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* Metabolomics pathway analysis
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» Applications of mummichog to
population studies and mechanistic
investigations

* Integration of metabolomics with
other data types
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Pathway enrichment test

If metabolites are known; red are significant metabolites
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Untargeted metabolomics data
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| Processed samples |

LC/MS spectra |

4{

Feature table I

Class comparison ‘

—{ Metabolite identification ‘

| Pathway/network mapping ‘

Metabolite
identification
is the bottlenec
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. \ biological
metabolites \ activity

Genome-scale Metabolic
model

"And that's why we need a computer.”
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Mummichog bridging
metabolic models
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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 isg )
list (m/z) o
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 : _ ki Kk a (2)
List of tentative 2oy o BIECd 2
metabolites "
k; the network degree of compound 4, m the total number of edges in the
metabolic network, E¢ the total number of edges in G, N; the number of
. input compounds.
isN

Connect neighbors .
within i step metabolic network
i+
clean up
subgraphs

Li et al. 2013. PLoS Computational Biology. 9:¢10031323
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Pathway analysis in
mummichog
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Li et al. 2013. PLoS Computational Biology. 9:e10031323

Testing module/pathway
significance in mummichog
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Case study: viral activation of
immune cells

Monocyte derived dendritic cells (moDC)
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Mummichog: viral activation
of immune cells
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Li et al. 2013. PLoS Computational Biology. 9:e10031323
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Experimental validation of
mummichog prediction
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Li et al. 2013. PLoS Computational Biology. 9:e10031323

Arginine as master regulator
of viral response
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Mummichog demo

@somits’s MacBook Pro:~/play/mummichog-1.0.7/test$ python ../mummichog/main
.py -f testdata.txt —o demo

00 000000000
000 00000 00000 000 0000
000 0 00000 000000 00000
0000 000000 0000 00000
Ocoo o 000000 0000 00000000

00000 0000
°

nmummichog version 1.0.7

Pygraphviz is not found. Skipping...
Started @ Mon Jul 11 17:37:04 2016

Loading metabolic network MFN_1.10.2...

cpds with MW: 2016

Using 394 features (p < 0.001000) as significant list
Got 394 significant features from 3878 references

Pathway Analysis...
query_set_size = 184 compounds
total_feature_num = 973 compounds
Resampling, 100 permutations to estimate background ..
1234567891011 1213 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 3
© 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56
57 58 50 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83
84 85 86 87 83 89 90 91 92 93 94 95 96 97 98 99 100
Pathway background is estimated on 11900 random pathway values

Modular Analysis, using 100 permutations ..
1234567891011 1213 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 3

mummichog.org

Mummichog version 2

Q http://mummichog.org

U 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

U Better tracking of user input data

U Future: Modular web utilities;
Updating metabolic models
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Outline

* Applications of mummichog to
population studies and mechanistic
investigations

The “N” in systems medicine

Systems
immunology

Personalized

Epidemiology medicine
GWAS
MWAS
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MWAS + mummichog
(NAFLD)

Pathway
Pathway Overlap size | size [Model p-value
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Figure Courtesy: Doug Walker
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Hog(pvalue)

MWAS of occupational exposure
to trichloroethylene
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mTOR regulates metabolic adaptation of
APCs in the lung microenvironment
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Sinclair et al (2017), Science. In press.
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Outline

* Integration of metabolomics with
other data types

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
QO Data driven
» Statistical association via CCA, PLS, etc
* Evidence propagation in various forms
* Machine learning and artificial intelligence

14
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XCMS Online overlaps
multiomics data to the same pathways

nature,

Techniques for life scientists and chemists
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MMRN integrating multiple data types

Shingies Multiscale, Multifactorial B
vaccinge Response Network %V,
N /\ . N LL’*
J A ) T cell,
blood transcriptomics R B cell,
7 \ L - %ﬁfi antibody
Nk Stefol _— responses
TN/ metabolism

AW ) "~ ' Inositol phosphate
plasma metabolomics &o?o c&O matabblism

W

. /

plasma cytokines 0% |o°e

cell populations

Li et al., Metabolic Phenotypes of Response to Vaccination in Humans,
Cell (2017), 169 (5), 862-877
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MMRN example
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Li etal., Cell (2017), 169 (5), 862-877
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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.

Pathway
mapping

Old workflow New workflow

Mummichog
pathway/network
analysis

Metabolite
identification
MS/MS

Omics integration

Metabolite
@ identification Q

MS/MS
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