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From GC/MS Data to Metabolites

GC/MS Data
— Metabolomics databases: The Golm
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GMD - Golm Metabolome Database

http://gmd.mpimp-golm.mpg.de/

Spectra

Chemicals

GMD

home

search

ms analysis

decision trees
data entities
web services

Max Planck Institute
. ol Molecular
[ Plant ipnlogy

’L’—»%I

]

NP = -
: TABOLOME DATABASE

TEXT SEARCH
Enter your search string. Drop-down compound lists reflect GMD inventory. Search can be performed on different
information types as listed below (Examples). Search returns score-sorted hits, For frequent use, you can add the GMD to

your browser's list of OpenSearch & providers.

H Search

There are currently no results in this table.,

nublications | %] Examples hide...
contact | izearch for..
help # compound Alanine
* CAS 338-59-2
3 * KEGG number CO0133
PU bChem (3. M |0.) = synonym Propanoic acid, 2-aming-
= molecular mass §9.093
« molecular mass 59
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e Kopka et al., (2005) GMD@CSBDB: The Golm metabolome database. Bioinformatics 21:1635-1638
e Hummel et al. (2007) The Golm Metabolome Database: a Database for GC-MS based Metabolite Profiling. In: Hohmann, S.
(ed) Topics in Current Genetics: Nielsen, J., Jewett, M. (eds) Metabolomics. Springer-Verlag, Berlin Heidelberg New York,



GMD - Golm Metabolome Database

http://gmd.mpimp-golm.mpg.de/

Spectra GMD in numbers
Reference substances: 3,056
W GMD Metabolites: 830

Analytes (derivatized compound): 3, 175

Chemicals

CAS (25 Mio.) KEGG (0.02 Mio.)

] EcoCyc
tions BRENDA

METLIN AraCyc

Number of spectra: 24,383

Profiles (samples): 668

e Kopka et al., (2005) GMD@CSBDB: The Golm metabolome database. Bioinformatics 21:1635-1638
e Hummel et al. (2007) The Golm Metabolome Database: a Database for GC-MS based Metabolite Profiling. In: Hohmann, S.
(ed) Topics in Current Genetics: Nielsen, J., Jewett, M. (eds) Metabolomics. Springer-Verlag, Berlin Heidelberg New York,



GMD - Inventory, Reference substances

" acid acid 52%
H alcohol
B alkane sugar 21%
# amine polyol 4%
B conjugate
indole terpenoid 4%
leosid
_:2:;?5' : alcohol 3%
B pyrimidine amine 3%
W sugar
terpenoid alkane 2%
N oth
omer conjugate 2%
indole 1%
others less than 1%: nucleoside 1%
aldehyde, alkaloid, amide, calystegine, chalcone, flavonoid, | pyrimidine 1%

imide, lactam, nucleotide, purine, stilbene



Annotation of GC/MS-spectra
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Annotation via GC/MS-spectra comparisons
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Annotation via GC/MS-spectra comparisons
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Knowledge-based annotation of GC/MS-spectra

Same metabolite, but different derivatives
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Identification via characteristic mass peaks
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Annotation of GC/MS-spectra using decision trees
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Compound class predictions based on fragments

Classification tree models for 20 " e ==
functional groups
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Annotation of user-submitted GC/MS spectra

at gmd.mpimp-golm.mpg.de

Max Planck Institute
ol Molecular
Plant Physiplogy

h
Dmi PREDICTION OF FUNCTIONAL GROUPS
seard
This page facilitates the search of analytes and metabolites within the GMD by means of user submitted GC-MS spectra
ms analysis

constituted by an alkane retention index (if vailable) and mass intensities ratios.

decision trees In addition, a functional group prediction will help to characterise those metabolites without available reference mass

spectra included in the GMD so far, Instead, the unknown metabolite is characterised by predicted presence or absense of
functional groups,

data entities

web services

publications Query

contact | & :
help gEnter the GC-column type the alkane retention index is based on! IVARE hd

Enter the alkane retention index here (if neither an alkane RIs for VARS nor MDM3S is available in your setup |1898
please select 'none’ in the input field above)!

Paste the spectrum under investigation into the textbox below!

7003 71 3 72 16 V3 999 74 57 YL V8 Y6004 VP L VB 079 080081182 6 83 13 54 4 85 3 86 4 A
87 5 88 4 89 52 90 4 91 2 92 0 953 0 94 0 95 0 96 0 97 2 95 1 99 4 100 1z 101 16 102 9 103
116 104 11 105 26 106 2 107 1 108 0 109 0O 110 0O 111 1 112 1 113 4 114 11 115 7 116 5 117
93 118 9 119 & 12Z0 0 121 0 182z 0 123 0 124 0 125 0 1&a 1 127 3 128 3 1&9 101 130 19 131 25 —
132 4 133 60 134 § 135 4 136 0 137 0 138 0 139 0 140 1 141 1 142 4 143 13 144 2 145 6 144

1 147 276 145 44 149 27 150 3 151 1 152 0 153 0 154 0 155 0 158 1 157 70 158 12 159 5 160

148 161 26 162 7 163 8 164 1 165 0 166 0 167 0 168 1 169 2 170 1 171 0 172 3 173 4 174 1

175 4 176 0 177 4 178 0 179 0 180 0 151 0 182z 0O 183 0O 154 0 185 0 186 & 187 1 188 0 189 Z8
190 7 191 13 192 2 193 1 194 0 1595 0 196 0 197 0 1598 0 199 0 200 0 =201 5 202 1 203 3 =204

Z3 Z05 16Z Z06 31 207 16 208 Z 209 0 210 2 211 0 212 0O 213 0 214 1 215 Z 216 6 217 85 Z16

18 219 8 220 1 221 6 222 1 223 0 224 0 225 0 226 0 227 0 228 0 229 23 230 6 231 11 232 3 bl

Advanced Query Parameters show...

submit

Last Updated 17/11/2009 10:25:44 © 2009 Golm Metabolome Database - All rights reserved W5~




Annotation of user-submitted GC/MS spectra

at gmd.mpimp-golm.mpg.de
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From Metabolites to Pathways

GC/MS Data

— Metabolomics databases: The Golm
l Metabolome Database (GMD)

— Automated GC/MS-spectra interpretation

Metabolites
— Maetabolite-transcript causal
l relationships from time course data
Pathways

Genomes



Can we infer causal and, thus, pathway relationships
from metabolomics data?

OLYCCLYER

Which molecules function as cause,
which as effect?




From Correlation Networks to Pathways
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X,Y are connected (edge) if r>r, “con
Is there a straightforward connection c
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observed correlations? T
Can we deduce novel pathways based [*=
on the observed correlation matrix? el
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Yeast Transcripts & Metabolite Profiles in Response

to Temperature Stress: Time series data

Temperature shifts:
28°C - 37 Cheat
28°C - 10°C cold
28°C - 28°C control

Time series: 8 time points

0,0.25,0.5,1,2,4,8and 24 h
Metabolome

Transciptome Analysis

Analysis

Affymetrix
ene-chip

Katrin StraRburg, Joachim Kopka



Metabolite Profiles

GC/MS with in vivo stable isotope labeling for accurated quantification

Heat Stress Cold Stress

e 42 metabolites * 44 metabolites

e 11 unknowns e 13 unknowns

-3.0 0.0 3.0
= =
n =]
4 w4 g 4o 49 o
[ I R o R L = = I & |
M3T_1485.8
Trehalose MST 1288_7
Glyceric acid Glucoss
Fumaric acid Fructese-f-phozphate
Malic acid Glucose-g-phosphate
Malic acid, Z-methyl- MST_1545.5_[HA]
Phenylal anine Fructose
Glycine MST_Z012.8_[766; beta-D-Methylglucopyransside (4TMS)]
Succinic acid MST_Z077.2_[756; heta-D-Methylglucopyranoside (4THS)]
Ribose-5-phosphate MST_ 1508 .57
MST_1295 Glyceral
Isoleucine Citric acid
Al anine MST_Z84C
M3T 1537 Trehalose
CluEamine Fumaric acid
Lysine Malic acid
Glutawmic acid Lysine
MST_1466.% Al anine
MET_1595._8 MET_1355
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partic aci A :
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ST _27as. 562 ﬁl’iif,ﬁ: acid-2-phosphate
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M3T_1435.8 Proline
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Glyceric acid
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Arginine
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Glycine
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Glucose

MST_1545.5_[NA]

MST_Z012_6_[766; beta-D-Methylglucopyranoside (4TMS)]

Threenine

Serine Threonine
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M3ST 1721.¢ Val ine

Citzic acid Leucine

Adenosine-5-monophosphate M3T_Z807.2_[S05; Galactinel (STMS)]1 [805; alpha-D-Gal-(1l.2)-wyo-Inoxital (STH3E)]

Katrin StraRburg, Joachim Kopka



Expression Ratio
(37°C - 28°C)

Transcript Profiles

Affymetrix whole yeast genome microarray

Heat Stress
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-2.0 T T T T

0 100 200 300 400 500
Time (min)

—l- Cluster 2 427 genes [7%)]
—@— Cluster 3 1507 genes [26%]
—O— Cluster 4 1392 genes [24%)]
—O— Cluster 5 1876 genes [33%]
—0— Cluster 1 514 genes [9%)]

Expression Ratio
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Cold Stress

T T T T
0 100 200 300 400 500
Time (min)

—- Cluster 1 572 genes [10%]

—@— Cluster 2 1110 genes [19%]

—O— Cluster 5 2487 genes [44%)]

—O— Cluster 3 942 genes [16%]

—{ Cluster 4 605 genes [11%)

Katrin StralRburg, Joachim Kopka
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Metabolite correlations are more informative than

transcript correlations

A) Transcripts B) Metabolites
1 I I I | I I I I I I I | I | I | I | I l I | I I I I I | I I I | I I I | I I I
(=) I 1 I o= heat|
[T 08 - 08 cold|
bbbbbb gl i | I ]
=

o

£
o T -G - £F hmﬂt o it AR

pairwise correlation coefficient

YeastCyc & KEGG yeast %1
pathway maps

Katrin StraRburg, Joachim Kopka



Causal relationships via time-delayed correlations

Time
ﬁ metabolites |eading concurrent metabolites trailing
0.6 T T
O O O Q M eta bO | Iites B i ®  heat (cognate enzyme transcript) | |
g 0.55— i # cold (cognate enzyme transcript) | _|
I I I I ' = i { ¢ heat (random transcript)
- .g - i ¢ cold (random transcript) &
. 5 | i
Transcripts 3 o5t ! ! -
o I 1
o i i
g T : : y
3 | { |
L5l
. 045 i = i =
Q Q Q Q metabolites § : B !
leading g r : } e : ]
) i i
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< B 1 — 1
; = I Y 1
! ? ii b 5t : o : '
— E i & E
0.35— i E —
metabolites 0.3 metabolites I metabolites ' metabolites
trailing leading concurrent with trailing
transcripts transcripts transcripts

N
N
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;/f bé ; H Cognate Met-Transcript pair Random pair

Stronger correlations when metabolites are
considered leading




Causal relationships using the concept of Granger causality

d g
T = Z ﬂf.‘z.T[g —1) +Z ﬂM,iM':E — i1+ B (2] T variable 1 (transcript)
Tml

. M variable 2 (metabolite)
3 i=1 p A parameters

: ) E residual error
Mgy =3 Ay TE -1+, A ME—1) + By ()

Tl Tl

Monotonic Signals:

% High Pearson
0 Correlation for all
three relative time

N ‘ shifts, r=1

== Series?
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Katrin StraRburg, Joachim Kopka



Causal relationships using the concept of Granger causality

g g
— _ —s _ — 3 T variable 1 (transcript)
T['E] Z AT-ET[E 3] +_Z HM-EM[E 3] + Er [I] M variable 2 (metabolite)
1=l i=1 A parameters

d d E residual error
M@ =Y Ay TE -0+ Ay ME—1) + By (£ o

Tl Tl

Artificial data: s2(t)=f[s1(t-1)]

s A

L /\

o ' A H k., s1=>s2, p=0
2 NP LA o — s e

o4 | \ A% Directionality

" WA | deducable!

Katrin StraRburg, Joachim Kopka



Causal relationships using the concept of Granger causality

Cause Effect p-value SRRV
p-value
Heat
Phenylalanine -> |YPRO47W, 1773228 at 3.38E-04 7.88E-02
Adenosine-5-monophosphate -> |YBR115C, 1775044 at 1.46E-03 1.71E-01
Serine -> |YGL026C, 1779478 at 2.37E-03 1.84E-01
YJR109C, 1777097 _at -> |Glutamic 3.41E-03 1.99E-01
Cold
YKL106W, 1776650 _at -> |Phenylalanine 1.99E-03 1.51E-01
Fumaric -> |YKL148C, 1772202 _at 2.42E-03 1.51E-01
YERO73W, 1771943 _at -> |Glyceric 2.75E-03 1.51E-01
YBR299W, 1774491 s at -> |Fructose 3.23E-03 1.51E-01
Arginine -> |YDR341C, 1773272_at 3.38E-03 1.51E-01
YFLO22C, 1779336_at -> |Phenylalanine 3.95E-03 1.51E-01

Multiple Testing Correction problem: ~450 tests (metabolites-cognate transcript)
Solution: Take only direction of greater significance (cuts number of tests in half)

Katrin StralRburg, Joachim Kopka



Cause/Effect Metabolites: Examples

Serine= Cause metabolite

. . Phosphoserine
3-Dehydrosphinganine
4
30 i B
3.1.3.3 Pyruvate
2.3.1.50 . 4.21.20
Serine L-Tryptophane
2124
5,10-MethyleneTHF
6.1.1.11
Glycine
L-Seryl-tRNA
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S 1 P 12
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....... Serine

Phenylalanine= Effect metabolite

Relative Response (log2(ratio))
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42151
Phenylpyruvate
26141
4.21.51
Phenylalanine | «——

6.1.1 l

Phe-tRNA

Prephenate

Pretyrorosine

5 15 30 60 120
Time (min)
------- Phenylalanine

-15
240 480

Relative Expression (log2(ratio))

Walther, Strassburg, Kopka, submitted



Identification of central Cause-Metabolites

|_—" Metabolite is Cause | is Effect p-value W
p-value
Glutamic acid 59 19 4.19E-06 1.30E-04 is Cause
Serine 23 3 4.92E-05 7.63E-04 is Effect
Feuctose-6-phosphate 10 1 6.35E-03 5.
Adenosine-5-monopRaspiTate 4G = 66103 5.12E-02
. e Threonine 10 2 2.25E-02 1.39E-01
GIUtamIc aCId d nd Glucose-6-phosphate 8 2 6.54E-02 3.38E-01
se rine Glucose 16 8 1.08E-01 3.87E-01
Aspartic acid 17 9 1.22E-01 3.87E-01
|dent|f|ed as Lysine 5 1 1.256-01 3.87E-01
Valine 5 1 1.25E-01 3.87E-01
cent r‘al cause Proline 6 2 1.80E-01 4.28E-01
o Isoleucine 6 2 1.80E-01 4.28E-01
metabolites Leucine 6 2 1.80E-01 4.28E-01
Alanine 7 3 2.27E-01 5.02E-01
Phenylalanine 5 9 2.50E-01 5.17E-01
Glyceric acid-3-phosphate 2 0 3.02E-01 5.85E-01
Glutamine 9 6 4.53E-01 6.71E-01
Citric acid 2 4 4.53E-01 6.71E-01
Glyceric acid 4 2 4.53E-01 6.71E-01
Glycerol 2 4 4.53E-01 6.71E-01
Homoserine 4 2 4.54E-01 6.71E-01
Trehalose 5 3 5.08E-01 7.09E-01
Asparagine 4 6 5.49E-01 7.09E-01
Malic acid 6 4 5.49E-01 7.09E-01
Fumaric acid 11 13 6.88E-01 7.92E-01
Ribose-5-phosphate 11 13 6.90E-01 7.92E-01
Tyrosine P 3 6.90E-01 7.92E-01
Glycine 7 7 1.00E+00 1.00E+00




From Metabolites and Pathways to Genomes

GC/MS Data

— Metabolomics databases: The Golm
l Metabolome Database (GMD)

— Automated GC/MS-spectra interpretation

Metabolites
Pathways
— Metabolomics-assisted genome annotation
in Chlamydomonas reinhardtii

Genomes



Metabolomics & Proteomics-assisted genome annotation in

3

spidi

wistjoqeisiil .2

Chlamydomonas reinhardtii

Central Metabolism

Ascorbate, Glutathior

@2@

otorespiration

e

Tetrapyrrole

Light

45 minor CHO
Reactlons

[z 82

~
n

Mito. Electron Transport

Carbonic anhydrases

/
Amino Acids = mm* No3
A A
. A A A A A /
£ A \ .'" £
E N e Ll ]
. .
|
¥ e
Lol
Gln  Asn Val  Ser Phe His Gin Asn Val Ser
Pro  Thr Leu Gly Tyr Pro Thr Leu Gly
Frg Met lle  Cys Trp frg Met I Cys
Lys mise misc misc  Lys mis
Hyp mise Hyp mise

159 metabolites

= 3,483 proteins
identified by MS

= proteins with no
peptide support

MapMan view of Central
Metabolism

May et al. Genetics 2008

Bjorn Usadel, Patrick May, Stefanie Wienkoop, Stefan Kempa



Metabolic Expansion Algorithm: From metabolites to genes

e in medium
» detected by GC/MS

Nils Christian, Oliver Ebenhoh (MPIMP, U Potsdam)



Metabolic Expansion Algorithm: From metabolites to genes

e in medium
» detected by GC/MS
e from KEGG

: : annotated in genome

Nils Christian, Oliver Ebenhoh (MPIMP, U Potsdam)



Metabolic Expansion Algorithm: From metabolites to genes

e in medium
» detected by GC/MS
e from KEGG

: : annotated in genome

Nils Christian, Oliver Ebenhoh (MPIMP, U Potsdam)



Metabolic Expansion Algorithm: From metabolites to genes

* in medium

» detected by GC/MS

e from KEGG

: annotated in genome
. inferred from KEGG

Nils Christian, Oliver Ebenhoh (MPIMP, U Potsdam)



Metabolic Expansion Algorithm: From metabolites to genes

* in medium

» detected by GC/MS

e from KEGG

: annotation

. inferred from KEGG

. presence predicted =
g minimal expansion

Nils Christian, Oliver Ebenhoh (MPIMP, U Potsdam)



Omics-assisted metabolic pathway analysis in

Chlamydomonas reinhardtii

= Building a Chlamydomonas draft network from KEGG
using reciprocal best hit analysis of JGI 3.1 against KEGG
= 3365 nc, cp, mt proteins mapped on
= 198 KEGG pathways (JGI: 114)
= 7330 KEGG reactions
= 713 EC classifications (JGI: 552)

= network expansion used to determine which of the 159
metabolites are producible by the draft network
= 127 metabolites are represented in KEGG
= 70 are in the scope
= 57 are NOT in the scope

AGs Ebenhoh, Weckwerth, Walther (MPIMP), May et al. (2008) Genetics



Metabolic Expansion Algorithm: From metabolites to genes

* Sucrose detected in Chlamydomonas

e Sucrose pahtway genes including SPS (Sucrose Phosphate Synthase) must
be encoded in the genome, but were not annotated in the draft genome

e Bioinformatic analysis of the Chlamydomonas genome identified
candidate SPS gene
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GC/MS Data

|

Metabolites

!

Pathways

!

Genomes

Summary

Classification tree based automated GC/MS-
spectra interpretation is possible

Metabolite-transcript causal
relationships from time course data by using
Granger causality

metabolites appear to be leading and are
more pathway-informative

Metabolomics measurements help complete
genome annotations
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