoxazole). While these differences were partly 
visible in the stacked bar plots, they became more apparent in the line plots (Figure S5), where 
the measured intensities of the increasing compounds rose only modestly (0-5 %) compared to 
their designed values. Conversely, the decreasing compounds showed steeper drops, such as 
irgarol declining from 100 % to approximately 5 %. Thus, while the general directionality of the 
designed metabolite trends was captured, the dynamic range was compressed in the 
experimental data 
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