3" Metabolomics Data Processing and Statistical Analysis Workshop

Lecture 2 Handout
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Functional Metabolic Pathways
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3" Metabolomics Data Processing and Statistical Analysis Workshop

OVERVIEW OF THE METABOLOMICS WORKFLOW
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3" Metabolomics Data Processing and Statistical Analysis Workshop

LECTURE 2: FUNCTIONAL INTERPRETATION OF UNTARGETED

METABOLOMICS DATA

Part 1: Introduction the functional interpretation of
metabolomics data

* The purpose of functional interpretation

* Approaches to functional interpretation

* Pathways Analysis

* Untargeted network analysis .® 287 .,&_;?,‘-‘;',- i

Part 2: How to use MetaboAnalyst functional & S e T §°: e N ‘ -
interpretation y S Y A A e
* Pathways Analysis module .‘5 Y sg% 8 e °-E,' T
»  MS-Peaks to pathways module :*" R TR e | | 30

METABOLIC PATHWAY HEATMAPS
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Glycolysis and gluconeogenesis

chromatography mass spectrometry provides extensive coverage of
primary metabolic pathways revealing altered metabolism in IDHL mutant
cells. Commun Biol 3, 247 (2020). https://doi.org/10.1038/s42003-020-

PATHWAY HEATMAPS

Pros

+  Providea
biological context.

. Help identify
which pathways
may be affected by
experimental
changes.

. Link biomarkersto
biological context.

Cons

* Does not evaluate
which pathway
changes are most
important.

* Howtoselect
‘pathways’ which
in themselves are
non-biological in
isolation.
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VARIOUS TYPES OF STATISTICAL PATHWAYS ANALYSIS APPROACHES

T L L

Pathway heatmaps
(TARGETED)

Over enrichment
analysis (ORA)
(TARGETED)

Quantitative
enrichment analysis
(QEA) (TARGETED)

Pathway topological
analysis (TARGETED)

Peaks to pathways
analysis
(UNTARGETED)

To provide a visualisation of the direction
and magnitude of abundance changes
mapped onto metabolic pathways.

Identifies if a group of significant
compounds, related to specific pathways,
that are over-represented within a list of
identified metabolites.

Identifies a list of significant metabolites
from a peak list directly and links these to
pathways

To provide a measure of the impact and
significance of pathway changes bases on
node centrality measures to estimate
importance using betweenness centrality
and degree centrality.

Untargeted pathways analysis tool

representing metabolites as nodes accessing

the full genome models and utilising
untargeted datasets to their fullest extent.

Connects significantly
altered metabolites with
their i vivo pathways

Provides a statistical
measure of pathway
importance (Fishers exact
test)

Quantitative — based on
concentrations and more
sensitive than ORA

Is more sensitive to the
presence of specific
metabolites within a
pathway and hence their
impact.

Make use of majority of
untargeted compound-

featuresto create more
comprehensive metabolic
networks from the data

The MSEA approach

Over Representation

Compourd Compaund

Single Sample Profiling

Iteate. chustaring]

imporiant compound lists

ey
thames.

Quantitative

Enrichmant Analysi

Compound concentratians

[———— Compars te sarmal
retecances

Abnormsl compounds.

" Mataboliie et libraries

: | .
Ay

Database Evolution

Provides no way to
determine the importance
or impact of the changes in
a metabolic context

Not quantitative (does not
consider the degree of
fold-change.

Treats all pathways and
individual metabolites in
pathwaysequally.

Relies on identified
metabolites only (relatively
low and usually biased
coverage)

Provides a global metabolic
context only, with no ability
to combine pre-identified
metabolitesor use
chromatographic data
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3" Metabolomics Data Processing and Statistical Analysis Workshop

QEA PATHWAY VISUALISATION

Quantitative approach to metabolic pathways analysis based on Gene Set
Enrichment Analysis (known as Metabolite Set Enrichment Analysis (MSEA)).

Aims to link changes in
metaboliteabundances
quantitatively to pathways
diseasesor localisation (e.g.
specific tissues or organs).

Requires metabolitelibraries
which provide a background
from which significanceis
predicted.

21 libraries aviabale in MetaboAnalyst at present

QEA PATHWAY VISUALISATION

Results are
providedin a
number of formats

As a network view
where its possible
to see the links
between pathways
and the significance
of the modulation
of pathways based
on their colour (the
stronger the red the
more significantly
altered the pathway

Metabolite Set Total  Hits  Siatistic Expected P value Holm P FDR Details

Vigw

Vigw
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QUANTITATIVE ENRICHMENT ANALYSIS (QEA)

Metabolite Sets Enrichment Overview
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Uses a background metabolic pathways set to compute p-value significance for pathway enrichment using
metabolite abundances. This puts the datasetinto a comprehensive metabolic context and provides a statistical
measure of the relative importance of altered pathways

PATHWAY TOPOLOGICAL ANALYSIS: MORE SENSITIVE APPROACH

The position of the metabolitesin a pathway has an impact on how their modulation affects metabolic

processes. This is captured by the concepts of ‘hubs’ and ‘bottlenecks’ and Pathways Topological Analysis aims
to model this into the pathways analysis process.

Pathway Position Matters

Which positions are
important?
Hubs

Nodes that are highly
connected (red ones)

Bottlenecks

Nodes on many
shortest paths
between other nodes
(blue ones)

Graph theory
Degree centrality
Betweenness centrality
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RESULTS FROM PATHWAY TOPOLOGICAL ANALYSIS

Pentose phosphate and glucuronate pathway
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Pathway Impact significance.

Metabolome view of the data: pathway enrichment
analysis and pathway impact values from the pathway
topology analysis.

PATHWAYS IMPACT

Pathway Impact
A complicated parameter, its calculationincludes parameters such as:

* Log fold change of enriched metabolites
* Significance of pathway genes and the topology of signallingpathways
* Combines pathway topology with the over-enrichment data

™Mz2.3

Pathway Name Total | Him =ogip) Haim p

Part

Phasnvigige i

Results: a ranking of pathways based on p-value.
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MS PEAKS TO PATHWAYS (MUMMICHOG)

Untargeted metabolomics generates large amounts of data >90% of which is not utilised when it
comes to one of the most important aspects in metabolomics — biological interpretation of the data.
The MS peaks to Pathways analysis bypasses the typical bottleneck of metabolite identification by
directly linking compounds features with metabolic pathways

Predicting Network Activity from High Throughput
Metabolomics

Shuzhao Li"*, Youngja Park™*, Sai Duraisingham'?, Frederick H. Strobel®, Nooruddin Khan'?,
Quinlyn A. Soltow”, Dean P. Jones®, Bali Pulendran'?

1 Emory Vaccine Center, Emory University, Atlanta,
United States of Ameica, 3 Department of Medsc
Korea, 5 Mass Spectrometry Center, fmery University,

+ of America, 2 Yerkes National Primate Ressarch Centes, Emary Universiy, Attanta, Georgia,
Lanta, Gosorgia, United States of America, 4Colege of Phamacy, Korea Ushveriity, Seoul, South

The mummichog (Fundulus
heteroclitus) is a small fish found in

Abstract the Atlantic — well known for living in

The functional i ion of high ics by mass spectrometry is hindered by the identification of |arge groups
metabolites, a tedious and challenging task. We present a set of computational algesithms which, by leveraging the 7
collective power of metabolic pathways and networks, predict functional activity directly from spectral feature tables

without a prion idemification of balites. The WETE BXpe y validated on the activation of innate
immune cells.

Mummichogis a software approach to
predict biological activity directly from
mass spectrometry data without
identifying metabolites formally. This is

Funding: Work supported by grants from US National leuthutes of Heakth AGO3S786, ESD16731 (10 DPJj; U1 SAIOSO0T], LISAAIS 7157, RITAMBSS, RXTOKDS 7665, P .
U9ANST 266, POTAT096147 {1 BP: Scripgs CHAND ID Awwarel (UMIAIN00663 10 BPE and 1he Ball aned Mtircta Gates Feaandition: (10 BF). The hunders had r roke i approa ched by un val ng netwo rkana IY SIS
study design, data colection and anshysk, decision to publsh, or proparation of the manuscrigt

and the annotation of pathways (using
accurate m/z values) by combining both
into the same computational framework.

Lietal, 2013

MS PEAKS TO PATHWAYS

A comprehensive metabolic network/pathways
are used to tailored to a particular organism (a

range of libraries can be selected). < _ VIR 81 {hlaiminy metabsism
Possible m/z values are predicted based on the o
. . - . - Vitamin B9 (folate) metabolism
model organism (including isotopes and adducts) .
These are then matched with the experimental o
data. This step is repeated multiple times to =
. . " Selenoaming acid metabolism
calculate the null distribution and modelled. T
g S s
Significant m/z features are then used to 2 Siasic acid metabolism
k-] .
calculate a p-value for each pathway. - °
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Enrichment Factor
Results: a ranking based on p-value for the pathways, in a similar way to targeted pathways analysis
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RESULTS FROM MS PEAKS TO PATHWAYS: NETWORK VIEW
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