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Where do my metabolites go?
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What’s common between
Fish and metabolites?
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Outline

* Metabolomics pathway analysis and
mummichog

» Applications of mummichog to
population studies and mechanistic
investigations

* Integration of metabolomics with other
data types

11/15/2018



Metabolic model
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® A metabolic model consists of metabolites,

enzymes, reactions, pathways

®Reactions can be described by differential

equations (mathematical models)

vov b b bbb,

ic matrix

Steady State Mass balance

®\\We focus on statistical models

indistinguishable

®Pathways and networks are mathematically

Ometaboiite [llenzyme | reac

tion

Metabolic model:

genome-scale

"And that's why we need a computer.”
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MetaboAnalyst - statistical, functional and integrative a:

Please select a pathway library:

@ Homo sapiens (human) IMFN]

Homo sapiens (man) BieCyc]

(0]
=]
[paia chock Homo sapiens (human) [KEGG]

Analysis options i Mus musculus (mouse) [BioCyc]

. R
e (I e Metabolic models:
— Bos taurus (cow) [KEGG] -
Exit i

Gallus gallus (chicken) [KEGG]

e Where they come

Danio rerio (zebrafish) [MTF]

Drosophila melanogaster (fuit 1) [KEGG] fro m

Droscphila melanogaster (fuit fy) [BioCyc]
Caenorhabdits elegans (nematode) [KEGG)

Saccharomyces cerevisiae (yeast) [KEGG]

Saccharomyces cerevisiae (yeast) (BioGyc]

Oryza sativa japonica (Japanese rice) [KEGG]
Arabidopsis thaliana (thale cress) [KEGG]

Schistosoma mansoni [KEGG]

Pathway analysis for targeted
and untargeted data

MetaboAnalyst - statistical, functional and integrative analysis of metabolomics data

Click a module to proceed, or scroll down for more details:

Home
Targeted
Qverview
‘Statistical [Enrichment
Data Formats
‘Blomarker
FAGs o et
Tutorials
Troybleshooting Targeted or untargeted
Time-series | metabolomics Joint Pathway
Resources o facker Targeted or annotated " s
metabolomics

Hpdate History: Untargeted metabolomics
User Stats Multiple metabolomics data

Power Network.
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About Lo Integrating other omics Explo
. ‘ Untargeted
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GenomeCanada Mets-anatysis Pathways
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Pathway enrichment test

If metabolites are known; red are significant metabolites
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P =033 =0.01

| Processed samples

| LC/MS spectra

—{ Feature table

| Class comparison

a| Metabalite identification ‘

| Pathway/network mapping ‘

Metabolite
identification
is the bottleneck
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Uncertainty in matching
metabolites - features

Search of m/z 190.1065 in HMDB with accurate matching

| Adduct NW (D2) MIN Difference (Da) B - A o
[Matching HMDB MW] | [QueryMass - Adduct | M4+KI*+
91 [172073563]

213.0747
N-acetylleucine

cis-4-Octenediicacid B8EE4
Ganma-Butyrolacione AHEC2 100107301 B6C35781]  B8EE4 R M1+ [M+HTY
3Menyicronnygysine CTHIINGS 100107301 [:57073898]  B8EE4 IsouelyRaitosine
Lactaldeh C3H602 88564 — L-arginine  [M]* e [M+H]*
Hycroyacsine caH602 190107301 paCaTEY]  BSE4 |
Oclan3cne caneaz 100107301 B6C35781]  B85E4 [M(C13)+H]* 1741116 |
20cenedocait can1208 100107301 [:72073563]  B8EE4 - £
Prosionic acid CaHEC2 100107301 (4035781 BBEE4 L ) [M+2Na)2*
Mevalonic acid CoH1204 190107391 [148073563]  B8EE4 761216
(R)23Dihydrory-3-methylvalerats  C5H1204 190.107301 [:48073563]  B85E-4 [M+2H+Na]3+
D Lactaidenyce caneaz 100107301 4035781 BEEE4
& L 2 Monoacylglycerol
Tlighcire CTHIINDS 190107301 [157073898]  B85E4
But:2-gnoic acid C4HEC2 100.107391 [86.035781] B8EE4 Leu Pro Arg
trans-3-Ccenediicacis CoHIZ04 190107391 [172073563]  BBEE4 Latt
SHytoypopanal caneaz 100107301 14035781 B8EE4
Dazen caneaz 100107301 B6C35781]  B8EE4 2MHHE [L4]
Pyrogluaic acd csHINO 100107925[:20042587] 0001419 NssIPrOp#H 14
N-Acryioyiglycine CHHINO3 100.107925[:20042587] 0001429 MHSIPIOp#H [14]
1Pymoine £ hydiory 2 carboryate  CSHTNGS 100107925[:20042587] 0001419 MsIPrOp#H 1]
Pyroline hyarowycartogic acd CsHINOS 100.07925[:20042587] 0001429 NHSIPIOp#H 1]
Pyrolidonecabovyic acit csHINOS 100.107925[:29.042587] MsIPrOp#H 14
Pertosdnz CITHZSNECA 100108047 [378201538] 0001541 M2H 24]
Kyoterphin CISHZINEC 190108063337 175018] 0001556 MHACH-2H[24]
18-Hydroxycotisol 211300 190100406 [578206254] 0002399 M2 24]
Emopamil cx 100100565334 240906]  00C3159 Mi2Na -]
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Feature table &

Class comparison

Metabolite identification
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f . \ "5 biological
metabolites \ activity
\ , ’l 7

Known Metabolic reactions form
a big network

"And that's why we need a computer.”
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What’s common between
Fish and metabolites?
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They swim in groups

Photo by Joanna Penn. Slide inspired by Dr. Steve Barnes.

Mummichog tests
metabolite grouping patterns
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A Conventional approach
Processed samples
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Li et al. 2013. PLoS Computational Biology. 9:e10031323




Module analysis in mummichog

For a subgraph G, activity score

Input feature

isN

i+

k
metabolic network, E¢ the total number of edges in G, N} the number of
input compounds.

Connect neighbors
within i step metabolic network
clean up
subgraphs Activity scores ?

list (m/z) A=0-5= 1
where N¢ is the number of compounds in G, Ny the number of input
fuzzy match compounds in G, ) the adjusted Newman-Girvan modularity:
> N /N,  Ec L . .
List of tentative Q= Vs (o= > o ijeG (2)
Py i
metabolites g

: the network degree of compound 7, m the total number of edges in the

Li et al. 2013. PLoS Computational Biology. 9:e10031323

Pathway analysis in mummichog
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Li et al. 2013. PLoS Computational Biology. 9:e10031323
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Testing module/pathway
significance in mummichog

Distribution of
permutated data
(null distribution)

Distribution of real
data from user’s
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; ‘\\ biological
metabolites activity

Case study: viral activation of
immune cells

Monocyte derived dendritic cells (moDC)
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technical replicates, 10,000 features

QA: total ion counts are similar among samples
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Mummichog: viral activation of
immune cells
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Li et al. 2013. PLoS Computational Biology. 9:e10031323

Experimental validation of
mummichog prediction
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Gene expression supported

Tandem mass spectrometry GSH/GSSG depletion and
confirmed 9/11 metabolites Arg/Cit conversion

Li et al. 2013. PLoS Computational Biology. 9:e10031323

11/15/2018

12



Arginine as master regulator of
viral response
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Ravindran et al. 2014. Science 343:313 knockdown led to increased replication
of HSV-1.
intracellular citrulline Grady, Purdy, Rabinowitz & Shenk.

intracellular arginine

2013. PNAS 110:E5006.

mock  YF  dengue LPS " mock  YF  dengue

Li et al. 2013. PLoS Computational Biology. 9:e10031323
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mummichog.org

Mummichog pathway and network analysis for metabolomics

Notebooks  Version 1.0.9 ( mummichog-server

Home  Software  Publici

ics. It leverages the organization of metabolic

Mummichog is a free Python program for analyzing data from high throughpul watarge 2
boite Thus, can be quickly

networKs 1o predict functional activity directly from feature tabies, bypassing met
generated from a LC-MS data table.

Download and use mummichog. Now via Example publications that were Jupyter notebooks for data analysis in
standard Python package index. supported by using mummichog metaboiomics and systems biology
S independent instal (version 1) Li et al. (2017) Metabolic Phenotypes of Jupyter notebooks are to data people like
pip install munmichogl Response to Vaccination in Humans. Calf Iab notebooks to bench scientists. They
168(5): pas2-877 keep code and result in th web
Or mummichog 2 (beta test): ¥ mapicoce an e eams
— k. o Fiems browser. It's increasinigy popuiar for data
1p install mummicho
pip 9 i o o0y analysis and coliaboration. We continue

guided by XGMS Online metabolomics.”
Run it in command line:

_ Nature methods 14.5 (2017); 461.
mummichog ~f myData -o myResult record keeping.
Xu et al. "Autophagy is essential for More to click *Notebooks”.
effector CD8+ T cell survival and memory
iogy 15.12

posting notebooks as tutorials and for

Mora 1o click “Software,

News

 Web version is now testing at here.

Mummichog 2 is now on GitHub.

Mummichog 1 with a web interface is now available on MetaboAnalyst 4

+ Acommn error, *AttributeError: ‘NodeView' object has no atiribute ‘sort™, is caused by Networtoc 2.x, which is not backward compatible. This can

be fixed by installing Networkx 1.x via pip in your terminal, *sudo pip install networkx==1.10"

Mummichog 2 test version is available at Pypi.

Mummichog version 1.0.10 is available at Pypl.

Mummichog helped decipher metabolic phenotypes in human vaccination - Li et al. (2017) at Cell 169(5): pB62-877. Also see commentary
‘Orthogonal Data Integration to Define Immunometabolic-Phenotypes® at Geil Systems.

« Emory University Sys/Bio/Info Group runs a monthly meeting on Systems Biology and Bioinformatics. These are casual seminars and discussions,

on every first Wednesday of the menth, 12 pm, Whitehead Biomedical Research Building, Rm 200. Email Dr. Shuzhao Li to join the mailing list.

Copyright ©2016-2018
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Version 2
U http://mummichog.org
O New data structures, using “Empirical compound” as intermediate
concept
U Adducts and isotopes are computed based on chemical formula, and
grouped by similar retention time
O Redesigned data structure, better user data tracking and web-oriented

Future development

Q
a

Separation of mummichog algorithms from metabolic models

The metabolic models are hosted in a new database, and update
independently from the software

Adding compatibility with upstream data processing

Incorporating research in metabolic network reconstruction, especially
using high-resolution mass spectrometry data

Incorporating network alignment methods for data integration

Streamline applications to precision medicine

Outline

» Applications of mummichog to

population studies and mechanistic
investigations

11/15/2018
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The “N” in systems medicine

Systems
immunology

' . Personalized
Epidemiology medicine
GWAS

MWAS

N = 1,000 100 10 1

MWAS + mummichog
(NAFLD)

Pathway
Pathway Overlap size | size _|Mo

Vitamin E metabolism 9 32 0.00095

Drug metabolism - cytochrome P450 8 34 0.00196

Tyrosine metabolism 15 79 0.00202

= Vitamin B2 (riboflavin) metabolism 3 6 0.00229

== = = g Purine metabolism 10 51 0.00332

X

e T Ascorbate (Vitamin C) and Aldarate
i III||||||||||||||I Mitabolim ‘ 16 | ooorns
Hepatic Fat ' Vitamin B9 (folate) metabolism 4 18 0.01307
(%)
—
PR

"
- Glutamate metabolism 3 12 0.01834
: Methionine and cysteine metabolism 7 2 0.02026
=
RowZ:score Alanine and Aspartate Metabolism 4 20 0.02159
Biopterin metabolism 3 13 0.02493
Di-unsaturated fatty acid beta-oxidation 3 13 0.02493
Jin, Banton, et al., 2016. Histidine metabolism 4 2 0.03449

Amino Acid Metabolism is Altered in Adolescents Clyeine, s, atmine and treonine
with Nonalcoholic Fatty Liver Disease - An metabolism

Untargeted, High Resolution Metabolomics Study. Valine, leucine and isoleucine degradation | 7 46 0.03894
The Journal of pediatrics 172: 14

8 53 0.03499

11/15/2018
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High performance metabolomics

Internal dose Bioeffect
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Figure Courtesy: Doug Walker
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IntJ Epidemiol. 45 (5): 1517-1527
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mTOR regulates metabolic adaptation of APCs
in the lung microenvironment

Lung AM

Lung CD103*

Spleen CD8a"

C CD103" - 1026 metabolites

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Sinclair et al (2017), Science.357:1014.

Outline

* Integration of metabolomics with other

data types

11/15/2018
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Multi-omics integration

O Knowledge driven
* Proteins and genes can be linked to metabolites via enzymatic
reactions
* Multiple data types can be overlaid to same pathways, given
prior pathway definition
* Prior knowledge can be coded into network statistics and
topology
*  MWAS still in early days
U Data driven
e Statistical association via CCA, PLS, etc
* Evidence propagation in various forms
* Machine learning and artificial intelligence

XCMS Online overlaps
multiomics data to the same pathways

nature

Techniques for life scientists and chemists
Home | Curentissue | Comment | Research | Archive ¥ | Authors & referees ¥ | About the joumal ¥

home » current issue » correspondence » abstract

ARTICLE PREVIEW
view full access options »

NATURE METHODS | CORRESPONDENCE < =

Systems biology guided by XCMS Online _
metabolomics Moomatoms o O ey e

Votaan 0

Tao Huan, Erica M Forsberg, Duane Rinehart, Caroline H Joh
Benton, Mingliang Fang, Aries Aisporna, Brian Hilmers, Farr| ¢
Michael W W Adams, Gregory Krantz, Matthew W Fields, Pa
Niedernhofer, Trey Ideker, Erica L Majumder, Judy D Wall, Ni
Goodacre, Luke L Lairson & Gary Siuzdak

Affiliations | Corresponding author

Nature Methods 14, 461-462 (2017) | doi:10.1038/nmeth.426/
Published online 27 April 2017
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MMRN integrating multiple data types

Shingles Multiscale, Multifactorial
i &=
vaccine /\ Response Network ) LE’
T cell,
blood transcriptomics B cell,
X antibody
Sterol
metabolism responses
plasma metabolomics 0ot O . osohate

Li et al., Metabolic Phenotypes of Response to Vaccination in Humans,

Cell (2017), 169 (5), 862-877

MMRN example
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signaling

Suppression of

Metabolite network SN.3, Day 3/0

TCAcycle E—
Methionine cysteine metabolism I
Ascorbate Aldarate Metabolism — IEE——
Purine metabolism  n——ms ;
Tyrosine metabolism  E— v ~—~— /
Aminosugars metabolism  —
Galactose metabolism  —mm
Xenobiotics metabolism  p—m
Pyrimidine metabolism
Phosphatidylinositol phosphate  ps
Glycolysis and Gluconeogenesis
Tryptophan metabolism g

\
TLR and inflammatory

MAPK signaling  Glycerophospholipjd
O metabolism |

3
H
1
o

-1

-2

\
1
1
1
1
T
1

Gene network TN7.86, Day 7/0

mmmmmmm respiratory electron transport
mmmm  CD4 T cell signature
s transcription elongation

mmmmm nucleotide metabolism
mmmm T cell surface, activation
mmmm enriched in B cells (IV)
mmmm  BCR signaling

|

|

¥ . inositol phosphate metabolism
phosphatidylinositol  signaling
L B purine nuclectide biosynthesis

Lietal., Cell (2017), 169 (5), 862-877
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Immuno-phenotype
by Inositol phosphate metabolism

I
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]
PSPH outliers
7
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6 1 M156.1 IGHG1
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2 Age Day 7/0 o144
23 | mi56.1 | M.
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T
1 |
0

0 200 400 600 800 1000
Network features Lietal., Cell (2017), 169 (5), 862-877

Summary

Advancing of mass spectrometry enables deep sequencing of
metabolome and exposome; filling gap for G x E

Mummichog rewrites the workflow of high-throughput
metabolomics, bridging genome-scale metabolic models and
untargeted metabolomics.

http://mummichog.org.

MWAS + mummichog is a powerful approach to understand health
and disease

Combining multiple omics is critical to small “N”, human studies.
Their integration can be driven by data mining or by knowledge
models.
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Old workflow New workflow

Mummichog

Metabolite pathway/network
ificati analysis

Omics integration

Metabolite
Pathway identificati
. identitication
mapping
MS/MS
Thank you!
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Untargeted metabolomics data

feature —

miz
702.86649413
715.4970731384.
715.6080685464
722.705208561
730.7388623899
732.7358893181
734.7314651732
740.7679844539
7427651707472
750.7969865893
752.793714331
760.8266370588
102.0663370112
112.3625162102
121.072097577
136.0486704167

Retention time
70.4811138781
56.55139775

57.1626518527

89.0473678869
66.5585431864
B7.4809438574
B7.5681700041
67.3189767434
68.7380703739
95.4437104918
324.2816800135
88.0362910071
74.5368317344

Sample_1
56905.11 0213
83341.1725499997
93484.5395499998
55396.5458522493
60206.9068679558
95115.557321815
18862.86035
104536.742757076
103257.45203488
117046.427960669
60630.5403168073
41461.8047407238
19665.4401722973
151985.843922003
38408.6990506757
55806.64625

intensity
Sample_2 Sample_3
78201.4457063353 24695.6510487344
1085.6171033898 0

0

57091.7796614066
62566.9945317202
121927.272992316
18500.1329562712
143943.802149299
134695.193645035
107939.940383836
63435.6029427167
54465,

0
110944.335033457
88473.0389390921
125077.730263205
35179.9382
91120.9347911557
104576.322126369
73107.5173642583
34751.816765529

101522.479348442
17555.644
81408.9040789102
14052.7744

28357.204406454
102707.039800486
57954.9573157841
96405.1045547668
o
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