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

Photo by Joanna Penn.

• Metabolomics pathway analysis and 
mummichog

• Applications of mummichog to 
population studies and mechanistic 
investigations

• Integration of metabolomics with other 
data types

Outline
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A metabolic model consists of metabolites, 
enzymes, reactions, pathways

Reactions can be described by differential 
equations (mathematical models)

We focus on statistical models

Pathways and networks are mathematically 
indistinguishable

Metabolic model

Metabolic model:
genome-scale
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Metabolic models:
where they come 

from

Pathway analysis for targeted 
and untargeted data

Targeted 

Untargeted
(mummichog 1) 
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Pathway enrichment test
If metabolites are known; red are significant metabolites

Metabolite 
identification 
is the bottleneck
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Search of m/z 190.1065 in HMDB with accurate matching

Uncertainty in matching 
metabolites - features

Conventional approach
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Known Metabolic reactions form 
a big network
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What’s common between 
Fish and metabolites?

They swim in groups

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

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

Mummichog tests 
metabolite grouping patterns



11/15/2018

9

Input feature
list (m/z)

List of tentative
metabolites

Connect neighbors
within i step

subgraphs Activity scores (Ȃ)

i ≤ N

i ++

fuzzy match

clean up

metabolic network

Module analysis in mummichog

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

Pathway analysis in mummichog

Li et al. 2013. PLoS Computational Biology. 9:e10031323
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Distribution of 
permutated data
(null distribution)

Distribution of real 
data from user’s 
significant m/z list

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

QA: total ion counts are similar among samples

Monocyte derived dendritic cells (moDC)

+ YF-17D

+ mock
6 hrs
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Li et al. 2013. PLoS Computational Biology. 9:e10031323

Mummichog: viral activation of 
immune cells

Tandem mass spectrometry 
confirmed 9/11 metabolites

Gene expression supported 
GSH/GSSG depletion and 
Arg/Cit conversion

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

Experimental validation of 
mummichog prediction
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Li et al. 2013. PLoS Computational Biology. 9:e10031323

Argininosuccinate synthetase 1 
knockdown led to increased replication 
of HSV-1. 
Grady, Purdy, Rabinowitz & Shenk. 
2013. PNAS 110:E5006.

Ravindran et al. 2014. Science 343:313 

Arginine as master regulator of 
viral response

mummichog.org
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Version 2

 http://mummichog.org

 New data structures, using “Empirical compound” as intermediate 
concept 

 Adducts and isotopes are computed based on chemical formula, and 
grouped by similar retention time

 Redesigned data structure, better user data tracking and web‐oriented 

 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

Future development

• Metabolomics pathway analysis and 
mummichog

• Applications of mummichog to 
population studies and mechanistic 
investigations

• Integration of metabolomics with other 
data types

Outline
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The “N” in systems medicine

GWAS
MWAS

Personalized
medicine

Epidemiology

10100 11,000N =

Deep 
phenotyping

Systems
immunology

MWAS + mummichog
(NAFLD)

Pathway Overlap_size
Pathway
_size Model p-value

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

Purine metabolism 10 51 0.00332

Ascorbate (Vitamin C) and Aldarate 
Metabolism

4 16 0.00773

Vitamin B9 (folate) metabolism 4 18 0.01307

Glutamate metabolism 3 12 0.01834

Methionine and cysteine metabolism 7 42 0.02026

Alanine and Aspartate Metabolism 4 20 0.02159

Biopterin metabolism 3 13 0.02493

Di-unsaturated fatty acid beta-oxidation 3 13 0.02493

Histidine metabolism 4 22 0.03449

Glycine, serine, alanine and threonine 
metabolism

8 53 0.03499

Valine, leucine and isoleucine degradation 7 46 0.03894

Jin, Banton, et al., 2016. 
Amino Acid Metabolism is Altered in Adolescents 
with Nonalcoholic Fatty Liver Disease ‐ An 
Untargeted, High Resolution Metabolomics Study. 
The Journal of pediatrics 172: 14
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Exposure 

Monitoring, trace 
analysis, geography 

Internal dose Bioeffect 

High performance metabolomics 

Figure Courtesy: Doug Walker

G ×M × EG × E

MWAS of occupational exposure 
to trichloroethylene

Walker DI. et al (2016), High-resolution 
metabolomics of occupational 
exposure to trichloroethylene.
Int J Epidemiol. 45 (5): 1517-1527
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mTOR regulates metabolic adaptation of APCs 
in the lung microenvironment

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

• Metabolomics pathway analysis and 
mummichog

• Applications of mummichog to 
population studies and mechanistic 
investigations

• Integration of metabolomics with other 
data types

Outline
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 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

 Data driven
• Statistical association via CCA, PLS, etc
• Evidence propagation in various forms
• Machine learning and artificial intelligence 

Multi-omics integration

XCMS Online overlaps 
multiomics data to the same pathways
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Li et al., Metabolic Phenotypes of Response to Vaccination in Humans, 
Cell (2017), 169 (5), 862-877

MMRN integrating multiple data types

MMRN example

Li et al., Cell (2017), 169 (5), 862-877
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Li et al., Cell (2017), 169 (5), 862-877

 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.

Summary
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New workflowOld workflow

Metabolite 
identification

MS/MS

Metabolite 
identification

MS/MS

Mummichog
pathway/network

analysis

Pathway
mapping

Omics integration
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intensity

feature

Untargeted metabolomics data


