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Pathway enrichment test

If metabolites are known; red are significant metabolites
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Untargeted metabolomics data

intensity
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miz RehnllAne Sample_1 Sample_2 Sample_3
feature —p 702.86649413 70.4811138781 56905.11846£0213 78201.4457063353 24695.6510487344

715.4970731384 56.55139775 83341.1725499997 1085.6171033898 0

715.6080685464 57.1626518527 93484.5395499998 0 0

722.705208561 65.2698532639 55396.5458522493 57091.7796614066 110944.335033457

730.7388823899 66.8110957481 60206.9068679558 62566.9945317202 88473.0389390921

732.7358893181 67.2539834098 95115.557321815 121927.272992316 125077.730263205

734.7314651732 69.0473678869 18862.86035 18500.1329562712 35179.9382

740.7679844539 66.5585431864 104536.742757076 143943.802149299 91120.9347911557

7427651707472 67.4809438574 103257.45203488 134695.193645035 104576.322126369

750.7969865893 67.5681700041 117046.427960669 107939.940388836 73107.5173642583

752.793714331 67.3189767434 60630.5403168073 63435.6029427167 34751.816765529

760.8266370588 68.7380703739 41461.8047407238 54465.. 28357.294406484

102.0663370112 95.4437104918 19665.4401722973 101522.479348442 102707.039800486

112.3625162102 324.2816800135 151985.843922093 17555.644 57954.9573157841

121.072097577 88.0562910071 38408.6990506757 81408.9040789102 96405.1045547668

136.0486704167 74.5368317344 55806.64625 14052.7744 0
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Uncertainty in matching
metabolites - features

p

Search of m/iz 190.1065 in HMDB with accurate matching

213.0747
N-acetylleucine
€
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s Octenedioic acid CBH1204 190107301 (172073563] 88564

Ganma Sutyolacne care02 0T BoroE 6654 17812831 (m+r]+ [M+HIY

3 Methylcroonylgycine CTHIINGS 100107301 [157073898]  B85E4 \ Isovalerylsarcogine
Lactaldehyde C3H602 190.107391 [74.036781] B85E4 -arginine | [M]* [M+H]*
Hydroryacetone C3HB02 190107391 14036781]  B85E4

Orolan-3-one C4HE02 190107391 [B6.036781]  B5E4 [M(C13)+H]* > 1741116

2Ockenedioicacid CBH1204 190107391 [172073563] 88564

Propionic acid C3H602 190107391 [74036781)  B85E4. [M+2Na)2*
Mevalonic acid CBH1204 190107301 (148073563]  B85E4 2761216

(R)23-Dihydroxy-3-methylvalerate  C6H1204 190107391 [148.073563]  B.85E4. [M+2H+Na]3+ Y
D-Lactaidenyde C3HB02 190107301 14036781]  B8SE4 PN Mohoacylglycerol
Tighgiycine CTHLINOZ 190107391 [157073698] 88564
But2-endicacid CaHE02 190107391 [86.036781] 88564 Leu Pro Arg
trans-3-Octenedic acid CBHI204 190107391 [172073563] 88564 Ly
3 Hyoroypropanal C3He02 190107301 [14036781]  B85E4
Daceyl CiHB02 190107301 [86.036781]  B8SE4 WA [14]
Pyrogluamic acid C5HING3 190107925 (120.042587] 0001419 MiS0PrOp#H [14]
NeAcryoyiglcine CSHNG3 190.107925[120042587] 0001419 MHSOPIOp#H [14]
1-Pymoine-4-hydrory-2-carboryiate  CSHTNG3 190107925[120042587] 0001419 MiS0PrOp#H [14]
Pyroine hydrorycarboxylicacd  CSHTNG3 190.107925[120042587] 0001419 MHSOPIOp#H [14]
Pyroidonecarboxyicacid CSHING3 190107925[120042587] 0001419 MS0PrOp#H [14]
Pentosidne C1TH26NGO4 190108047 [578201538] 0001541 Mi2H 4]
Kyotorphin C15H23NS04 190108063 [337.175018] 0001556 MHACN+2H 24]
18 Hytroxycortsol C21H3006 190100406 [37820425¢] 0002899 Mi2H 4]
Emopanil C23HA0N2 190100665 [33.260906] 0003150 Mi2Na[24]
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Geenome-scale Metabolic
model

"And that's why we need a computer.”

Mummichog bridging
metabolic models

B )
:, Conventional approach
Processed samples
o0 00000
LN X
LCMS

EH ﬁ

mummichog

Pathway/network mapping

Li et al. 2013. PLoS Computational Biology. 9:€10031323




Module analysis in mummichog

For a subgraph G, activity score

Input feature i
’ list (m/z) A=@-

where Ng is the number of compounds in &, Nj¢ the number of imput

fuzzy match compounds in G, ) the adjusted Newman-Girvan modularity:
- . ki ky o @
List of tentative ao) o BIEG 2
§ i
metabolites 7

k; the network degree of compound 7, m the total number of edges in the
metabolic network, E¢; the total number of edges in G, N; the number of
mput compounds.

isN

Connect neighbors .
within i step metabolic network

o
+

clean up
subgraphs Ac scores (A

Li et al. 2013. PLoS Computational Biology. 9:€10031323

Pathway analysis in
mummichog
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P = (3)()/(Go) = 0.01

Li et al. 2013. PLoS Computational Biology. 9:€10031323
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Testing module/pathway
significance in mummichog

Distribution of
permutated data

(null distribution)
Module activities’{Newman)

Distribution of real
data from user’s

// significant m/z list
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5 ll' ‘\\ | biological
metabolites activity
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[ ‘\\ % biological
metabolites activity

Case study: viral activation of
immune cells

Monocyte derived dendritic cells (moDC)
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Mummichog: viral activation
of immune cells

Li et al. 2013. PLoS Computational Biology. 9:€10031323

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

eeeeeeeeeee

eeeeeeeeeeeeeeeee

Li et al. 2013. PLoS Computational Biology. 9:¢10031323
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Arginine as master regulator
of viral response
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Citrulline levels

Ravindran et al. 2014. Science 343:313

intracellular citrulline

intracellular arginine

Argininosuccinate synthetase 1
knockdown led to increased
replication of HSV-1.

Grady, Purdy, Rabinowitz & Shenk.
2013. PNAS 110:E5006.

2 4
> 22 27
& B 20|
2 0 € B |
$ g
€ € .l
£ ~
Q 14- 8
T n | l
10 . . - ) wl . -
mock  YF  dengue  LPS mock  YF  dengue LPS

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

Mummichog demo

10@Somits’s MacBook Proi~/play/mummichog-1.0.7/test$ python ../mummichog/main

.py -f testdata.txt -o demo

00 000000000
000 00000 o0oo00 000 0000
000 0 00000 000000 00000
0000 000000 0000 00000
0oo0 o 000000 0000 00000000
00000 0000 T

mummichog 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 12 13 14 15 16 17 18 19 20 21 22
© 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 4'
57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75
84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99 100
Pathway background is estimated on 11900 random pathway vi

Modular Analysis, using 100 permutations ...
1234567891011 1213 14 15 16 17 18 19 20 21 22

mummichog.org

mummichogorg 2 o

Mummichog

Major updates since version 1.0.3

Install
Input format
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A few more examples

O Snyderome re-visited

0 MWAS of NAFLD

4 PCB Exposure

O Cross-generation cancer risk
U Memory T cells

O VZV systems immunology

Snyderome: personal omics
(2012)

Personal Omics Profiling
Reveals Dynamic Molecular
and Medical Phenotypes

Rui Chen, 11 George . Mias, 1 Jenni Pook-Than, 1" Lihua Jiang,"!" Hugo YK

Elana Miiamiy Konvad J. Karczewski? Manoj Hariharan,! Frederick E. Dewey,  Yon

Hogune Im,! Lukas Suganthi ve O'

Sars Hilenmeyer, Raini Harsksingh, Donsld Sharon,! P rehen,Phil Lacrout]

Maya Kasowski,/ Grubert, Scott Se 2 Marco, Garcin ¢ Michells Whir-Carill
¢ Peter L. Greenberg,* Phyllis Snyder,' Teri E. Kei s B. Altman,

Mark Gerstein 678 Kari G. Nadeau? Hua Tang,! and Michael Snydert*

"Department of Genetics, Stanford University School of Medwcms

“Division of Systems Med Aler Pediatics

“Gonter ot nherta CarcioscularDisoas, Disionof Carciovasclar Medicne

“Division of Hematology, Department of Medicine

“Department of Bioengineering

Stanford University, Stanford, CA 94305, USA

“Program in Computational Biology and Bioinformaic]

“Department of Molecular Biophysics and BiochenisH

“Department of Computer Science

Yale University, New Haven, CT 06520, USA

“Telomeres and Telomerase Group, Molecular Oncolo

TLife Length, Madrid E-28003, Spain

TTThese authors contributed equally to this work
T2Present address: Personalis, Palo Alto, CA 94301,
*Correspondence: mpsnyder@stanford.edu

DOI 10.1016/jcell.2012.02.009
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Mummichog interpretation of
Snyder metabolome

12(13)-EpOME

(62,92,122)-Octadecatrienoic acid Stearidonic acid

Linoleate

9(10)-EpOME

(92,122,152)-Octadecatrienoic acid

Pathways overlap_size pathway size p-value (raw) p-value
Linoleate metabolism 8 10 3e-05 0.00635
Glycerophospholipid metabolism 7 19 0.04285 0.01085
Porphyrin metabolism 5 16 0.15234 0.03058

Mummichog interpretation of
Snyder metabolome

Enrichment plot: KEGG_GLYCEROLIPID_METABOLISM Enrichment plot: Enrichment plot:
s KEGG_ALPHA_LINOLENIC_ACID_METABOLISM KEGG_ARACHIDONIC_ACID_METABOLISM
Bos f’ _ow
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3 2m s gl snsiied 3 a0 g el e 3 20 g gl i
Rankin Ordered Dataset Rarkin Ordered Dataset Rank n Ordered Datasst
[ Ranking mete scorss| [ Envhmentprois —rits —— Ronkng mete scores] Enenmentpofls —Hits —— Ranting meti scarss
Pathways overlap_size pathway size p-value (raw) p-value
Linoleate metabolism 8 10 3e-05 0.00635
Glycerophospholipid metabolism 7 19 0.04285 0.01085
Porphyrin metabolism 5 16 0.15234 0.03058
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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 |Model pvalue
Vitamin E metabolism 9 32 0.00095
Drug metabolism - cytochrome P450 8 34 0.0019
Tyrosine metabolism 15 79 0.00202
Vitamin B2 (boflavin) metabolism 3 6 0.00229
Purine metabolism 10 51 0.00332
e [

Ascorbate (Vitamin C) and Aldarate B 16 000773

Metabolism
Hepatic Fat " Vitamin B9 (folate) metabolism 4 18 0.01307

(%) 15
0 Glutamate metabolism 3 12 0.01834
s
" — Methionine and cysteine metabolism 7 42 0.02026
2o 24

RowZ:score Alanine and Aspartate Metabolism 4 20 002159
Biopterin metabolism 3 13 0.02493
Diunsaturated fatty acid beta-oxidation 3 13 0.02493
Histidine metabolism 4 2 0.03449
Glycine, serine, alanine and threonine s 5 003499

metabolism
Valine, leucine and isoleucine degradation | 7 46 0.03894

Jin, Banton, et al., 2016. The Journal of pediatrics 172: 14

7/11/16
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MWAS of Polychlorinated
biophenyl

Unpublished data removed

CHDS:exposure andrisk of
breastcancer

Generation 1
Genetics + Exposure

Generation 2
risk of breast cancer

Adapted from Perera F, Herbstman J, Reproductive Toxicology PMID: 21256208; Courtesy Barbara Cohn

7/11/16
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Maternalmetabolome associated
with daughters’ breast cancer (I)

Maternalmetabolome associated
with daughters’ breast cancer (II)

7/11/16
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GXE — GxMXE

analysis, geography

Monitoring, trace / High performance metabolomics

Exposure Internal dose Bioeffect

6-Thioinosine 5-monophosphate
Adenine

Xanthine one @uracil

ump,
® '
Deoxyadenosine

Deoxycytidine

Deoxyguanosine

Adenosine

[ ]
Uridine

00 0.02 0.04
Fold Change

\4

Figure Courtesy: Doug Walker

Multi-omics integration

MWAS
Protein Metabolite Phenotype

Genome & Transcriptome & Proteome & Metabolome & Phenome &

Epigenome Exome Interactome Fluxome Exposome
polymorphisms: genome-wide MS-based proteomics NMR- and MS: o disease phenotype
microsatellites, single expression profiling protein arrays met: treatment
nucleotide microarrays phosphorylation state family history
polymorphisms RNAseq assays risk factors
(SNPs), copy number exome protein-protein environmental exposure
variation (CNV) spliceosome interactions (PPI)
whole genome protein-small molecule
sequencing interactions

DNA methylation

eQTL
pQTL
mQTL - mMGWAS
QTL & GWAS

Dumas, 2012. Mol. BioSyst. 8:2494

15



nature
immunology

Autophagy is essential for effector CD8* T cell
survival and memory formation

Xiaojin Xu"%, Koichi Arakil:?, Shuzhao Li?, Jin-Hwan Han, Lilin Ye!, Wendy G Tan', Bogumila T Konieczny',
Monique W Bruinsma?, Jennifer Martinez?, Erika L Pearce?, Douglas R Green?, Dean P Jones?,
Herbert W Virgin® & Rafi Ahmed!
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Eginore

metabolomics transcriptomics

Enzymes associated with
significant metabolites

36182111 35192711
27.18,31.14,278-321.18,
2782,2785,2788, 11994,
1.1.99.5,2.7.1.74,2.7.7.14,36.1.29,
36.1.19,36.1.17, 27.1.138,
24.147,6.35.1, 6353 6.35.2,
6.2.1.3,1.1.1.102,4.1.3.

1.14.1.

3,
3.30,3.2.2. ,251‘\8
5.1.23,1.13.11.11,26.1

27.159, 4. 3,2.4.99.8, 24999.
1.3.36,3.1.3.10, 3.2.1.46, 3.2.1.45,
3A4221122126341

2781, 27120171724222
231.24,27811,27. 3543,
3.14.2,35486, 276‘\ 2 1.15,

31412, 31417 241117 1231
3544,143.

6’1'12.42117 3222 3122
3226,3225,35996,3228,
11183713 1131134

Gpdtl, Kdsr, Ado Acoxt, Gprz T, Algs,
Alg13; Hprt, Nampt, Gstad, Gtk 1, Gstm
Gstmd, Gsto1, Gstp1, Gstp2, Gst2, Hpgds
Gpt1, Adk, Nagk, Dck, Sphk1, Sphk2, Prps1,
Pps3, Cept1, Eptt, Ceptl, Cdipl,Pib, Aot
Lpin1, Lpin2, Pdeb, Pde2a, Pde3b, Pdeda,
Pdedd, Pde7a, Pde8a, Pde5a, Arsa, Gba2,

> Ga\c Bst1, Cd38, Asah1, Asah2, Ada, Ampd1
Ampd:

2, Ampd3, Cantl, Enppf, ltpa, EnppA
Aldoa, Aldoc, Sgpl1, Npl, Acsl, Acsl3, Acsl4,
Acsi5
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Enzyme genes significantly
enriched towards KO

Enrichment plot: FIL_PATH_BOTHGENES
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@ o3 \\\\N
> 030 i
o 5
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g 015
E |
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E o005y
& 0.00 N Expression of genes
. ‘]
0,05 TR corresponding to related
enzymes are enriched for
KO cells, DNA microarray
data, GSEA (Gene Set

J ‘ Enrichment Analysis).
"na_pos' (posttively correlated) Nominal p = 0,
FWER p=0.024.

0.0 Zero cross at 11304

‘na_neg’ (negatively correlated)
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Rank in Ordered Dataset
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— Enrichment profile — Hits Ranking metric scores’

Comprehensive profiling of
VZV immunization

Metabolomics

Trans criptomics
Viremia

w
Tcells

Innate cells

. Cytokines

I
I
01 3 7 14 28 EY 180 days.

Li, Sullivan, et al. To be submitted.
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Summary and future
directions

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

Mummichog rewrites the workflow of high-throughput
metabolomics, bridging genome-scale metabolic models and
untargeted metabolomics. Download at http://mummichog.org.
Version 2 and server in the work.

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.

7/11/16
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Old workflow

Metabolite
identification

Pathway
mapping

Mummichog

New workflow

pathway/network

analysis

Metabolite
identification

MS/MS

Omics integration
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