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Contextualizing metabolomics data for interpretation
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Context

Leveraging metabolic models
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Context
Leveraging metabolic models using graph theory
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Specific characteristics of metabolic networks

Side compounds hubs

Most connected

compounds inthe < A

Human metabolic
network
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CPD DEGREE

H+ 14959
H20 13127
ATP 5427
CoA 3961
NADP+ 3816
Na+ 3448
HCO3- 3129
ADP 3086
Pi 3015
NADPH 2945

Most side compounds are
ubiquitous, not specific to
any biological process



Specific characteristics of metabolic networks

Side compounds hubs
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Side compounds hubs
creates irrelevant shortcuts
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From metabolic models to metabolic networks
The side compound problem

Montague
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Two characters are connected if they appear in the same scene.
Their size and color intensity are proportional to their (weighted)

egree of centrality.

I N RA@ The 'network density' measures how close the graph is to
complete. A complete graph (100%) has all possible edges
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From metabolic models to metabolic networks
The side compound problem
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Defining side compounds: State of the art

- Using manually curated list c

- Quite arbitrary
Parter, M., Kashtan, N. & Alon, U. Environmental

- usually poorly reported variability and modularity of bacterial metabolic
networks. BMC Evol Biol 7, 169 (2007).

Highly connected metabolites (such as ATP, NADH, H,o0 etc) were removed yy
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Defining side compounds: State of the art

- Using manually curated list

- Quite arbitrary
- usually poorly reported

- Using degree (hubs)

- Not all hubs are Side compounds

Not all side compounds are hubs
- User defined threshold
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Highly connected metabolites (such as ATP, NADH, H,o0 etc) were removed yy

Parter, M., Kashtan, N. & Alon, U. Environmental
variability and modularity of bacterial metabolic
networks. BMC Evol Biol 7, 169 (2007).

adjacency matrix was constructed for the metabolic network. From this adjacency matrix, high

degree “hub” nodes were removed. Hub nodes were defined as any node with more than 50

connections and consisted of central metabolites such as hydrogen and water, cofactors such

as ATP and NAD+, and the E. coli Biomass reactions. Pyruvate was also a hub node but was left

in the network due to its role as a carbon source in this analysis. 1nis nup-iess network was 19
Lahiri, D., Nag, M., Dey, A. et al. Marine bioactive

compounds as antibiofilm agent: a metabolomic approach.
Arch Microbiol 205, 54 (2023)



Defining side compounds: State of the art
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- Using manually curated list

- Quite arbitrary
- usually poorly reported

- Using degree (hubs)

- Not all hubs are Side compounds

Not all side compounds are hubs
- User defined threshold

- Using chemical similarity

(side transitions)

- depends on Fingerprint definition
- might need thresholding
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Defining side compounds: State of the art

A
RPAIR: “cofac”

- Using RPAIRS (KEGG) NAD*  an. 100 NADH

- Expert curated '><
0] O
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Defining side compounds:

- Using RPAIRS (KEGG)

- Expert curated
- Discontinued (2016)

- Using Atom-Atom Mapping

- Step-wise Carbon continuity
- Context-dependant side compound

- Computationally expensive
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State of the art
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Defining side compounds: State of the art

- Using RPAIRS (KEGG)

- Expert curated
- Discontinued (2016)

- Using Atom-Atom Mapping
- Step-wise Carbon continuity
- Context-dependant side compound
- Computationally expensive
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Defining side compounds

challenges

- No methodological consensus, each as pro and cons

- Arbitrarily set parameters and subjective definitions

- Home-brewed closed-source scripts or manual procedure
- Poor reporting practice

— Reproducibility crisis

The definition of currency metabolites such as water and ATP may also have been different

from that in the previous study because the definition has not been clearly described in [10].

Takemoto K (2013) Does Habitat Variability Really Promote
Metabolic Network Modularity?. PLOS ONE 8(10)
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The Met4) ecosystem

The library
Scripting graph analysis of
metabolic models
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The Met4) ecosystem

< The library

Scripting graph analysis of

metabolic models

The Toolbox
A registry of CLI tools

45 apps (20 analyses)

Available as executable JAR,
Singularity image, Docker
image
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The Met4] ecosystem

< The library
Scripting graph analysis of

Get Data

Collection Operations

metabolic models

The Toolbox
A registry of CLI tools

GENERAL TEXT TOOLS
Text Manipulation
Filter and Sort

Join, Subtract and Group
output (input)

METABOLIC NETWORKS

Met4J: Get and Set attributes
|
|

= The workflows
FAIR processing & analysis

Met4.J: Fetch BIGG data
Met4J: Convert

Met4J: Map omics data
Met4.J: Topological analyses

Met4J: Metabolic reconstruction

STATISTICS AND VISUALISATION

Graph/Display Data

Interactive Tools output {input] >
INRAC 3o . \ _
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NetBio2025 C. Fraina —
/ h FRANCE FRANCE

A Galaxy instance to pipe any app
from the toolbox with other tools
from the community

B input SEML file

O @ outputPath (1sv)

s oox »
TopologicalPathwaylnalysis

input SBML file

input Side compound file
[recommended)

]

ChemSimilarityWeighting

an optional file containing
weights for compound pairs,

\: input SBML file

B input Side compound file taken into account far
R eenness computation.

Edges not fownd in file will

be removed

O @ outputPath itsv)

B} file containing the list of
metabolites of interests
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Genome Scale Atom Mapping o
Combining RDT! with SBMLs MODEL

java -jar GSAM.jar -i path/to/sbml.xml -s path/to/smiles.tab -o path/to/outputDir

https://forge.inrae.fr/metexplore/gsam

IRahman, S. A., Torrance, G., Baldacci, L., Cuesta, S. M., Fenninger, F., Gopal, N., ... Thornton, J. M. (2016). Reaction Decoder
Tool (RDT): Extracting features from chemical reactions. Bioinformatics, 32(13), 2065-2066.
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Exploiting Metabolic proximity
Shortest paths

Sub-network Extraction
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Exploiting Metabolic proximity
Page Rank: Beyond shortest path

Models the probability of landing on a node after many steps of a random walker

“closer” nodes in terms of link flow get higher scores.

Nodes connected to highly ranked or densely linked regions appear more “proximal”

- ® o
—{ /
1/2
INRAZ
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NetBiglge L, BIS, Motwani S, et al. The PageRank Citation Ranking: Bringing Order to the Web. 1999, Stanford, CA, USA: Stanford




Exploiting Metabolic proximity

Metabolic recommender System

Home Profile Find People Settings

Users you may be interested in

m

Find On Twitter Browse Interests Suggestions For You Find Friends Invite By

B Bill Gates 0 verified ‘8 follow
b @EillCates
[ | Location: Seattle, Wa

Bio: Sharing cool things I'm learning through my foundation work
and other interests...
Followed by: @ryan, @joshuatopolsky, and @donmelanson

Chercheur / PhD

Scientist
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Friends of your friends are
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friends

‘ Connect
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Exploiting Metabolic proximity

MetaboRank 2

Metabolic recommender System

MetaboRank: network-based recommendation 1
system to interpret and enrich metabolomics results

Clement Frainay, Sandrine Aros, Maxime Chazalviel, Thomas Garcia, Florence Vinson,
Nicolas Weiss, Benoit Colsch, Fréederic Sedel, Dominique Thabut, Christophe Junot, ... Show
more

Bioinformatics, Volume 35, Issue 2, 15 January 2019, Pages 274-283, https://doi.org
/10.1093/bioinformatics/bty577
Published: 06 July2018 Article history v

Based on :

Metabolites produced from

affected metabolites are

more likely to be affected as
INRAS well
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NetBio2025 C. Frainay Gupta P, Goel A, Lin J, et al. WTF: The Who to Follow Service at Twitter. 2013




Exploiting Metabolic proximity

Metabolic recommender System

MetaboRank: network-based recommendation
system to interpret and enrich metabolomics results

3

Clément Frainay, Sandrine Aros, Maxime Chazalviel, Thomas Garcia, Florence Vinson,
Nicolas Weiss, Benoit Colsch, Frédéric Sedel, Dominique Thabut, Christophe Junot, ... Show
more

Bioinformatics, Volume 35, Issue 2, 15 January 2019, Pages 274-283, https://doi.org
/10.1093/bioinformatics/bty577
Published: 06 July2018 Article history v
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MeSH Terms
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graph (CSG network) or the original Humanl metabolic network. The AUC are respectively 0.78 and 0.74. The

red dotted line corresponds to random strategies.
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