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INTRODUCTION 
 

The metabolome - in analogy to higher system levels, namely, the genome, 

transcriptome and proteome - is defined to represent the complete metabolic complement of 

biological systems.  The metabolome comprises an immense diversity of chemical 

compounds, ranging from gases, for example O2 or CO2, to polar or lipophilic small 

molecules and to polymers, such as starch.  In contrast to the clearly delimited genome, the 

size of the metabolic complement present in a biological system can only be estimated.  

Genome based reconstructions of metabolic pathways and comprehensive screening of the 

current biochemical knowledge-base predict ~600 metabolites to be present in the unicellular 

yeast, Saccharomyces cerevisiae (Forster et al. 2003), or ~750 metabolites in Escherichia coli 

(Nobeli et al. 2003), and list about 1,500 metabolites for the human metabolome (Duarte et al. 

2007).  In the plant kingdom a biosynthetic potential of ~200,000 metabolites of highly 

diversified secondary metabolic pathways may be expected (Hall et al. 2002, Fiehn 2002, 

Fernie et al. 2004).  In conclusion, the metabolome is best represented and understood as a 

complex network of metabolite pools which are linked by enzymatic or non-enzymatic 

reactions and communicate across system borders through facilitated transport and diffusion 

processes.   

Late in the 1990s the metabolomics concept emerged independently in the fields of 

yeast (Oliver at al. 1998, Raamsdonk et al. 2001, Stephanopoulos et al. 2004, Nielsen and 

Oliver 2005), Escherichia coli (Tweeddale et al. 1998) and plant molecular physiology 

(Trethewey et al. 1999, Fiehn et al. 2000a [1], Roessner et al. 2000 [2], Roessner et al. 

2001a, Hall et al. 2002)∗.  Shortly afterwards, the same concept was given the synonymous 

name, metabonomics, for human, clinical or toxicological applications (Nicholson et al. 1999, 

Nicholson et al. 2001, Lindon et al. 2005).  Both concepts, metabolomics and metabonomics, 

are defined as the application of comprehensive metabolite analysis in the sense of a large 

scale phenotypic screening to aspects of functional genomics and molecular physiology.  In 

the following the term metabolomics will be used.   

Thus, at the turn of the century, the fourth conceptual and integral part of the Rosetta 

stone for modern systems biology was firmly put in place.  However, it became immediately 

apparent that the current analytical tools for the monitoring of the metabolic complement were 

far from comprehensive.  Due to the high chemical diversity of metabolites (e.g. Sumner et al. 
 

∗ Publications relevant for this thesis are indicated by bold type and are numbered in square brackets according 
to their appearance within the appendix of publication facsimiles.  Authored or co-authored publications not 
added to the appendix are underlined.   
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2003) and the large dynamic range of concentrations at which metabolites may occur in 

biological systems, exceeding 5,000-fold changes in extreme cases (e.g. van den Berg et al. 

2006), traditional quantitative analysis was predominantly targeted at single or few 

chemically similar metabolites.  In contrast, the metabolomics field turned to pre-existing 

multi-parallel analytical tools and to the investigation of complex metabolite preparations for 

the implementation of the underlying visionary concept of comprehensive analysis.  Instead of 

exact quantification of metabolite pools, requiring metabolite specific quantitative calibration 

of analytical instruments, the estimation of relative changes of pool sizes was accepted for the 

large scale screening of samples (Fiehn et al. 2000a [1], Roessner et al. 2000 [2]).  Two 

variants of these screenings were added to the metabolomic tool box, namely, metabolite 

fingerprinting and metabolite profiling (e.g. Fiehn 2002).  Fingerprinting is defined as the 

non-targeted analysis of all recorded signals of a given analytical technology without 

knowledge about metabolite identity, whereas metabolite profiling is typically restricted to the 

subset of analytical signals which can be linked to a broad and known set of pre-defined 

chemical compounds.  Thus, a metabolite profile can be interpreted as a metabolic phenotype 

(Roessner et al. 2001a) and may support rational genetic engineering (Trethewey 2004).  This 

seemingly simple leap of concept in metabolic analysis and the versatility of adapting 

respective analytical technologies to a vast range of biological systems led to the fast 

establishment of the metabolomics field.  In retrospect, the metabolomics field has taken an 

astonishing and still highly dynamic development, as indicated by publication statistics (e.g. 

Guy et al. 2008a) and the rapid succession of foundations, such as the company Metanomics 

GmbH in October 1998, the Plant Metabolomics Society in 2002, the Metabolomics journal in 

2005, and the Metabolomics Society including all biosciences in the same year (Fig. 1).   

Indeed numerous analytical technologies have been applied in the metabolomic field.  

All have in common the potential of multi-dimensionality and the hyphenation of high-

resolution separation to multi-channel detection.  Two dimensional thin layer chromatography 

(2D-TLC) or paper chromatography, which led to the Nobel prize winning findings of Calvin 

(1962) and to the discovery of the photosynthetic dark reactions, may be seen as the first and, 

perhaps, so far most important application of early metabolic profiling.  2D-TLC has been 

revisited by modern metabolomics (Tweeddale et al. 1998).  However, this technology was 

superseded by the application of gas chromatography-mass spectrometry (GC-MS), liquid 

chromatography-mass spectrometry (LC-MS), capillary electrophoresis-mass spectrometry 

(CE-MS) and nuclear magnetic resonance spectroscopy (NMR).   
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Each of the above and other tested technologies allows insight only into a limited 

metabolic window which is restricted by the respective analytical technology.  As a 

consequence, the metabolome is currently best monitored by a combination of profiling 

methods, which may either be assembled in a company environment or by an academic 

consortium of experts in specific profiling techniques (e.g. Böttcher et al. 2008).   
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Figure 1 Bibliographic concept analysis of published journal articles by year of publication as 
retrieved from the ISI citation index database.  A Boolean search string for the 
concepts metabolomics, metabonomics, metabolome, metabonome, and the exact 
terms “metabolite profiling”, “metabolite profile”, “metabolic profiling”, “metabolic 
profile” and “fingerprinting or footprinting”, respectively, with wildcards for 
alternative suffix usage returned 5,634 publications until December 31, 2007.  A 
cumulative plot was chosen.  (A) Appearance of the metabol(n)omics concept with 
earliest references in 1998 (1), the 1st International Conference on Plant Metabolomics 
in 2002 (2), the first issue of the Metabolomics journal and the 1st Annual 
International Conference of the Metabolomics Society both in 2005 (3,4), (B) 
contribution of plant and human sciences to the field, (C) use of gas and liquid 
chromatography and (D) use of mass spectrometry (MS) and nuclear magnetic 
resonance (NMR) technologies.   
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The objective of this thesis is the enhancement of one key metabolomic technology, 

namely, GC-MS based metabolite profiling, exploiting the complete available data resource 

and the full technological potential for routine application in molecular physiology and 

functional genomics.  This work, which was initiated in September 1997 and has been 

resumed in 2001 after my commitment as a founding member of the Metanomics GmbH, 

contributes one essential building block towards truly comprehensive metabolic analyses and 

intends to lay the ground for the current transition to systems oriented, integrative 

investigations.   

As I was involved in the emergence of this new field, I count my contributions to the 

paradigm shift underlying the metabolomic concept as a genuine and central achievement of 

this thesis.  I will, therefore, first focus on the establishment of GC-MS profiling technology 

as an essential analytical technology to the novel metabolomic and systems biology tool box 

(cf. Kopka et al. 2004, Kopka 2006a, Steinhauser and Kopka 2007).  After the description of 

these initial achievements, the key challenges of GC-MS based metabolite profiling and the 

resulting advanced aims of my thesis will be presented (cf. Kopka 2006b).  Then, the 

respective advanced achievements of my research topics will be reported with an emphasis on 

the ongoing, yet unpublished technological and applied developments.  Finally, the potential 

and the future perspectives of my work will be discussed at the end of each result paragraph 

rather than in a general discussion section.   

 

RESEARCH TOPICS 

GC-MS Based Metabolite Profiling in a Nutshell: Technological Criteria of 
Efficient Applications in Routine Metabolome Analysis 
 

GC-MS technology has been used for decades in studies which aim at the exact 

quantification of metabolite pool size or metabolite flux and as a rule target single or small 

sets of metabolites.  Today GC-MS is one of the most widely applied technology platforms in 

modern metabolomic studies (Fig. 1) as a rule covering more than 100 identified metabolites.  

However, early applications then called metabolite or metabolic profiling precede the modern 

metabolomic era, for example, applications to unravel herbicide mode of action (e.g. Sauter et 

al. 1988).  Thus, multi-parallel GC-MS technology has experienced a renaissance brought 

about by the post-genomic requirements for high-throughput fingerprinting and metabolite 

profiling.  Especially molecular plant physiology has embraced this new technology and a 

broad range of ecotypes or natural genetic variation (Fiehn et al. 2000a [1], Hannah et al. 
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2006), breeding progeny (e.g. Schauer et al. 2006, Meyer et al. 2007), genetically modified 

genotypes (e.g. Fiehn et al. 2000a [1], Roessner et al. 2001a, Roessner et al. 2001b, Roessner 

et al. 2002) and environmentally challenged plant systems (e.g. Cook et al. 2004; Kaplan et 

al. 2004 [17], Kaplan et al. 2007 [18], Sanchez et al. 2008a [22], Sanchez et al. 2008b [21]) 

have been investigated.  Metabolic phenotyping and analysis of respective phenocopies, 

defined as the full or partial similarity of metabolite profiles from different conditions, has 

become an integral part of plant functional genomics turning towards systems analysis (Fiehn 

et al. 2000a [1], Roessner et al. 2002, Fernie et al. 2004, Sanchez et al. 2008a [22]), Eisenhut 

et al. 2008).   

The analytical workflow of GC-MS analysis comprises seven essential steps, (i) 

extraction of a metabolite fraction from the biological sample, (ii) subsequent chemical 

derivatization, (iii) sample injection, (iv) gas chromatography, (v) ionization, (vi) mass 

detection, and most importantly (vii) automated chromatography data acquisition and 

processing (Kopka 2006a).  All these aspects were considered when GC-MS was initially 

chosen in 1997-1998 as a metabolomic tool.  The resulting operating procedure of the GC-MS 

metabolite profiling method was patented through the Metanomics GmbH (Herold et al. 

2003a, Herold et al. 2003b, Herold et al. 2006).  For application in academia a standard 

operating procedure (Erban et al. 2007 [4]) and a protocol of a subsequent method variation 

(Lisec et al. 2006 [3]) were published in the following years.  Both procedures are in 

agreement with the recommendations of the Metabolomics Standards Initiative (MSI; e.g. 

Castle et al. 2006, Fiehn et al. 2007, Sumner et al. 2007).  The next paragraphs will 

summarize and discuss the essential aspects of method establishment.   

Metabolic Inactivation and Extraction.  The initially targeted central metabolism but 

also the potential of future extended metabolite coverage were the first and ultimate criteria 

guiding method development.  A genome-wide screening of metabolism using a complete 

single-gene knock-out population of Arabidopsis thaliana and populations of the same plant 

species resulting from single-gene over-expression of essentially every gene from Escherichia 

coli and Saccharomyces cerevisiae was intended and later completed by the Metanomics 

GmbH (e.g. Fernie et al. 2004).  With the focus set to primary metabolism, mono-, di- and tri-

saccharides, amino acids, organic acids and stable phosphorylated intermediates, were the 

targeted metabolite classes.  The ultimate scope, however, was the full metabolome.  

Therefore, a non selective two step extraction procedure was established with a broad polarity 

range of solvents, comprising methanol:water and subsequent methanol:chloroform 

extractions of the biological sample.  Metabolic inactivation of the biological sample was 
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performed by shock-freezing in liquid nitrogen with or without subsequent lyophilization.  

Metabolic inertness was maintained in subsequent steps by the enzyme inactivating properties 

of the employed organic solvents.  The combined initial extracts were then separated by liquid 

partitioning into polar and lipophilic fractions which were finally dried for processing or 

storage.  This basic protocol combined (i) effective metabolic inactivation of the sample and 

(ii) broad coverage of metabolites, essentially excluding only the macromolecular and volatile 

fractions and inevitably loosing labile metabolites (Fiehn et al. 2000a [1], Roessner et al. 

2000 [2]).  Moreover, Fiehn et al. (2000a) [1] demonstrated the versatility of the GC-MS 

technology to establish multiple alternative profiles of the same sample, in this study 

complementing the information on polar metabolites with information on lipid composition 

after transmethylation.  This first binary sample analysis allowed concentration of the lipids 

independently of the polar metabolites and thus detection of components, e.g. rare fatty acids 

as methyl esters, fatty alcohols or steroids, which would otherwise fall below the detection 

limits of a joined analysis.  Such joined analyses were shown to be feasible using direct 

thermal desorption techniques, when fast scanning GC-time of flight (TOF)-MS 

instrumentation became available (e.g. Fiehn and Kind 2007).  Other laboratories added the 

volatile fraction to the profiling toolbox using headspace solid phase micro-extraction 

(SPME) hyphenated to GC-MS (e.g. Tikunov et al. 2005, Tikunov et al. 2007).  Furthermore, 

Weckwerth and co-authors (2004a) demonstrated that metabolome, transcriptome and 

proteome analyses of a single sample can be directly coupled.  But the current state-of-the-art 

for integrative analysis of diverse systems levels is the generation of a deep frozen or 

lyophilized homogenate.  This central stock sample is best split into aliquots for dedicated 

extraction methods which can then be perfectly optimized to the respective required amount 

and chemical nature of each targeted chemical fraction.   

Chemical Derivatization.  Targeted enzyme assays and high performance liquid 

chromatography (HPLC) methods were routine choices prior to the metabolomics era, only 

GC-MS coupled to a non-specific chemical derivatization, namely, trimethylsilylation, 

promised (Sauter et al. 1988) and later - after optimization to a two step procedure including 

methoxyamination in the presence of pyridine and trimethylsilylation - proved broad coverage 

of central metabolism within a single analysis of complex metabolic extracts (Roessner et al. 

2000 [2], Fiehn et al. 2000a [1], Steinhauser and Kopka 2007).  This two step derivatization 

has subsequently been tested and confirmed by numerous other scientists (e.g. Barsch et al. 

2004, Broeckling et al. 2005, Gullberg et al. 2004, Sinha et al. 2004a, Sinha et al. 2004b, 
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Strelkov et al. 2004, O'Hagan et al. 2005).  Today the method is applied in almost all 

biological sciences serving microbial, plant, animal and even human or clinical studies.   

 

 

 

Figure 2 Molar response ratios of the main derivative of representative phytohormones and 
reference substances demonstrate the comprehensive potential of trimethylsilylation.  
Molar response ratios were calculated from electron impact GC-MS total ion currents 
of ~0.083 mg substance by normalization to the signal of an equal amount of 5α-
cholestane used as an internal standard of each preparation.  Derivatization 
experiments were performed with aliquots of the same reference mixture (n = 3).  
Reagents catalyzed (A) trimethylsilylations, (B) combined trimethylsilylation and 
methylation, (C) methylations, (D) trifluoroacetylation, (E) tert.-
butyldimethylsilylation, and (F) pentafluorobenzylation.  Common abbreviations of 
reagent names are given (cf. Birkemeyer et al. 2003 [5] for reaction details).  
Reference substances were: ABA, (6)-Abscisic acid, ABA-GE; (6)-abscisic acid-β-D-
glucopyranosyl ester; ACC, 1-aminocyclopropane-1-carboxylic acid; BL, 24-
epibrassinolide; GA3, gibberellic acid A3; IAA, indole-3-acetic acid; INO, myo-
inositol; JA, (6)-jasmonic acid; mT, meta-topolin; SA, salicylic acid; Trp, DL-
tryptophan; Z, trans-zeatin; ZR, trans-zeatin riboside.  (Figure adapted from Table 1 
of Birkemeyer et al. 2003 [5]).   
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So far no alternative derivatization scheme has replaced or complemented the initial 

method.  The GC-MS technology, however, offers a large and diversified set of reagents 

which chemically modify a broad range of moieties or target specific chemical groups.  Thus 

defined sets of non-volatile metabolites from complex extracts can be made amenable to gas 

chromatographic analysis.  Besides alkoxyamination reactions which specifically target and 

stabilize carbonyl moieties, broad range alkylation- and acylation-reagents are available and 

compete with multiple silylation-reagents.  These silylation reagents efficiently substitute 

acidic protons with trimethylsilyl- or tert.-butyldimethylsilyl-moieties.  Most of the above 

reagents are in frequent use for compound-targeted GC-MS analyses, but have not yet been 

employed in large scale metabolomic studies (e.g. Blau and Halket 1993, Knapp 1979).   

Birkemeyer at al. (2003) [5] using representative phytohormones and other reference 

metabolites covering a broad range of typical chemical properties demonstrated that the 

trimethylsilyl-reagents, N-methyl-N-(trimethylsilyl)-heptafluorobutyramide (MSHFBA) and 

N-methyl-N-(trimethylsilyl)-trifluoroacetamide (MSTFA) are indeed the most comprehensive 

chemical reagents and exhibit in comparison to other reagents sufficient sensitivity for 

efficient GC-MS profiling analysis (Fig. 2).  Therefore, this thesis has so far been focused on 

the analysis of trimethylsilylated and methoxyaminated metabolites.  However, two reagents 

showed the future potential for a more robust and sensitive but also more specific 

derivatization protocol, namely, N-methyl-N-(tert.-butyldimethylsilyl)-trifluoroacetamide 

(MTBSTFA) and pentafluoro-benzylbromide (PFBBr).  Currently, only few examples of 

MTBSTFA based profiling exist (e.g. Jacobs et al. 2007), because MTBSTFA and PFBBr 

generate high molecular weight products and are prone to sterical hindrance effects.  These 

properties restrict profiling applications to a smaller molecular weight range of metabolites 

and specifically exclude vicinal polyols (Fig. 2), which are typical moieties of sugars, sugar 

alcohols and sugar conjugates, metabolite classes that dominate conventional comprehensive 

metabolic extracts.  With these limitations the best application of MTBSTFA and PFBBr 

reagents will be in combination with fractionation or pre-purification steps which exclude 

sugars and other high molecular weight metabolites.  Such fractions will allow enrichment of 

those trace metabolites which currently fall below the detection limit of conventional GC-MS 

profiling.  A low through-put application targeting multiple phytohormones was established 

by Birkemeyer and co-authors (2003) [5] but was not suitable for large scale screening.  

Nevertheless, this reagent tool box may become increasingly important for future high-

throughput applications once the initial bottle necks of automated chromatography data 

processing and compound identification have been solved.   
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Sample Injection and Chromatography.  Gas chromatography is already a highly 

automated analytical technology suitable for the processing and high-resolution separation of 

small and complex samples.  As such GC-MS was ready to be employed for metabolome 

analyses and only the choices of automated injection procedure and selection of capillary 

column had to be made for method establishment.   

GC features liquid and volatile injection modes.  Volatile injection is typically used 

without chemical derivatization.  Respective methods, namely, headspace, cold trapping and 

SPME-GC-MS, have been used to profile the volatile metabolic complement (e.g. Tikunov et 

al. 2005, Tikunov et al. 2007).  Volatile injection modes have also been applied to 

trimethylsilylated metabolite preparations using a process named vapor phase extraction 

(VPE).  VPE was shown to operate with a range of commonly used reagents and has the 

potential to represent a robust technique mostly because non-derivatized material is prevented 

from contaminating the GC-MS system (Schmelz et al. 2003, Schmelz et al. 2004).  But VPE 

does not allow high-throughput sample processing.  In view of the high potential for 

automation, routine liquid injections using split or splitless modes were the methods of choice 

(e.g. Fiehn et al. 2000a [1], Roessner et al. 2000 [2], Lisec et al. 2006 [3], Erban et al. 2007 

[4]).  The splitless mode is most widely applied, because the complete derivatized liquid 

sample, typically 0.5-2.0 µl, is transferred to GC-MS analysis and matrix effects 

discriminating low versus high boiling chemical derivatives are avoided.  In contrast, split 

injection typically transfers only 1/10-1/100 of the sample onto the GC column.  Thus, using 

the splitless mode the required amount of biological sample can also be minimized typically 

to 1-100 mg fresh weight (FW) and down to a final reagent volume of 30 µl for robust 

robotized chemical derivatization (Erban et al. 2007 [4]).  Simultaneously Erban and co-

authors (2007) [4] implemented automated in-line derivatization of dried extracts coupled to 

exactly timed injection after derivatization for routine GC-MS analyses.  These developments 

served to counteract the “time-on-the-tray effect” caused by analyte decay of partially labile 

derivatized compounds.   

The choice of capillary column was motivated by two and, as turned out later, 

conflicting aspects: the optimum separation of complex mixtures and the stability of the 

capillary to extreme temperature ramping protocols.  Extreme operating temperatures are 

necessary for best coverage of the extreme volatility range of metabolite derivatives.  The 

basic choice was a fused silica capillary column with a composite phenyl-

dimethylpolysiloxane stationary phase and typical dimensions, namely, 0.25 µm film 

thickness, 30 m length and 0.25 mm inner diameter.  Such stationary phases are ideally 
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compatible with silylation reagents, because free hydroxyl-groups which are generated 

throughout the aging process of polysiloxane phases are continuously inactivated.  First 

implementations were performed with 50%-phenyl-dimethylpolysiloxane phases for best 

separation of typical biological isomers from central metabolism, for example citrate and 

isocitrate or abundant sugars, such as sucrose, glucose, galactose, mannose and fructose (e.g. 

Roessner et al. 2000 [2]).  However, operating time of these columns was restricted to a few 

hundred analyses.  Subsequent optimization led to the use of integrated guard columns and 

arylene stabilized equivalents of 5%-phenyl-dimethylpolysiloxane phases (e.g. Erban et al. 

2007 [4]) or 35%-phenyl-dimethylpolysiloxane phases (e.g. Lisec et al. 2006 [3]), 

respectively.  Both types can be operated at high temperatures, 350°C and 330°C, 

respectively.  Under typical operating conditions these columns allow >1000 analyses with 

only minor changes of chromatographic retention behaviour (Strehmel et al. 2008 [14]).  The 

5%-phenyl-dimethylpolysiloxane phases have been most widely applied, with variants 

ranging from fast GC of 15 min analysis time (Gullberg et al. 2004) to slow but high-

resolution chromatography of more than 70 min duration (Barsch et al. 2004).  The resulting 

compendium of method variations has been highly valuable for optimizing data exchange 

between laboratories and for comparison of GC-MS performance (e.g. Schauer et al. 2005 

[10], Strehmel et al. 2008 [14]).  Novel hyphenations of two dimensional GC (GCxGC) to 

mass spectrometry now combine arylene type 5%-phenyl-dimethylpolysiloxane stationary 

phases for 1st dimension separation to short narrow bore capillaries of 50%-phenyl-

dimethylpolysiloxane phases for the 2nd dimension (Fig. 3) and robustness of analysis still has 

to be explored.   

Ionization and Mass Spectrometry.  Compounds are ionized prior to mass detection as 

they elute from the GC.  Electron impact (EI) ionization is most widely used, as it is the 

technology which is least susceptible to ionization suppression effects and produces 

characteristic fragmentation patterns with highly reproducible quantitative ratios.  Moreover, 

these EI fragmentations patterns, commonly called mass spectra, are comparable when 

recorded by several mass spectrometric technologies.  The drawback of EI is the high degree 

of fragmentation resulting in low abundance or even absence of the non-fragmented 

molecular ion.  For this reason chemical ionization (CI) methods should be suitable for 

retaining non-fragmented molecular ions and may in theory result in a gain of sensitivity and 

selectivity.  However, positive and negative CI modes did not emerge in high-throughput 

applications as chemical ionization appears to be less robust and efficient compared to EI.   
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One of the most important underlying reasons for the success of GC-MS in chemical 

and metabolic analysis may be the optimum fit of the low amounts of substance required for 

GC separation and the high, inherent sensitivity of mass spectrometric detection.  For 

example, the low sensitivity of nuclear magnetic resonance (NMR) technology, the prevailing 

alternative of metabolite detection in the metabolomic field (Fig. 1), has so far impaired 

successful in-line hyphenation to GC.  Indeed an efficient GC-NMR coupling would represent 

a paradigm change for metabolic flux and pool size analysis.  Today GC can be efficiently 

hyphenated to diverse mass-detection devices, including sector field detectors, quadrupole 

detectors (QUAD), ion trap technology (ITP), and time-of-flight detectors (TOF).  The choice 

of detectors depends on the intended analytical niche.  GC-MS systems with QUAD detection 

are the most widely spread for routine analysis.  ITP technology allows two- or multi-

dimensional mass spectrometric analysis (MSn) for structural elucidation and multi-targeted 

quantification of trace compounds (e.g. Mueller et al. 2002, Birkemeyer et al. 2003 [5]).  

TOF detection can either be tuned to fast scanning rates but low mass resolution, typically 

0.1-1.0 amu (e.g. Dalluge et al. 2002a, Dalluge et al. 2002b, van Deursen et al. 2000, Veriotti 

et al. 2000, Veriotti et al. 2001, Vreuls et al. 1999), or to high mass precision comparable to 

sector field systems but lower scanning rates.  High mass precision allows good prediction of 

molecular masses for structural elucidation, but fast scanning TOF has greatly enhanced 

metabolic profiling applications by enabling good mass spectral recording and deconvolution 

of co-eluting compounds.  From 1997-1998 before GC-TOF-MS systems became 

commercially available until 2003 this thesis contributed to the successful application of 

QUAD technology in metabolome analysis (Fiehn et al. 2000a [1]; Fiehn et al. 2000b, 

Roessner et al. 2000 [2], Roessner et al. 2001a, Roessner et al. 2001b).  Then the transition to 

GC-TOF-MS based metabolite profiling was made (Fiehn and Weckwerth 2003, Wagner et 

al. 2003 [8]).  Currently, fast scanning GC-TOF-MS may further revolutionize metabolome 

analysis.  GC-TOF-MS enables the most advanced commercial instruments in the GC-MS 

field, namely, two dimensional GCxGC-TOF-MS systems (Marriot et al. 2000, Shellie et al. 

2001, Marriott and Shellie 2002, Ryan et al. 2004; Sinha et al. 2004a, Sinha et al. 2004b, 

Sinha et al. 2004c) which use 2-10 s secondary GC separations and are, therefore, dependent 

of fast scanning mass detectors.   

While the data structure of GCxGC-TOF-MS is superior to conventional GC-TOF-MS 

(Fig. 3), the huge size of the acquired chromatography data files and the lack of software 

support for most aspects of automated medium to high-throughput chromatography data 

processing currently impair routine metabolite fingerprinting or profiling appliations.   
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Figure 3 (>) GC-TOF-MS-data structure compared to GCxGC-TOF-MS using identical extracts of 
consumable rice seeds.  Total ion current chromatograms of a GC-TOF-MS system, 
20 scans s-1 (A), are compared to GCxGC-TOF-MS, 100 scans s-1 (B), analysis.  
Zooming in on selective ions (C-D) exemplifies the use of selective mass fragments, 
e.g. m/z 293 representing per-trimethylsilylated glycerol (3 TMS) and m/z 314 
representing co-eluting phosphoric acid (3TMS), respectively.  GC-TOF-MS (C) 
utilizes selective mass fragments of these co-eluting compounds for quantification; in 
contrast GCxGC-TOF-MS (D) employing secondary chromatography with altered 
elution sequence of compounds exhibits enhanced selectivity by baseline separation of 
otherwise co-eluting compounds.  (E) As a result the pure mass spectra of these 
compounds can be obtained after GCxGC-TOF-MS without deconvolution.  Baseline 
subtracted mass spectra comprise both, the common and the specific mass fragments 
of each compound.  The use of 10 s (D, arrows) or shorter secondary chromatograms 
(modulations) generates multiple peaks of the same compound which are distributed 
among subsequent modulations.  For quantification and visualization (F) the GCxGC 
information of single compounds must be reconstituted from subsequent modulations.  
Note the enhanced apparent sensitivity of GCxGC-TOF-MS (B) which is caused by 
inherent cryo-sampling and resulting substance enrichment and peak sharpening 
(METAPHOR EU-FOOD-CT-2006-036220 project, unpublished).   

 

 

 

 

 

 

Chromatography Data Acquisition and Processing.  GC-MS analyses generate an 

enormous amount of primary data, which depend on choices of mass range, chromatographic 

duration and mass spectral scanning rate (Fig. 3).  Typical GC-TOF-MS files of ~66 min 

duration acquired with 20 mass spectral scans s-1 and the mass range set to 50-1,000 amu, 

may amount to almost 80,000 full mass spectra and 400-430 Mb file size.  In comparison, a 

GCxGC-TOF-MS file of identical duration and mass range will require at least 100 scans s-1 

and, thus, typically generates almost 400,000 primary mass spectral scans deposited into 

2,000-2,100 Mb files.  Instrument manufacturers provide a standard file interchange format 

for GC-MS data, called NetCDF, and more or less efficient software solutions for data 

processing, which are typically tuned to metabolite targeted quantification.  Most of the 

vendor software tools are not applicable for the non-targeted and - within technological 

limitations - non-biased metabolomic approaches.  Therefore, the lack of software solutions 

for metabolic fingerprinting and profiling was the dominant impediment of modern 

metabolomics and may have led to the abortion of previous implementation attempts in the 

“pre-genomic” phase (e.g. Jellum et al. 1975, Jellum 1977, Jellum 1979).   
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In the post-genomic phase GC-MS had a head-start of software automation compared to 

other mass spectral technologies.  Specifically tools for automated mass spectral 

deconvolution and mass spectral matching to large custom or commercial spectrum libraries 

were already in place.  Automated deconvolution may be seen as one of the principal pre-

existing achievements contributing to the success of modern GC-MS profiling analyses.  

Deconvolution is defined as automated mathematical decomposition of the multiple partially 

co-eluting mass spectra which constitute a GC-MS data file (e.g. Fig. 3C).  The most widely 

applied software solutions for this process are the open access Automated Mass Spectral 

Deconvolution and Identification Software, AMDIS (Halket et al. 1999; Stein 1999), the 

commercial vendor-independent AnalyzerPro suite, http://www.spectralworks.com, and the 

vendor specific ChromaTOF software for automated processing of GC- and GCxGC-TOF-

MS data from Pegasus systems (LECO, St.  Joseph, MI, USA).  These deconvolution tools 

but also other software solutions (e.g. Shao et al. 2004) perform (i) mass resolved baseline 

subtraction of electronic and chemical noise, (ii) assignment of retention times and/or 

retention time indices (RI) to chromatographic peak apices or deconvoluted mass spectra and 

(iii) deconvolution of mass spectra from closely co-eluting compounds.  A recent comparative 

study found ChromaTOF (v2.15) software to be superior compared to AMDIS and 

AnalyzerPro, but still the deconvolution process was found to be error prone (Lu et al. 2008).   

The availability of commercial mass spectral libraries and a commonly accepted 

standard for mass spectral matching (Ausloos et al. 1999; Stein 1999) may have been the 

second equally important initial boost for the success of GC-MS based metabolite profiling.  

The GC-MS technology is in this respect more advanced than LC-MS (Halket et al. 2005).  A 

common standard, namely, the mass spectral search and comparison software of the National 

Institute of Standards and Technology (NIST, Gaithersburg, MD, USA) has been integrated 

into the customized operating software of most GC-MS manufacturers.  Commercial mass 

spectral libraries, as provided by NIST or Wiley publishers, and customized user specific 

collections (e.g. Kopka et al. 2005 [11], Schauer et al. 2005 [10]) can be used in 

combination.  While large scale retention index libraries were not available until 2005 the new 

versions, NIST05 and NIST08, provide RI information.  But RI information is not integrated 

into the automated matching protocols.   

Technical Performance.  All aspects mentioned above contributed to the overall high 

reproducibility and robustness of GC-MS based metabolite profiling with the technological 

standard deviations typically lower than the biological variation under controlled 

experimental conditions.  Exemplary analyses of detection limits, linear range of 

http://www.spectralworks.com/
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quantification, usually 2-3 orders of magnitude, and recovery, typically 70-130 %, lead to 

routine applications which allowed large scale sample screening by relative quantification of 

detector signals.  Relative quantification still routinely performed by comparison to 

standardized biological reference samples or more generally applicable chemically defined 

mixtures of authenticated reference substances (e.g. Fiehn et al. 2000a [1], Roessner et al. 

2000 [2], Herold et al. 2003a, Herold et al. 2003b, Herold et al. 2006, Strehmel et al. 2008 

[14]).  Typically at least 300, sometimes up to ~1,000, chemical components are resolved.  Of 

these compounds about 100-150 may represent internal standards or reagent and laboratory 

contaminations which need to be excluded from subsequent analyses (Wagner et al. 2003 

[8]).  The resulting set of useful data depends on the nature of the biological sample and 

typically comprises ~50-150 metabolites which can be recognized and accessed for profiling 

experiments and a large portion of yet non-identified compounds for fingerprinting purposes.   

In conclusion, non-targeted GC-MS based profiling of methoxyaminated and 

trimethylsilylated comprehensive metabolic extracts has been implemented and brought to 

routine analysis in the course of this thesis.  The method has since been continuously 

enhanced and refined.  The accepted role of GC-MS based metabolite profiling in the 

metabolomics field may be defined as monitoring of primary metabolite patterns from central 

metabolism in combination with facultative co-analysis, screening and discovery of yet non-

identified or unexpected small secondary metabolites which fall into the analytical scope of 

this tool.  The method has been proven to be suitable for quantitative purposes and has 

become highly versatile beyond the initial applications in plant physiology.  The success was 

based on an ideal combination of (i) comparatively low investment and operating costs, (ii) 

bench-top size and highly automated instrumentation, (iii) superior broad non-selective 

derivatization of metabolites, (iv) stable high-resolution gas chromatographic separation of 

complex mixtures, (v) selective quantitative detection of co-eluting compounds by specific 

mass fragments and (vi) highly reproducible mass spectral fragmentation with basic software 

tools and libraries for manually supervised mass spectral analysis and matching in place.   

For these reasons GC-MS based metabolite profiling has by some authors been judged 

to represent the “gold standard” of metabolite profiling (e.g. Harrigan and Goodacre 2003, Lu 

et al. 2008).  The downsides or limitations of GC-MS profiling may be shortly summarized in 

the by the following criteria: The range of accessible metabolites is restricted to small, 

volatile, and non-thermo-labile metabolites.  For most applications chemical derivatization is 

required.  This necessity leads to chemical modifications and loss of reactive or instable 

metabolites.  Other than NMR, GC-MS is less easily amenable to exact quantification, and 
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requires for this purpose metabolite specific testing of (i) detection limits, (ii) recovery, (iii) 

linearity of detector response and (iv) internal as well as external quantitative calibration.  

Finally, the advantage of small sample size and high mass spectral fragmentation which both 

contribute to the efficient multi-parallel top-down identification of GC-MS components, 

facilitating the recognition of known compounds by comparison to authenticated reference 

substances, interferes with the bottom-up identification of yet unknown compounds.  This 

identification procedure requires pure compounds.  Preparation of sufficiently high amounts 

after GC separation is a highly difficult task.  These limitations define the key challenges of 

current GC-MS based metabolite profiling and have been addressed by this thesis as will be 

reported in the following.   

  

Key Challenges and Technological Aims of Enhanced GC-MS Based 
Metabolite Profiling 
 

Routine GC-MS based metabolite profiling has provided a combination of technological 

features in time for post-genomic applications.  These properties have led to a rapid and 

continued succession of successful applications within almost all biosciences.  The inherent 

versatility of GC-MS instrumentation now culminates in contributions to systems biology, 

bridging both extremes of systems biology, on the one side large scale metabolic screenings 

and, on the other side, combination of flux and pool size quantification for the mathematical 

modeling of metabolism.  A set of key challenges became apparent already when the first 

profiling experiments were performed but also in the subsequent process of establishing 

automated routine workflows which lead from sample processing and to the final 

physiological interpretation of profiling results. Starting with the achievements of the basic 

metabolite profiling concept, reported above, this thesis tackles a key metabolomic challenge, 

i.e. to enhance GC-MS technology towards an efficient analysis of molecular metabolic 

processes in the new era of systems biology.  I have chosen the following projects because of 

their essential contributions to this ultimate aim.   

Project 1: Development of a Mass Spectral and Retention Index Reference Library.  

The perhaps most astonishing discovery of GC-MS based metabolite profiling was the large 

number of metabolites, which were observable in the highly complex extracts of plants 

(Fiehn et al. 2000a [1], Fiehn et al. 2000b), and later in the profiles of many other species.  A 

large diversity of primary metabolites was immediately identified by mass spectral matching 

to commercial spectral libraries.  These matches were validated by the proof of compound 
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identity using standard addition experiments of commercially available and authenticated 

chemical reference substances.  However, compared to the high complexity only less than 

25% of the observed compounds was identified, using what we now call the top-down 

identification process.  In consequence, the fundamental aims of this thesis are the 

establishment, enhancement  and dissemination of a reference library, tuned to the needs of 

GC-MS profiling and harboring chemical information on both, pure reference substances and 

yet non-identified metabolic components of defined biological material.   

Project 2: Automated Data Processing of Complex GC-MS Based Metabolite Profiles.  

The basic analytical technology was readily automated and standardized following good 

laboratory practice (Lisec et al. 2006 [3], Erban et al. 2007 [4]).  The first implementation of 

chromatography data processing was a slow, manual and expert user dependent process.  The 

lack of standardized and automated chromatography data processing represented the first 

bottle neck for reproducible high-throughput analyses of profiling experiments which rapidly 

increased in size from ~20 to even more than 1,000 GC-MS chromatograms constituting a 

single experiment.  The required key processing functions were (i) the unambiguous 

recognition of metabolites, (ii) the proper choice of the optimum mass feature(s) for relative 

or absolute quantification and (iii) - prerequisite of these functions - the global, non-biased 

data pre-processing generating a numerical data matrix with access to all observed mass 

features of an experimental data set.  This last feature covers three additional demands of 

metabolomic studies, namely, the non-targeted discovery of novel and unexpected 

metabolites, the option to implement internal standardization by stable isotope labeled 

substances and, finally, the ultimate goal to add flux analysis to the tool box by 

comprehensive monitoring of mass isotopomer distributions.  Therefore, the second 

fundamental aim of this thesis is the development of a software tool for the purpose of 

standardized GC-MS data pre-processing including a comprehensive data matrix generation 

and the support for automated metabolite recognition.   

Project 3: The Golm Metabolome Database (GMD).  Both, the high number of 

metabolic components and chemical reference data, as well as the large amount of numerical 

information generated by the standardized processing of each GC-MS based profiling 

experiment proved to be difficult to handle and to communicate between scientists.  With 

standardized protocols and data formats developed in the first two projects the necessity to 

establish a custom database for archiving GC-MS based profiling experiments and reference 

data became obvious.  For this purpose, the Golm Metabolome Database (GMD) was 
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initiated.  This database is now being continuously extended to serve the growing needs of 

enhanced GC-MS based metabolite profiling.   

Project 4: Enhanced Metabolite Profiling using Mass Isotopomer Ratios (ITR).  Early 

publications proposed the use of stable isotope labeled internal standardization for enhanced 

quantitative accuracy and precision (e.g. Fiehn et al. 2000a [1]).  As a multi-targeted 

technology GC-MS based metabolite profiling can obviously not be optimized to each of the 

chemically divers constituent metabolites but must aim for a global optimum.  Therefore, the 

concept of synthetically labeled chemical standards has been extended in this thesis towards 

full in vivo-labeling of whole organisms and the application of such labeled and defined 

biological reference material as multiplexed quantitative internal standards.  Thus, 

comprehensive standardization was expected to become achievable and to substantially 

reduce the technological variability caused by compound specific recovery and matrix effects.  

Ultimately, the improvement of the GC-MS profiling tool will justify added costs and 

experimental demands of ITR.   

Project 5: Towards Combined Metabolite Pool Size and Flux Analysis.  The causal 

interpretation of physiological changes in metabolite pool sizes is limited as metabolite pools 

are typically controlled by both, anabolic and catabolic reactions.  Therefore, the observation 

of a change in pool size will in most cases have ambiguous interpretations, namely, the 

possibility of altered synthesis, altered degradation or a combination of both.  Additional 

information on metabolic flux may substantially enhance the understanding of metabolic 

systems.  In conclusion, the combination of information on metabolite concentration, 

metabolic flux and thermodynamic considerations as proposed by Kummel et al. (2006) 

should represent the best conceivable data resource for metabolic modeling.  This expectation 

motivated the attempt to establish a method for the combined concentration and flux 

determination of soluble metabolite pools in biological systems.   

Project 6: The Metabolic Component of Plant Environmental Stress Acclimation.  

Plant responses to environmental stresses typically comprise metabolic components which 

have previously been described by metabolite targeted studies.  Even though many metabolic 

responses have been known for decades, only a few of these metabolic responses are 

functionally understood.  For this reason the GC-MS based metabolite profiling technology 

was applied - initially in descriptive studies - tackling the comprehensive assessment of 

metabolic reprogramming which has been enabled by metabolite profiling.  Thus, the 

elucidation and understanding of the metabolic responses to abiotic environmental stresses, 

such as temperature and salt, has become a focus of this thesis.  Projects have been initiated in 
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co-operation with expert laboratories on stress physiology and are now driven by the 

metabolic knowledge base of my laboratory.   

In the following paragraphs the above projects will be shortly discussed with a 

concluding summary of each key achievement and current state-of-the-art.  A specific outlook 

will be given following each project description.  These paragraphs will include trends and 

visions of future technological or physiological applications.   

 

Development of a Mass Spectral and Retention Index Reference Library 
 

Early manual inventories of methoxyaminated and trimethylsilylated metabolite 

fractions and later routine data mining of GC-MS based metabolite profiles led to striking 

observations of chemical complexity.  After subtraction of chemical artifacts which may be 

caused by reagent- and solvent-contaminations (Wagner et al. 2003 [8]) a metabolic window 

of typically 300-500 analytes, i.e. chemical derivatives of metabolites, can be detected.  Due 

to the enhanced resolution and sensitivity of enhanced GCxGC-TOF-MS instrumentation this 

number is expected to increase further by a factor of 2-10 (e.g. Nielsen and Oliver 2005) once 

this technology will have entered routine applications.  The analytes of GC-MS profiling are 

characterized by mass spectrum and 1-dimensional (GC-TOF-MS) or 2-dimensional 

(GCxGC-TOF-MS) chromatographic retention. Chromatographic retention is typically 

standardized by n-alkanes spiked into GC experiments and is expressed as a retention index 

(RI).  These combined chemo-physical properties, so-called mass spectral tags (MSTs).  The 

MST concept was proposed and adopted during the early steps of mass spectral library 

generation and serves naming and archiving of the initially unknown components of GC-MS 

profiles (cf. Desbrosses et al. 2005a [20] refined by Kopka 2006b).  In short, MSTs represent 

the means of analyte recognition and identification.  In the following the term “identification” 

will be used for the first elucidation of the chemical structure represented by a MST, whereas 

the term “recognition” will be used for the subsequent matching process that is required in the 

workflow leading from non-targeted fingerprinting to metabolite focused profiling 

experiments.   

Currently, the majority of MSTs is not chemically characterized and linked to 

metabolite structures.  Indeed routine application of GC-MS profiling to biological samples, 

which have not been investigated before, or have been exposed to new chemical, biotic or 

abiotic stress conditions, or result from new natural or genetically engineered genotypes, still 

yield novel MSTs.  These elicited MSTs may represent valuable diagnostic markers, which 
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are currently not amenable to functional analysis and physiological interpretation, because the 

chemical identity and thus metabolic pathway connectivity is not known.  Therefore, the full 

potential of the metabolic profiling technique remains only partially accessed. The future of 

GC-MS based profiling will depend on the continued identification process of all its 

component analytes. Chemical identification towards this aim may follow two strategies, 

namely, the “top-down” and the “bottom-up” approaches (cf. Steinhauser and Kopka 2007) 

which are described in the following.   

Top-down Identification.  The top-down identification process of analytes uses 

authenticated reference compounds in standard addition experiments and performs 

identification by both, chromatographic retention and mass spectral fragmentation, where the 

mass spectral fragmentation of the MST must confirm the expected analyte structure after 

methoxyamination and trimethylsilylation of the underlying metabolite (cf. Fig. 4-5).  Criteria 

for confirmation are expected retention indices, presence of molecular ions M*+, and typical 

fragment ions such as M-15+ or previously reported specific fragments and neutral losses of 

the respective compound classes.  Commercial mass spectral libraries comprising more than 

191,436 non-redundant compounds for mass spectral matching, e.g. the NIST/EPA/NIH mass 

spectral library version 2.0, June 25th 2008, and the NIST08 software 

(http://www.nist.gov/data/nist1a.htm), provide standardized tools for manually supervised 

identification.  Because of the speed and rich resource of previous knowledge, top-down 

identification appears to be the most effective and least error prone strategy.  It may fit ideally 

to the proposed standardization (Bino et al. 2004; Jenkins et al. 2004) and continued refining 

efforts of reporting standards for the chemical analysis in the metabolomics field (Sumner et 

al. 2007).  The commercially available libraries were, however, not tuned to the biological 

samples of the metabolomic field and the initial success rate was only ~25% of analytes 

identified.   

 

http://www.nist.gov/data/nist1a.htm
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Figure 4        Exemplary standard addition experiment of authenticated reference substances.  A 

mixture of 20-25 reference substances (A), biological reference material (not shown) 
and pure substances (B-D) are analyzed in total ion chromatography (TIC) mode 
following either the method of Erban et al. (2007) [4], shown here, or Lisec et al. 
(2006) [3].  Each sample contains both, a series of fatty acid methyl esters (B; C8-C30 
monitored by an extracted selective ion chromatogram, SIC, at m/z 87) and a series of 
n-alkanes (C; C12-C36 monitored by m/z 85).  These compounds are used for internal 
standardization of chromatographic retention and retention index calculation (cf. 
Strehmel et al. 2008 [14]).  The van den Dool and Kratz (1963) alkane retention 
index is used here.  Mixtures and biological reference material demonstrate co-elution 
behavior.  Single reference substances, for example chlorogenic acid (B), ribitol (C), 
and gluconic acid (D) allow extraction of chemically derivatized analytes (A1-A4, red 
SICs) and impurities with respective MST information.  Impurities may provide 
valuable additional metabolite identifications.  For example, commercial chlorogenic 
acid (B; A1) contains a geometric Z-isomer (B; A2). Other preparations, for example 
commercial gluconic acid, contain multiple impurities (C; A1-A4) which may co-
elute (cf. C; insert) and thus require automated mass spectral deconvolution, cf. Fig. 5 
(Bölling C, Erban A, Kopka J and Willmitzer L, unpublished).   
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Figure 5  Mass spectral analyses of four analytes detected by GC-TOF-MS profiling of a 

commercial gluconic acid preparation.  Analyte A1 was expected and confirmed by 
M-15+ = 613 as well as best mass spectral similarity to the respective products of 
commercially available galactonic acid and gulonic acid.  A2 and A4 represent two 
alternative lactones, M*+ = 466 and M-15+ = 451, which are impurities formed in 
aqueous solution by loss of a water molecule from gluconic acid.  These analytes were 
later confirmed by authenticated lactone preparations.  A3 remained non-identified 
and was archived as an impurity MSTs of gluconic acid for future identification 
(Bölling C, Erban A, Kopka J and Willmitzer L, unpublished).   
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In the course of this thesis a cooperative international effort of collecting reference 

libraries from expert GC-MS profiling laboratories was initiated to serve effective top-down 

identification (Schauer et al. 2005 [10]).  The resulting combined data were disseminated to 

the metabolomic field through the Golm Metabolome Database (GMD, http://csbdb.mpimp-

golm.mpg.de/csbdb/gmd/gmd.html, Kopka et al. 2005 [11]).  The initial basis of acquiring a 

reference substance in each of the participating laboratories was a mass spectral match of an 

observed MST to a mass spectral library, which was then experimentally confirmed by 

commercially available reference substances.   

In extension of this basic approach a systematic analysis of metabolic pathways for 

compounds which may fall into the scope of GC-MS based metabolite profiling was initiated 

(Boelling C, Erban A, Willmitzer L and Kopka J, unpublished).  Species specific and 

generalized metabolic networks are accessible to the academic domain (Bader et al. 2006), for 

example the Human Metabolome Project (Wishart et al. 2007, Wishart 2007), the BioCyc 

suite of databases (Karp et al. 2005) comprising MetaCyc (Caspi et al. 2006), EcoCyc 

dedicated to Escherichia coli K12 (Keseler et al. 2005) and AraCyc for the plant model 

organism (Zhang et al. 2005).  In addition suitable tools such as BioPathAt (Lange and 

Ghassemian 2005), Mapman (Usadel et al. 2005), MetNet (Wurtele et al. 2003) and PaVESy 

(Luedemann et al. 2004 [9]), the later developed in the framework of this thesis, allow 

pathway visualization, manipulation and network analysis.  Perhaps the most comprehensive 

resource of metabolic network reconstructions is the long-standing Kyoto Encyclopedia of 

Genes and Genomes (KEGG; Kanehisa 1997; Kanehisa and Goto 2000; Kanehisa et al. 2002, 

Kanehisa et al. 2006), which now also includes EST based information (Masoudi-Nejad et al. 

2007).  The KEGG pathway and metabolite annotations (Goto et al. 1998) comprise 14,549 

metabolite entries, release 42.0, April 1, 2007, which are frequently cross-referenced to other 

large inventories of small molecules, such as PubChem (http://pubchem.ncbi.nlm.nih.gov/) or 

ChEBI (http://www.ebi.ac.uk/chebi/).  The ongoing process of compound acquisition and 

analysis in my laboratory currently adds up to a retention index and mass spectral library of 

1,632 reference substances and 2,437 non-redundant MSTs of respective analytes (Strehmel 

N, Hummel J and Kopka J, personal communication). These analytes cover diverse compound 

classes such as organic acids, amino acids, sugars, alcohols, polyols, aldehydes, amines, 

amides, imides, lactams, alkaloids, calystegines, fatty acids, alkanes, terpenoids, chalcones, 

stilbenes, flavonoids, indoles, purines, pyrimidines, nucleosides, nucleotides and diverse 

metabolically relevant conjugates.  Depending on the biological object 30-40% of the 

observed analytes, which typically represent ~50-150 metabolites, are currently identified in 

http://csbdb.mpimp-golm.mpg.de/csbdb/gmd/gmd.html
http://csbdb.mpimp-golm.mpg.de/csbdb/gmd/gmd.html
http://pubchem.ncbi.nlm.nih.gov/
http://www.ebi.ac.uk/chebi/
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routine GC-MS profiling experiments and can be linked to respective known metabolite 

pathways of the analyzed biological object.   

 

Figure 6  Myo-Inositol centered proximity map of mass spectral similarity among identified and 
non-identified mass spectral tags (MSTs) from GC-MS profiles of complex biological 
sources and authenticated reference substances.  The search started at myo-inositol 
(6TMS) and used the symmetrical NIST08 matching factor to build the network of 
similar mass spectra.  Open circles represent hitherto non-classified MSTs and 
connecting edges represent best mass spectral matches which are partially indicated 
by shaded boxes.  Note that a path along the best pair-wise similarities groups links 
chemically related compounds and sorts non-identified MSTs into the scaffold of 
known compounds (Figure 3 of Erban et al. 2007 [4]).   

 
 
 
 

Bottom-up Identification.  With top-down identification approaching saturation, 

because the number of available pure reference compounds starts to become limiting, the 

bottom-up or de novo identification of MSTs will become the future focus of the 

metabolomics field.  Even though novel developments of NMR technology, namely, dynamic 

nuclear polarization coupled to NMR analysis, promise enhanced instrument sensitivity by a 

factor >10,000 (Ardenkjaer-Larsen et al. 2003), the most direct strategy of compound 

identification from GC-MS profiles, namely linking preparative GC to structure elucidation 
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by NMR, may not become feasible for the time to come.  Therefore, cheminformatic 

strategies which build on the increasing compendium of identified analytes within GMD have 

been pursued in this thesis.  Hit lists as provided by the NIST08 search and comparison 

algorithm have been tested for compound classification.  Such mass spectral hit lists allowed 

discovery of close chemical isomers within libraries of automatically deconvoluted MSTs 

from diverse biological matrices (Wagner et al. 2003 [8]).  Automated deconvolution is 

mandatory for the processing of the large numbers of MSTs generated by GC-MS based 

profiling.  While multiple deconvolution algorithms exist, the ChromaTof deconvolution 

tuned to GC-TOF-MS instruments (LECO, St. Joseph, MI, USA) currently appears to 

represent the best choice (Lu et al. 2008).  Simple hierarchical clustering of such mass spectra 

from NIST hit lists revealed epimeric, geometric and positional isomers (Wagner et al. 2003 

[8]).  This potential has been demonstrated using the metabolite classes of 

polyhydroxyhexanoic acids, such as gulonic, gluconic and galactonic acid, and the family of 

caffeoylquinic acids, with its most nutritionally important member, chlorogenic acid.  

Navigation through proximity maps, based on the symmetrical matching factors, for example 

to dot product, provided by NIST allowed visualization and grouping of chemically related 

compounds, such as inositols, methylinositols, and inositol conjugates, for example galactinol 

(Fig. 6 and Erban et al. 2007 [4]).  Finally, application of decision tree algorithms allowed 

integration of RI and MS data for compound classification and were successful in a feasibility 

study differentiating amino acids and sugars from the remaining library compendium 

(Hummel J, Strehmel N and Kopka J, personal communication). This study demonstrated that 

compound-class specific, generic mass fragments were utilized as relevant distinctive features 

for classification (Fig. 7).  For example, the first decision in this pilot study was based on the 

relative abundance of m/z 89, equivalent to fragment C3H9OSi+, typical of siloxy-moieties.  

Also, m/z 147 representing the structure C5H15OSi2
+ was used by the decision tree algorithm.  

This fragment is indicative of vicinal siloxy-groups.  Both, m/z 89 and m/z 147 are in 

agreement with the high occurrence of hydroxyl-moieties in sugars which are converted to 

siloxy-moieties by the inherent chemical derivatization of GC-MS based profiling.  In 

addition, m/z 361, namely, C15H33O4Si3
+, is typical of di- and trisaccharides or hexose-

conjugates as its origin are glucosidic pyranose-rings.  Typical mass fragments of amino acids 

were also used.  In detail, m/z 218, C8H20NO2Si2
+, containing C1 and C2 of alpha-amino acids 

and m/z 100 equal to C4H10NSi+, a typical fragment of amine moieties, occurred in this 

analysis.  All of these mass spectral interpretations were supported by respective mass shift 
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analysis of compounds prepared after in vivo-13C-labelling of plants (cf. supplementary file 1 

of Huege et al. 2007 [7] and paragraphs below).   

In conclusion, the top-down approach of analyte identification within GC-MS profiles 

of complex samples has been implemented from pathway analysis (Luedemann et al. 2004 

[9]) to internationally coordinated library establishment (Schauer et al. 2005 [10]) and web-

browser based data dissemination (Kopka et al. 2005 [11]).  These efforts contributed to and 

were in agreement with the metabolomics standards initiative (Sumner et al. 2007) and 

preceding standardization efforts (Bino et al. 2004).  In the future this project will be 

continued and novel sources of authenticated reference substances will be accessed as these 

may be made available by commercial suppliers or by academic consortia.  The bottom-up 

approach of analyte identification has initially been focused on application and testing of 

cheminformatic tools.  Simple analyses such as hierarchical clustering (Wagner et al. 2003 

[8]) and proximity maps (Erban et al. 2007 [4]) yielded already novel insights.  Enhanced 

informatics tools will integrate automated machine learning structural elucidation (Fig. 7).  

The utilization and precision of decision tree algorithms is under investigation and will further 

be enhanced by integrating not only information on retention indices and mass spectral 

fragmentation, but also by addition of features that can be extracted from known metabolite 

and analyte structures.  This structural information and respective files are currently integrated 

into the GMD database (Strehmel N, Hummel J and Kopka J, personal communication).  In 

addition, attempts to estimate exact masses of fragments or molecular ions for sum formula 

prediction, for example the early study of Fiehn and co-authors (2000b), and in vivo-stable 

isotope labeling of organisms have already become useful (Birkemeyer et al. 2005 [6], 

Hegemann et al. 2007) and will in the future allow integrated approaches of GC-MS based 

structure elucidation.   
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Figure 7 Decision tree depicting automatically generated rules based on mass spectral 

properties which distinguish amino acid and sugar spectra from the remaining set of 
analytes in the Golm Metabolome Database (GMD).  Boxes show m/z (top), intensity 
threshold (middle) of the rule and the fraction of analyte classes (bottom) within each 
leaflet, namely, amino acids (green), sugars (red) and other analytes (blue).  The 
background color intensity of each box is proportional to the total number of analytes 
within each leaflet.  Note that the expected generic mass fragments of amino acids 
(m/z 100 and m/z 218) and of sugars (m/z 89, m/z 147, m/z 361) were automatically 
selected by the decision tree algorithm.  In this feasibility study 61 % of the amino 
acids, 74 % of the sugars and 83 % of other compounds were correctly classified 
using cross validation (Hummel J, Strehmel N, Walther D and Kopka J, unpublished).   

 
 

Automated Data Processing of Complex GC-MS Based Metabolite Profiles 
 

Standardized and automated chromatography data processing was the initial bottleneck 

of high-throughput GC-MS based metabolite profiling.  Two key functions are required, (i) 

the generation of a numerical data matrix aligned by mass and chromatographic retention 

which should provide a regular format ready for statistical analysis of several hundred GC-

MS chromatograms and (ii) a repeatable and validated procedure for the recognition of 

analytes within complex biological extracts using custom reference libraries tuned to the need 

of this process.  With this motivation a long-term software development, named TagFinder 
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(Luedemann et al. 2008 [13]), was initiated in the year 2004.  The central aim was to provide 

automated tools which nevertheless allow user intervention and provide data suited for the 

purpose of uploading to statistics software or to a database of GC-MS profiles.   

Contrary to the efforts of unifying the standards for data retrieval, data mining and 

interpretation, highly diverse and in part specialized software solutions for the GC-MS data 

pre-processing have been developed and published, because vendor software for GC-MS data 

acquisition and pre-processing traditionally focuses on targeted metabolite quantification.  

Such software solutions are not suited for non-targeted metabolomic analyses, because high-

throughput and the discovery of novel metabolic components are not supported.  Thus, 

automated mass spectral deconvolution has become a topic intensely explored in both, 

academic and commercial software development.  Deconvolution performs comprehensive 

and non-biased extraction of mass spectra from GC-MS data files and provides relevant mass 

spectra for compound identification.  The conventional approach of mass spectral 

deconvolution is based on information present within single chromatograms.  For example, an 

early approach developed a so-called back-folding procedure for the mathematical 

enhancement of GC-MS based chromatographic curve resolution (Pool et al. 1996, Pool et al. 

1997a, Pool et al. 1997b).  In contrast, multivariate curve resolution (MCR) and its successor 

the hierarchical multivariate curve resolution (HDA) may represent the most advanced pre-

processing tools.  Information of multiple aligned chromatograms is integrated for 

deconvolution (Jonsson et al. 2004, Jonsson et al. 2005, Jonsson et al. 2006).  However, MCR 

and also HDA are highly sensitive to the selection and number of analyzed chromatogram 

files and may fail using > 20 chromatogram files.  In addition the targeted retrieval of selected 

fragment ions and the extraction of mass isotopomer distributions for flux analysis were not 

supported.  The perhaps most widely spread tool is the Automated Mass Spectral 

Deconvolution and Identification System (AMDIS, http://chemdata.nist.gov/mass-

spc/amdis/overview.html, Halket et al. 1999, Stein 1999), which is coupled to the standard 

mass spectral search and comparison software NIST08 (National Institute of Standards and 

Technology, Gaithersburg, MD, USA, http://www.nist.gov/srd/mslist.htm).  AMDIS was 

initially designed for purely qualitative analyses.  Quantitative information extracted by 

AMDIS is still poorly defined and hard to access.  Finally, the commercial ChromaTof 

software (LECO, St. Joseph, MI, USA, http://www.leco.org/), combines deconvolution based 

identification and quantification of target metabolites. But this software is exclusive for the 

GC-TOF-MS systems of the vendor.  While the ChromaTof deconvolution appears to be 

highly successful for compound discovery (e.g. Wagner at al. 2003 [8], Lu et al. 2008), it 

http://chemdata.nist.gov/mass-spc/amdis/overview.html
http://chemdata.nist.gov/mass-spc/amdis/overview.html
http://www.nist.gov/srd/mslist.htm
http://www.leco.org/
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does not support the generation of an aligned data matrix.  The data pre-processing comes at 

the price of software errors, such as partially deconvoluted MSTs, mixed or in other words 

chimeric MSTs, occurrence of artificial MSTs due to electronic noise, and erroneous MST 

duplications.  Also quantitative errors of extracted fragment intensities are reported (e.g. Lisec 

et al. 2006 [3]).   

Alternative to elaborate deconvolution algorithms simple peak retrieval and numerical 

matrix generation was pursued by software projects in academia.  These tools were typically 

built on the comprehensive extraction of mass selective peak apex intensities.  This approach 

is computationally less demanding and required fewer parameter settings compared to the, 

traditionally preferred, extraction of peak areas.  A typical example of such software tools is 

the MetAlign collection of algorithms (http://www.pri.wur.nl/UK/products/MetAlign/). These 

also support mass alignment suitable for both, low mass-resolution GC-MS (e.g. Tikunov et 

al. 2005) and high mass-accuracy instruments (Bino et al. 2005, Vorst et al. 2005, America et 

al. 2006, Keurentjes et al. 2006, De Vos et al. 2007).  Further software tools provide diverse 

options of numerical matrix generation and support non-targeted as well as metabolite 

targeted GC-MS analyses, for example XCMS (Smith et al. 2006), MeMo (Spasić et al. 

2006), MathDAMP (Baran et al. 2006), MetaQuant (Bunk et al. 2006), the MSFACTs (Duran 

et al. 2003; http://www.noble.org/Plant-Bio/MS/MSFACTs/MSFACTs.html) and the 

respective refinement, MET-IDEA (http://www.noble.org/Plantbio/MS/MET-

IDEA/index.html), or the progressive peak clustering approach of De Souza and co-authors 

(2006).  First attempts have also been made at compound-targeted processing of the novel 

highly complex GCxGC-TOF-MS files (e.g. Sinha et al. 2004a).  One unique tool, the 

BinBase (Fiehn et al. 2005; http://fiehnlab.ucdavis.edu/projects/binbase_setupx/), which 

combines GC-TOF-MS data analysis with a database application, collects and archives 

extracted MSTs and profiles.  This tool, however, appears to be not publicly accessible.   

 

http://www.pri.wur.nl/UK/products/MetAlign/
http://www.noble.org/Plant-Bio/MS/MSFACTs/MSFACTs.html
http://www.noble.org/Plantbio/MS/MET-IDEA/index.html
http://www.noble.org/Plantbio/MS/MET-IDEA/index.html
http://fiehnlab.ucdavis.edu/projects/binbase_setupx/
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Figure 8 (<) Visualization of the TagFinder-supported GC-TOF-MS data pre-processing 

procedure.  An experiment of 95 Arabidopsis thaliana leaf samples was processed.  
About 23,900 mass features, so-called mass tags, were found with frequency of 
occurrence set to >5% and detector response limited to >50 arbitrary units (A).  Each 
of these mass features is characterized by a retention index (RI) window with 
minimum, maximum and mean RI (circle and whiskers) observed across the complete 
set of 95 chromatograms (B).  These mass tags are grouped by TagFinder into so-
called time groups by checking for overlapping RI windows.  A zoom-in on a single 
time group (B) demonstrates the occurrence of multiple co-eluting mass tags observed 
in GC-MS experiments.  A cluster analysis among the mass tags of a single time 
group selects those mass tags which are highly correlated according to Kendall`s or 
Pearson`s correlation applied to the observed intensities of all processed 
chromatograms.  The resulting clusters, here named cl_1 (orange circles) and cl_2 
(green circles), allow reconstruction of partial mass spectra which can then be 
matched to reference spectra by a target finding function of the TagFinder software.  
Here, cl_1 represents glutamic acid (2 TMS), with 11 matching mass features, RI 
deviation -0.07 % and an excellent match factor 955. Cluster cl_2 represents 
erythronic acid (4 TMS) with 9 matching mass features, RI deviation -0.30 % and an 
acceptable match factor 769 (Luedemann, A, Erban A and Kopka J, unpublished).   

 

Even though a rich and diversified resource of free and commercial tools exists, none 

supports both, the standardized comprehensive numerical matrix generation including full 

mass isotopomer information and the standardized recognition of analytes.  TagFinder 

software (Luedemann et al. 2008 [13]) solves this task and utilizes a generalized workflow 

comprising eight steps, (i) peak intensity retrieval and data import, (ii) annotation of sample 

identifier and sample information, (iii) alignment by retention index calculation and by full 

mass unit resolution, (iv) mass tag generation, (v) time group generation, (vi) time group 

clustering (Fig. 8), (vii) numerical data matrix generation, (viii) analyte recognition and 

selective mass tag assignment (Luedemann et al. 2008 [13]).  The data matrix of each 

experiment is exported in tabular text format for uploading into statistical software tools, such 

as the TM4 open-source system (Saeed et al. 2003, Saeed et al. 2006), and supports a XML 

format for database upload.  Compound recognition is performed separately for each 

experimental data matrix by matching reconstructed mass spectra and retention indices of 

time groups and clusters to reference library information.  Several matching criteria are 

implemented, such as calculation of RI deviation, number of matched mass fragments, a 

numerical distance measure comparing vectors of normalized fragment intensities, similar to 

the NIST matching algorithm, and a novel distance measure comparing vectors of pair-wise 

fragment ratios (Luedemann A, Erban A and Kopka J, personal communication).  These 

criteria are suitable to validate the quality of compound matching and are also exported either 

in tabular text or XML format.   
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In conclusion, this thesis has created a highly versatile software tool for the alignment 

of large GC-MS based metabolite profiling experiments into statistically accessible data 

matrices and has tested this tool in long-term routine applications.  TagFinder has been 

applied to metabolic fingerprinting and profiling (e.g. Kopka et al. 2004, Kopka 2006a, 

Kopka 2006b), mass isotopomer ratio analysis (e.g. Birkemeyer et al. 2005 [6]) and to flux 

analysis (e.g. Huege et al. 2007 [7]).  The matrix generation is directed by co-analysis of RI 

marker substances within each chromatogram.  The simultaneous in-parallel analysis of 

chemically defined mixtures of reference compounds within each experiment is recommended 

for improved validation and analyte recognition (Strehmel et al. 2008 [14]).  Automated 

extraction of quantitative data using pre-defined mass fragments, so-called time groups of 

mass fragments or clusters is implemented and has been linked to an analyte matching 

procedure.  Both, the quantitative and the qualitative data types are database ready and a 

TagFinder extension for the pre-processing of GCxGC-TOF-MS data files is under 

development.  Mass spectral matching within preset RI windows is provided and coupled to 

our custom reference libraries (Kopka et al. 2005 [11], Schauer et al. 2005 [10]).  The 

current and future efforts will explore the use of synthetically defined reference mixtures as 

well as matching thresholds (e.g. Strehmel et al. 2008 [14]) to establish rules for enhanced 

and automated compound recognition with minimum requirement of user interventions.   

 

The Golm Metabolome Database (GMD) 
 

Caused by the emergence of high-throughput technologies, databases and respective 

web-services have become essential tools for information storage and exchange in biological 

sciences as may be best exemplified by protein and nucleic acid sequence repositories.  

Databases are also ideally suited for empirical technologies which generate invariant data 

formats, such as large scale transcriptomic or metabolomic screenings.  These approaches 

create qualitative or quantitative data sets that gain additional value when results are 

compared between experimental conditions and laboratories.  Today, biological databases are 

ubiquitous and growing in numbers. The molecular database collection of the year 2005 lists 

719 biology related databases which are freely available to the public and reports an annual 

increase of 171 during 2005 (Galperin 2005).  Meta-databases start to facilitate guidance and 

access to such computer-readable data (Cary et al. 2005, Bader et al. 2006).  For example, 190 

web-accessible resources of biological pathways and networks were available in 2006 (Bader 

et al. 2006).  The metabolomics community does not yet support a dedicated central data 
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repository and the metabolome scientist has to aggregate and integrate relevant data from a 

high number of specialized commercial and non-commercial databases.  These useful 

metabolomic resources were recently been reviewed by Arita (2004) and Mehrotra and 

Mendes (2006).  The relevant information covers pathway knowledge, chemical substance 

information, related publications, and cheminformatic information specific to the applied 

profiling technologies, e.g. NMR or mass spectrometry.  Given the highly diverse analytical 

technologies the development of application focused databases can be envisioned (e.g. Moco 

et al. 2006), which will communicate thorough common information resources, such as 

genome based pathway and metabolome reconstructions, and will require common 

interchange data formats, for example representations of metabolite profiles by fold-changes 

of pool size compared to defined biological and chemical reference material.  The field as a 

whole, however, may still be considered in its early stages and standardized data formats may 

arise in the future from efforts, such as the first Metabolomics Standards Workshop (August 

2005, Bethesda, MD, USA).   

The role of GMD.  GMD started as a collection of annotated and non-annotated but 

repeatedly observed mass spectra from defined biological samples which was extended to 

include information on chromatographic retention behavior for enhanced manual analyte 

recognition (Wagner et al. 2003 [8]).  The subsequently developed concept of mass spectral 

tags, MSTs (cf. Desbrosses et al. 2005a [20], Kopka 2006a, Kopka 2006b) allowed the 

handling and referencing of yet non-identified metabolic components from GC-MS profiling 

experiments and will facilitate future identification, once novel pure and authenticated 

reference substances may become available.  In the following many expert laboratories in the 

field complemented and contributed to the initial collection (Schauer et al. 2005 [10]).  The 

first phase of GMD development culminated in a web-interfaced database for public queries 

and downloads of the library content (Kopka et al. 2005 [11]).  The initial role of GMD was 

the dissemination of reference mass spectra and information on biologically relevant GC-MS 

analytes.  Thus, GMD complemented the large NIST and Wiley spectral libraries which 

include only a limited fraction of the compounds frequently observed in GC-MS profiling 

experiments.  GMD has served the metabolomics community since 2005 by providing a 

common basis for metabolite recognition and has since received 143 citations, 09/2008 

(Schauer et al. 2005 [10], Kopka et al. 2005 [11]).   

Because of the wide acceptance GMD is currently enhanced in cooperation with expert 

bioinformaticians to a server-based relational database (Hummel et al. 2008).  The central 

database object of GMD is the MST, namely, mass spectra comprising elements of mass to 
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charge ratio, fragment abundance and chromatographic retention linked to GC-MS method 

descriptions.  MSTs link the workflow of metabolite identification to the high-throughput 

metabolite fingerprinting and profiling workflow.  Both workflows are represented within the 

design of a relational database model and are described in detail by Hummel and co-authors 

(2008).  In the following a short description of the GMD database model is given.   

The metabolite identification workflow.  The metabolomic identification process links 

analytical readings, here MSTs generated by GC-MS instruments, to the compound structure 

of metabolites.  GMD models the top-down identification process which starts with a 

metabolite structure.  For this purpose GMD contains a metabolite object which is linked 

through external database identifiers to the most frequently used metabolite or compound 

repositories, namely, KEGG (http://www.genome.jp/kegg/) with more than 14,000 

metabolites, PubChem (http://pubchem.ncbi.nlm.nih.gov/) providing ~8 million substances 

(Kremsky 2005, Shang and Tan 2005) and the commercial Scifinder database 

(http://www.cas.org/SCIFINDER/) of the Chemical Abstracts Service (CAS) comprising 

more than 29 million synthetic and natural chemicals, e.g. (Schwall and Zielenbach 2000, 

Whitley 2002, Ben Wagner 2006).  GMD links the metabolite object to an object representing 

commercially available and purchased reference substances.  These reference substances 

generate the chemically derivatized analytes.  Finally, the respective analyte object is linked 

to the MSTs which were observed by GC-MS analysis.  The objects metabolite, reference 

substance and analyte have the common properties of chemical substances and detailed 

structure information is embedded as a conventional mol-file or as a more recently developed 

InChI code (IUPAC, International Chemical Identifier; http://www.iupac.org/inchi/).  

Structure annotations allow prediction of expected analytes and of MST properties, for 

example molecular ions and the preferred electron impact induced fragmentations of GC-MS 

analyses.  Thus, GMD documents the complete top-down metabolite to MST identification 

process.   

The metabolite fingerprinting and profiling workflow.  This workflow is supported by 

the chromatography data processing and XML export files from the TagFinder software.  

Respective files, representing the GC-MS data matrix and sample information of each 

experiment are uploaded into GMD.  TagFinder software then guides the user through a 

matrix specific MST and analyte recognition process.  The criteria suitable to validate the 

quality of the compound recognition, such as spectral matching factors and RI deviation, are 

uploaded into GMD and used to link profiles to MSTs and, thus, to metabolites.  The GMD 

infrastructure is currently tested using the large number of potato tuber profiles generated by 

http://www.genome.jp/kegg/
http://pubchem.ncbi.nlm.nih.gov/
http://www.cas.org/SCIFINDER/
http://www.iupac.org/inchi/
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the BMBF QuantPro program, “Innovative diagnostic tools to optimize potato breeding: 

systemic analysis of cellular processes and their relation to plant internal oxygen 

concentrations” (Hummel J, Steinfath M, Strehmel N and Kopka J, personal communication).   

 
 
Table 1 The Golm Metabolome Database (GMD) currently harbors retention indices and mass 

spectra of 2,437 non-redundant MSTs from 1,632 commercially available reference 
substances.  The transfer of retention index (RI) properties between chromatography 
variants of the contributing laboratories is demonstrated in this analysis (cf. Table 3 of 
Strehmel et al. 2008 [14])a   

 
Variant 1 Variant 2 Variant 3 Variant 4 Variant 5 Variant 6 Variant 7 Variant 8

Column Brand VF5 RTX5 RTX5 DB5 VF5 DB5 RTX5 Eq5

Temperature Ramp (°C/min) 9 9 15 40 6 6 5 3

Gas chromatograph 6890N 6890N 6890N 6890N Trace GC ultra Trace GC GC 8000 Trace GC

Aquisition rate (scans/s) 20 20 6 30 2 2 1.67 2

Mode of Detection TOF TOF TOF TOF Q Q Q TRAP

A Number of Paired Analytes
Variant 1 488 348 274 179 157 175 318 65
Variant 2 931 623 209 226 244 518 96
Variant 3 964 184 206 192 437 93
Variant 4 299 151 127 197 71
Variant 5 264 154 224 77
Variant 6 324 190 82
Variant 7 961 96
Variant 8 103

B Correlation Coefficient (r2)
Variant 1  - 0.99984 0.99971 0.99945 0.99914 0.99951 0.99926 0.99956
Variant 2 0.99983  - 0.99979 0.99951 0.99910 0.99961 0.99932 0.99962
Variant 3 0.99971 0.99979  - 0.99950 0.99973 0.99977 0.99977 0.99945
Variant 4 0.99938 0.99945 0.99943  - 0.99880 0.99983 0.99886 0.99976
Variant 5 0.99916 0.99913 0.99974 0.99904  - 0.99987 0.99974 0.99962
Variant 6 0.99951 0.99961 0.99977 0.99983 0.99987  - 0.99981 0.99975
Variant 7 0.99925 0.99931 0.99977 0.99910 0.99974 0.99981  - 0.99978
Variant 8 0.99956 0.99962 0.99945 0.99976 0.99963 0.99975 0.99978  - 

C Standard Deviation (RIpredicted - RIdetermined)
Variant 1  - 7.42 9.21 12.71 16.05 9.54 16.04 9.55
Variant 2 7.50  - 8.00 12.01 17.13 9.33 15.00 8.20
Variant 3 9.30 8.10  - 12.12 9.18 7.83 9.29 9.58
Variant 4 13.64 12.89 13.08  - 19.81 5.69 19.58 7.36
Variant 5 15.93 16.82 9.14 17.56  - 5.11 9.36 9.22
Variant 6 9.56 9.37 7.73 5.66 5.11  - 6.75 6.8
Variant 7 16.19 15.04 9.27 17.17 9.28 6.70  - 6.80
Variant 8 9.07 7.82 9.10 6.98 8.72 6.50 6.53  - 

D Standard Deviation (RI

3

predicted - RIdetermined [% of RIdetermined])
Variant 1  - 0.38 0.42 0.52 0.59 0.55 0.64 0.52
Variant 2 0.39  - 0.42 0.47 0.61 0.64 0.60 0.44
Variant 3 0.43 0.44  - 0.54 0.46 0.51 0.43 0.57
Variant 4 0.53 0.48 0.54  - 0.66 0.35 0.69 0.40
Variant 5 0.59 0.62 0.45 0.62  - 0.29 0.40 0.46
Variant 6 0.56 0.67 0.50 0.35 0.29  - 0.37 0.3
Variant 7 0.64 0.60 0.42 0.64 0.40 0.36  - 0.3
Variant 8 0.50 0.43 0.55 0.38 0.44 0.37 0.35  - 

8
6

 
a All included method variants were based on 5%-phenyl-95%-dimethylpolysiloxane 
or equivalent stationary phases and were operated at 1 mL/min constant helium flow.  
Column brand, temperature programming and mass spectral detection varied as 
indicated.  (A) Number of paired analytes, which were used for 3rd order polynomial 
regression, (B) regression coefficients, r2, (C) accuracy of prediction as characterized 
by standard deviation of residual errors, RIpredicted −RIdetermined, and (D) accuracy of 
prediction as characterized by standard deviation of residual errors expressed as 
percent of RIdetermined.  Note that due to the algorithm resulting matrices B and C are 
not exactly symmetrical; horizontal variants were used to predict RIs of the variants 
listed vertically.   
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Figure 9 (>) Principal component analysis covering 38.5% and 21.9 % of total variance in a data 
set of leaf metabolite profiles from Arabidopsis thaliana eco-type Columbia. Plants 
were environmentally challenged (i) by high light (L, diamonds; long-term adaptation 
to 560 and 850 µE/m² compared to a control at 120-150 µE/m²), (ii) by high 
temperature (H, squares; up to 4 h at 40°C compared to a control at 20°C; Kaplan et 
al. 2007 [18]) and (iii) by low temperature (C, circles; up to 96h at 4°C compared to a 
control at 20°C, Kaplan et al. 2004 [17]). Different formatting highlights 
environmental challenge (A) and time course compared to the control group (B).  
Note that high light and high temperature response exhibit a partial overlap (arrows).  
Cold de-acclimated plants (CD, triangles; 24h reversion to 20°C after 96 h at 4°C) 
show the existence of a metabolic memory after reversion to optimum temperature 
conditions (cf. Figure 1 of Steinhauser and Kopka 2007).  C, cold; CD, cold de-
acclimation; H, heat; L, light; O, control samples representing optimal growth 
conditions.   

 
 

 

 

 

In conclusion, GMD has been created as a GC-MS focused public database for the 

successful dissemination of reference mass spectra and retention information for reproducible 

analyte recognition in the metabolomic field (Schauer et al. 2005 [10], Kopka et al. 2005 

[11]).  Subsequently GMD has been extended to a relational database (unpublished) which 

harbors a bipartite data model suited for both, the metabolite identification and the profiling 

workflow.  The added value of GMD has so far been exploited with a focus on top-down 

identification (Fig. 4-7).  First analyses of the database content have begun and will provide 

empirical thresholds for MST recognition (Strehmel et al. 2008 [14]).  This study uses the 

redundant entries within the GMD collection for RI prediction between typical variants of the 

GC-MS based metabolite profiling method and estimated 0.5 -1.0 % RI precision for 

compound recognition (Tab. 1).  Because these thresholds will not solve all matching 

ambiguities in complex samples, the co-analysis of reference substances with each GC–MS 

profiling experiment was recommended.  The composition of such defined reference mixtures 

may best approximate or mimic the quantitative and qualitative composition of the biological 

matrix under investigation.  Future efforts will continue metabolite identification, utilize 

GMD information to classify and characterize yet non-identified MSTs and most importantly 

focus on routine uploading of TagFinder processed profiling experiments.  Thus, a 

compendium of metabolite profiles which describe mutant and natural metabolite phenotypes 

in response to nutritional and environmental stress conditions is envisioned for future 

comparative metabolic pattern analysis (Fig. 9).   
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Enhanced Metabolite Profiling using Mass Isotopomer Ratios (ITR) 
 

GC-MS based metabolite profiling has high inherent reproducibility. The quantitative 

dynamic range typically covers three orders of magnitude or more (Fig. 10A). Technical 

reproducibility can be below 10 % relative standard deviation (RSD) unless measurements are 

near detection limits (Fig. 10B).  Metabolite recoveries, mostly in the 70-130 % range, and 

linear range of quantification have been established in early studies, using exemplary 

biological sample types (e.g. Fiehn et al. 2000a [1], Roessner et al. 2000 [2]).  However, two 

sources of technical artifacts were uncovered: (i) Metabolites may generate two or more 

alternative analytes, for example different degree of trimethylsilylation or Z- and E-products 

of methoxyamination.  The ratios of such analytes are mostly stable, but may vary if the 

composition of the investigated biological matrix affects reagent surplus or reagent reactivity.  

(ii) The chosen biological matrices may also be resilient to reproducible extraction or may 

have low and non-reproducible metabolite recoveries.  The best solution to the standardization 

of such detrimental effects is the use of chemically synthesized, stable isotope labeled, 

quantitative internal standard substances.  This procedure was suggested for routine 

standardization of exemplary compounds (Fiehn et al. 2000a [1]) and was subsequently 

found to substantially enhance analytical RSD (e.g. Gullberg et al. 2004).  However, this gold 
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standard of relative quantification renders metabolite profiling experiments expensive and 

restricted only to those compounds which are accessible to chemical mass isotopomer 

synthesis.   
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Figure 10 Technical reproducibility of GC-TOF-MS based metabolite profiling following the 

method of Erban et al. (2007) [4]. Technical replicate analyses of Oryza sativa cv. 
Nipponbare leaf material was performed by preparation of 29 identical aliquots from a 
stock of deep-frozen, homogenized powder.  The detector response of all common 
mass features from two replicate analyses (A) demonstrates the high degree of 
reproducibility.  The relative standard deviation (RSD) of each mass feature across all 
replicate measurements (B) defines the optimum range of relative quantification.  
Note that intense features representing metabolites are typically below 10 % RSD and 
that the population of intense features at 50-60 % RSD is caused by reagent 
contaminations.  GC-TOF-MS chromatograms were processed by TagFinder 
software.  Gray format in subfigure A indicates the response cutoff suggested for the 
processing of this experiment (Erban A and Kopka J, unpublished).   
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A solution to the efficient standardization of metabolite profiling experiments was found 

by combining in vivo-stable isotope labeling of whole organisms with relative (Birkemeyer 

et al. 2005 [6]) or absolute (Mashego et al. 2004, Wu et al. 2005) quantification of metabolite 

pool sizes.  First the yeast, Saccharomyces cerevisiae (Birkemeyer et al. 2005 [6]), then 

higher plants, such as Arabidopsis thaliana or Oryza sativa (Huege et al. 2007 [7]), were 

used as models for technology development.  In pre-experiments 2H, 15N and 13C labeling 

were compared.  Labeling by 2H2O (D2O) proved impossible as this isotopologue of water 

was toxic to higher plants (Erban A and Kopka J, unpublished).  The use of high 15N-

enrichment proved feasible in higher plants, but - inherent to the chosen element - only the 

sub-fraction representing the N-metabolome was labeled (Engelsberger et al. 2006).  Finally, 

the use of the 13C-isotope exhibited broadest metabolite coverage coupled to high mass shifts.  

With U-13C-glucose as exclusive carbon source yeast was readily 13C-labeled.  Only minor 

effects on metabolite pool sizes were detected and viability appeared unaffected (Birkemeyer 

et al. 2005 [6]).  Subsequently, using a CO2 controlled plant growth chamber built by GMS 

Gaswechsel-Messsysteme GmbH, Berlin, Germany (http://www.gms-

biobox.de/Biobox_english/biobox _english.html), a method for the in vivo-labeling of higher 

plants in hydroponic cultivation was established (Huege et al. 2007 [7]).  Plants were fully 

viable and 90 atom% or higher 13C-enrichment was achieved within the soluble metabolite 

pools accessible to GC-MS profiling.  Full stable isotope labeling of higher plants was also 

reported in parallel studies using alternative in vivo- or in vitro-labeling strategies (Dueck et 

al. 2007, Hegeman et al. 2007).   

With efficient in vivo-labeling of yeast and higher plants in place, a method for the 

enhanced relative quantification by GC-TOF-MS profiling appeared to be feasible and was 

developed.  This method uses identical aliquots of 13C-labeled biological reference material, 

namely, whole cell preparations, for comprehensive, stable isotope based, internal 

standardization.  The ratios of monoisotopic 12C- and 13C-mass signals representing identical 

chemical fragmentation products or molecular ions are used to estimate fold changes of pool 

sizes compared to the spiked labeled biological reference material.  Both, identified and non-

identified analytes can thus be tested for recovery.  After patent submission (Luedemann et al. 

2005) the approach was published as a tool for enhanced GC-TOF-MS based metabolite 

profiling (Birkemeyer et al. 2005 [6]) and then judged to be part of the next wave in 

metabolome analysis (Nielsen and Oliver 2005).  When applied to the profiling of the 

intracellular metabolites of yeast the enhancement by stable isotope ratio profiles becomes 

evident (Fig. 11).   

http://www.gms-biobox.de/Biobox_english/biobox%20_english.html
http://www.gms-biobox.de/Biobox_english/biobox%20_english.html
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Figure 11 Improved accuracy of ITR enhanced GC-TOF-MS based metabolite profiling.  A 

yeast, Saccharomyces cerevisiae, cell culture was grown to OD 1.0 and then subjected 
to a 10 °C cold stress.  A time course was sampled into -60 °C cold methanol at 70 % 
final concentration using equal aliquots of pre-sampled 13C-labeled yeast cells as 
internal standard for mass isotopomer ratio (ITR) metabolite profiling.  Principal 
component analyses of the same metabolite set compare normalization by a single 
internal standard (IS), namely, ribitol (A), to ITR enhanced normalization (B).  Note 
that that the overall technical variation is substantially reduced by ITR.  The gain in 
precision is caused by reduced standard deviation (C, arrow), but does not alter 
substantially mean metabolite profiles.  This finding is exemplified using a 
representative example; normalization by cell number (white bars), normalization 
using a single IS (gray bars) and normalization using ITR (black bars), standard 
deviation (n = 5) is indicated at t0 (C).  A comprehensive comparative analysis (D) 
demonstrates that - with few exceptions - all ITR normalized mass features have equal 
or reduced standard deviation (SD).  The time course is color coded (cf. C).  
(Strassburg K and Kopka J, unpublished).   
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In conclusion, this thesis has established the in vivo-stable isotope labeling of higher 

plants and of yeast which was chosen as an initial model organism for technology 

development.  This achievement has been employed to enhance the accuracy of GC-TOF-MS 

based metabolite profiling by quantifying mass isotopomer ratios, ITRs (Luedemann et al. 

2005; Birkemeyer et al. 2005 [6]).  ITR enhanced metabolite profiling is laborious compared 

to traditional metabolite profiling.  For this reason, ITR enhanced profiling will remain 

restricted to resilient biological matrices but it may prove to be superior for future metabolic 

modeling approaches.  The upcoming studies in my laboratory will focus on the utilization of 

ITR enhanced metabolite profiling for the analysis of trace compounds from plant material.  

Such efforts will build on the previous experience of inherent technological limitations of 

phytohormone profiling.  The GC-MS based profiling of phytohormones was explored in my 

laboratory (Birkemeyer et al. 2003 [5]), but this method required several enrichment steps 

and highly accurate control of phytohormone recovery.  Therefore, the technology was 

essentially limited by availability of stable isotope labeled internal standards (Birkemeyer et 

al. 2003 [5]).  The required complex mixtures of chemically diverse phytohormones were 

excessively expensive or a matter of specific customized chemical synthesis.  Now reference 

mixtures which should contain phytohormones can be provided as part of in vivo-labeled 

biological reference material.   

 

Towards Combined Metabolite Pool Size and Flux Analysis 
 

As the causal physiological interpretation of metabolite pool size changes is limited, 

mostly due the polygenic nature and multiple levels of metabolic control, flux analyses may 

be seen as the key technology for a more detailed functional insight into metabolic processes.  

GC-TOF-MS technology allows the measurement of both, pool sizes using mass fragment 

abundance and flux using the mass isotopomer distribution, to determine the fractional 

enrichment of stable isotope labeled elements over time.  In short GC-TOF-MS metabolite 

profiling technology has the potential of combined pool size and flux analyses and in 

combination with 13C-tracing experiments is suited to tackle the physiology and dynamics of 

carbon partitioning in photosynthetic organisms.  The partitioning of carbon within the plant 

is perhaps the most essential topic in modern biology moving towards systems analysis.  

Insight into this process will substantially contribute to our functional understanding of plant 

acclimation responses to nutritional or environmental cues and the underlying gene functions.  
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The tracing of assimilated CO2 is the most direct approach towards monitoring carbon 

partitioning in photosynthetic organisms.  For this reason the labeling of plants with CO2 with 

both, radioactive (e.g. Calvin M, 1956; Calvin M, 1961) or stable isotope tracing (e.g. 

Schaefer et al. 1975, Schaefer et al. 1980, MacLeod et al. 2001, Schwender et al. 2004) has 

been applied utilizing the main entry points of CO2 into plant metabolism, namely, ribulose-

1,5-diphosphate carboxylase (EC 4.1.1.39) and phosphoenolpyruvate carboxylase (EC 

4.1.1.31).  CO2 tracing studies yielded ground-breaking biological insights into photosynthetic 

carbon assimilation and, thus, into the essential life-sustaining physiological mechanisms on 

earth.   

As the steady state assumption may not hold true for most photosynthetic systems the 

focus of the most recently started technology development project in my laboratory was set on 

enabling dynamic flux estimations of soluble metabolite pools (e.g. Ratcliffe and Shachar-

Hill, 2006).  This approach is currently discussed for the phenotypic analysis of gene function 

in higher plants (e.g. Fernie et al. 2005, Baxter et al. 2007) or cyanobacteria (e.g. Shastri and 

Morgan 2007) and first lesson lessons have already been learned in my laboratory.   

CO2 partitioning into polar metabolite pools of higher plants.  The combined 

estimation of pool size and flux represents perhaps one of the most demanding technology 

developments.  Kinetic measurements of higher plants are best performed on homogenously 

grown populations of individuals so as to establish a high resolution time course and to 

address the plant to plant variation of identical genotypes.  Also induction of wound reactions 

and positional or developmental effects are avoided which would obscure kinetic 

measurements if the same plant individual is successively sampled several times.  Population 

sizes of 60 plants or 2 x 30 for pair-wise comparisons were found sufficient.  In my laboratory 

the chase after 4-5 weeks 13C-labelling was monitored because the chase can be easily 

performed by exposure to ambient CO2 and air.  This asset enables good plant pre-acclimation 

and rapid sampling with minimal environmental perturbation.  Except for air humidity 

environmental factors were kept constant during the chase period and representative enzyme 

activities remained unchanged even 3 days after initiation of the chase period.  As was 

expected, the experimental through-put was low.   

A first simplified data processing scheme was established starting with TagFinder 

software processing of the complex mass isotopomer distribution data from GC-TOF-MS 

chromatograms.  Assuming homogenous metabolic labeling by 13CO2 feeding, isotopomer 

distributions were first converted to fractional enrichments (atom %) using the sum formulas 

of molecular ions and mass fragments, of electron impact induced fragmentation reactions 
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(Huege et al. 2007 [7]).  The second assumption made was a first reaction order of the initial 

chase kinetics.  Together these assumptions allowed calculation of 13C-half life in each of the 

monitored metabolite pools.  This concept may represent the basis of a potential measure for 

metabolic C-partitioning.  Different organs and parts of the same plant, namely, root and 

shoot, were monitored in parallel.  Experiments had to be limited to the initial reaction 

kinetics, because the chase kinetics turned increasingly variable under prolonged conditions 

(Fig. 12, insert).   
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Figure 12 The short-term kinetic behavior of 13C-isotope dilution into exemplary metabolite 

pools of Arabidopsis thaliana Col-0 shoot upon exposure to ambient CO2.  13C-decay 
was traced during the initial 2 h of the first light period and throughout the second 
photoperiod, insert (cf. Figure 7 of Huege et al. 2007 [7]).   
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Perhaps the most striking and unexpected observation was a biphasic chase response.  

After initial first reaction order kinetics a phase of “quasi steady states” at fractional 

enrichments elevated above the expected ambient composition was apparent in many 

metabolite pools.  This finding may be indicative of a mixed use of newly assimilated carbon 

resources and turn-over of previously assimilated carbon stores (Fig. 12).   

CO2 partitioning analysis using cyanobacterial cultures.  Flux analyses of higher 

plants, as described above, will always be subject to the influences of individual phenotypic 

variation of identical genotypes.  Therefore, the analysis of cyanobacterial cultures was 

pursued in co-operation with an expert laboratory in cyanobacterial physiology (Eisenhut et 

al. 2008).  This study led to the discovery of a partial metabolic phenocopy of on one side 

cyanobacterial cells shifted from high to low CO2 supply compared to mutants with defined 

blocks in the photorespiratory metabolism including an unexpected increase of the C/N 

signaling molecule, 2-oxoglutarate.  First dynamic flux studies were performed to understand 

this finding using photoautotropic cell cultures of the Synechocystis sp. PCC 6803 reference 

strain and photorespiratory mutants (data not shown).  A 13C-pulse was applied to cultures 

pre-grown under ambient conditions at defined cell density by adding a large excess of 13C-

labeled carbonate.  The subsequent chase was set 60 min after pulse by substituting carbonate 

free medium after centrifugation and aeration with ambient air (Fig. 13).  Cells were sampled 

by rapid, 20-30 sec, harvest onto a filter membrane and immediate shock freezing into liquid 

nitrogen.   

The initial results using high 13C-carbonate medium demonstrated fast and immediate 
13C-fractional enrichment of photoautotrophic Synechocystis sp. PCC 6803 cultures occurring 

as expected (e.g. Shastri and Morgan 2007) at 10-15 min with maximum enrichment reaching 

92 atom % and 96 atom % in 3-phosphoglycerate and phosphoenolpyruvate pools, 

respectively (Fig. 13).  Surprisingly, in all experimental repetitions the 3-phosphoglycerate 

pool exhibited a slightly lower apparent fractional enrichment than phosphoenolpyruvate.  

This observation may indicate and artifact caused by fast assimilation of ambient CO2 during 

filtration harvest of the cell cultures.  This potential artifact is currently under investigation so 

as to rule out or substantiate a physiological cause of this finding.   

All observed responses of our pilot study were clearly non-steady state and in agreement 

with the dynamic flux concept, as the experimental intervention necessary for the carbonate 

pulse chosen for this experiment was designed to suppress the oxygenase side reaction 

ribulose-bisphosphate carboxylase by high CO2 concentrations.  Rapid and strong changes in 

metabolite pool sizes were induced.  The excess of assimilated carbohydrate appeared to be 
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rapidly sequestered into the increasing sucrose pool which was remobilized during chase.  

Besides high modulations of many metabolite pool sizes, the fractional enrichment of some 

metabolites indicated utilization and turn-over of pre-assimilated internal carbon stores, 

possibly derived from glycogen, lipid or protein break down.  Following fast initial kinetics, 

~10 min after the pulse, indications of 12C-utilization became obvious.  For example citrate 

and aspartate exhibited negative 13C-enrichment during pulse and fumarate showed a “quasi 

steady state” at intermediate fractional enrichment similar to our observations using higher 

plants (Fig. 13).  Clearly, a balance between mobilization of internal carbon and de novo CO2 

assimilation must be considered for the future modeling of Synechocystis primary metabolism 

under excess CO2.  Furthermore the pulse and chase kinetics of our pilot study were different 

(Fig. 13) reflecting the different speed of carbon exchange using fast substitution by carbonate 

addition compared to centrifugation and slow CO2 exchange by aeration.  Aeration exhibited 

a lag phase indicated by the delayed chase kinetics of the most rapidly responding 3-

phosphoglycerate and phosphoenolpyruvate pools.  Future experimental optimization of 

dynamic flux studies will focus on approximating steady state conditions during the pulse and 

on avoiding large changes of CO2 availability.  Setting pulse and chase by centrifugation and 

rapid resuspension into differentially labeled but equally concentrated carbonate media 

appears to be one promising approach to obtain high fractional enrichments.  Alternatively 

CO2 isotopomer dilution by a factor of 2-3 and monitoring initial kinetic only may also be 

pursued.   

In conclusion, the basic technology, namely, the GC-TOF-MS based dynamic flux 

analysis of soluble metabolite pools, has been established in pilot studies using 13CO2 labeling 

of plants, Arabidopsis thaliana and Oryza sativa (Huege et al. 2007 [7]), and the 

Synechocystis sp. PCC 6803 reference strain (Huege J, Hagemann M, Kopka J, unpublished).  

Thus, the ground braking experimental setup of Calvin and co-workers can now be revisited 

with modern tools.  This option may now enhance our understanding of the dynamics of 

carbon partitioning in photoautotrophic organisms.   

The current state of flux technology development in my laboratory is, however, still 

incomplete and the cyanobacterial flux experiments clearly need optimization towards 

improved conditions approximating steady states.  Relative changes of metabolite pool size 

and fractional enrichment can be monitored in parallel using the sum and intensity distribution 

of representative mass isotopomers in kinetic pulse and chase experiments (Fig. 13).  Even 

though combined analysis is now enabled, it is still unclear if apparent relative changes of 

pool sizes can be used to correct the fractional isotope enrichment for fluctuations of 
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metabolite concentrations.  The requirement to quantify metabolite concentrations is evident.  

Only exact knowledge of the pool sizes will allow assessment and comparison of the molar 

carbon partitioning over time and between different metabolite pools.  For this reason the 

initial experiments establishing linear ranges of quantification (Fiehn et al. 2000a [1], 

Roessner et al. 2000 [2]) need to be revisited and quantitative calibration curves to be 

established.   
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Figure 13 Pulse and chase kinetics of 13C-isotope dilution into exemplary metabolite pools of a 

photoautotropic culture of Synechocystis sp. PCC 6803.  A 13C-carbonate pulse (t = 0 
min) using growth medium supplemented with excess NaH13CO3 and a chase (t = 60 
min) by centrifugation, resuspension in carbonate free medium and ambient aeration 
was performed.  Response ratios representing the relative changes of metabolite pool 
sizes and 13C-fractional enrichment were calculated.  Fluctuations of pool sizes and 
utilization of non-labeled internal carbon stores during pulse and chase are 
demonstrated.  The influence of internal carbon stores is indicated by intermittent 
reduction of fractional enrichment during the pulse period, cf. citrate and aspartate.  
The mass fragments used for this study are identified in the legend by loss of mass 
units from the molecular ion (M).  Note that the response ratios while proportional to 
the changes of concentration still require exact quantitative calibration.  (Huege J, 
Hagemann, M and Kopka J, unpublished).   
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The Metabolic Component of Plant Environmental Stress Acclimation 
 

Most, if not all, plant responses to environmental stresses have a metabolic component.  

Basic stress tolerance as well as acclimation processes and acquired tolerance integrate 

transcriptional and metabolic components of the plant system.  Notably, many of the 

described abiotic stress effects relate to elements of central metabolism.  In this respect, the 

metabolic responses to abiotic environmental stress conditions differ fundamentally from 

biotic stress cues which are part of plant-plant, plant-microbe or plant-animal interactions.  To 

manage these interactions plants have evolved an intricate and highly specific exchange of 

small metabolic signals.  These signals enable early detection of pathogen and predator attack 

or recognition and establishment of beneficial symbioses.  In symbiotic and successful 

parasitic interactions primary metabolites may function as nutrients.  However, the signals 

exchanged in these interactions are often derived from highly specialized, species- or even 

ecotype-specific secondary metabolic pathways and are typically perceived by specific 

receptor proteins and signaling cascades.  Such secondary metabolites, specifically volatiles 

and chromophores, are also used for long distance communication.  Systemic and local plant 

metabolic defense responses are typically based on fast evolving deterrent, anti-nutritive and 

toxic secondary products.  Coincident changes of primary metabolism may be interpreted as 

the obligatory recruitment of resources and energy for facultative secondary metabolite 

biosynthesis.   

In contrast, metabolites involved in abiotic environmental stress responses may have 

less specific and less obvious functions.  Two general rationales of environmentally induced 

metabolic remodeling are conceivable.  On the one hand, owing to the direct effects of 

physicochemical parameters on catalytic properties of enzymes and membrane transport, 

environmental cues are discussed to require regulatory adjustments of metabolite steady-state 

levels and flux in order to re-establish homeostatic conditions (Fernie et al. 2005, Schwender 

et al. 2004).  Metabolic homeostasis may become distorted for example by general 

thermodynamic effects, such as the temperature dependency of chemical reaction rates, or by 

an environmental influence on single reactions which can be caused by stress sensitive 

enzymes.  Such mechanisms would both involve patterns of changes throughout the 

metabolome rather than affect single metabolite pools or reaction rates.  On the other hand 

tolerance mechanisms are thought to utilize important molecular properties of specific 

metabolites or metabolite classes.  In the past particular interest was focused on metabolites 

that can function (i) as osmolytes to adjust cellular water potential to progressive dehydration, 
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(ii) as compatible solutes that function to stabilize and chaperone enzymes, membranes and 

other cellular components, (iii) as chelating agents or scavengers to neutralize or sequester 

potentially toxic levels of inorganic ions, metals and reactive radicals, such as oxygen species, 

(iv) as buffering agents to maintain ionic balance and pH homeostasis, (v) as energy sources 

to fuel cellular damage repair or membrane transport processes involved ion exclusion and 

cellular or systems wide ion partitioning, and (vi) as reagents which function in re-tailoring 

the liquid/crystalline physical raft structure of biological membranes.  Specific focus has been 

given to soluble sugars, polyols, polyamines, organic and amino acids as well as lipids (e.g. 

Guy 1990, Levitt 1972, Thomashow 1999).   

In conclusion, the GC-MS based metabolite profiling technology ideally covers - with 

the exception of complex lipids - the relevant metabolite species of environmental stress 

responses.  Therefore, a non-targeted, within technological limits comprehensive, assessment 

of metabolic remodeling and underlying patterns in higher plants was initiated.  These studies 

focused on the attempt to correlate changes of metabolite pool sizes to temperature and salt 

stress cues.  In the following the central results and discoveries of these functional metabolic 

studies will be exemplified.  Finally, the studies on the temperature and salt acclimation 

processes will be used to discuss potential general properties of metabolic stress acclimation.   

 

The Temperature Stress Response of Arabidopsis thaliana: A Time Course Study 
 

Time course experiments are perhaps the most informative experimental designs in plant 

molecular physiology.  The sequence of systems responses to experimental interventions can 

be the basis for hypotheses which try to explain the causal sequence of observed events.  In 

this aspect time course experiments, even though experimentally highly demanding, reveal 

aspects that can not be observed in purely correlative experimental designs (e.g. Steuer et al. 

2003, Urbanczyk-Wochniak et al. 2003, Weckwerth et al. 2004b).  Coincident correlative 

observations define an interaction between systems elements such as metabolite pools and 

mRNA levels, but usually do not allow deduction of cause and effect relationships.  The 

sequence of events, however, introduces an essential restriction on causal interpretation, 

because obviously only the preceding events can trigger subsequent effects.  To explore the 

potential of such approaches my laboratory performed - in co-operation with an expert 

laboratory on plant temperature stress (Guy CL, University of Florida, Gainsville, USA) - the 

perhaps first comparative time course study of the metabolic responses to long term cold 

acclimation versus short term heat shock in Arabidopsis thaliana Col-0 leaf.  Paired 
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metabolome and transcriptome data were recorded using - at that time feasible - low 

resolution time courses, namely, 0, 1, 4, 12, 24, 48 and 96h cold acclimation to 4°C and 0, 5, 

15, 30, 60, 120 and 240 min heat shock at 40°C (Kaplan et al. 2004 [17], Kaplan et al. 2007 

[18]).  The central result of this study was surprising.  Cold acclimation influenced 

metabolism far more profoundly than heat shock (cf. Fig. 9).  As these studies have recently 

been reviewed in detail (Guy et al. 2008b) four selected aspects will be discussed in the 

following.   

Enzyme encoding transcript abundance compared to metabolite levels.  Three types of 

response relationships between these two systems levels were revealed:  (i) Increases in 

transcript levels for enzymes of defined pathways such as the raffinose biosynthesis and the γ-

aminobutyric acid (GABA) shunt preceded increases in metabolite levels consistent with 

potential regulation by transcriptional activation.  (ii) Within some biosynthetic pathways, 

including glycine, alanine, threonine, leucine and sucrose synthesis or the citric acid cycle the 

increase of metabolite levels preceded increases in transcript abundance indicative of a 

possible feedback regulation acting at transcript level.  (iii) Other pathways, such as those for 

lysine, methionine, tryphtophan, tyrosine, arginine, cysteine, as well as polyamine and 

phenylpropanoid biosynthesis, exhibited decreasing transcript levels for many genes, while 

the corresponding metabolite pool sizes increased suggesting inverse transcriptional 

regulation by inactivation of degrading or consummation processes.  In conclusion, 

comparative transcript and metabolome studies can indicate different modes of transcriptional 

regulation, but may also point towards modes of regulation at other systems levels, namely, in 

cases of altered metabolite levels which are not accompanied by coincident observations at 

transcriptome level.  In all cases profiling studies lead to hypotheses which require detailed 

follow-up investigations.  These studies are perhaps best performed by reverse genetic 

approaches.  Specifically the dissection of the causal role of signaling components in 

acclimation events will become highly revealing.  For example, the constitutive over-

expression of CBF3, the central transcriptional regulator of cold acclimation, demonstrated 

that ~90%, but not all metabolite pools showing cold acclimation responses, were changed 

(Cook et al. 2004).  Cook and co-authors concluded that the CBF3 cold response pathway 

plays a prominent but non-exclusive role in metabolic cold acclimation.  Especially, the 

accumulation of fructose, glucose, galactinol, raffinose, proline and 9 yet non-identified 

MSTs appeared to be downstream of CBF3 signaling (Cook et al. 2004).  While a first step 

towards understanding metabolic regulation under cold stress has been taken, a detailed 

mechanistic analysis of all signal transduction events between the CBF3 transcription factor 
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and the change of a defined metabolite pool size is still missing.  Indeed CBF3 will represent 

only one of the multiple signals that may be utilized for the integration of environmental cues 

at metabolic level.   

The raffinose pathway.  Many of the temperature stress responses were shared between 

cold acclimation and heat shock, such as the changes of citric acid cycle intermediates, 

aromatic amino acids and amino acids levels derived from pyruvate or oxaloacetate.  The 

perhaps most striking similarity between both temperature cues was the reconfiguration of 

carbohydrate metabolism towards galactinol and raffinose biosynthesis (Guy et al. 2008b).  

The observed transcriptional activation appeared to involve temperature dependent 

differential expression of some of the four raffinose synthase and three galactinol synthase 

isozymes (Guy et al. 2008b).  This differential transcript response indicated an intricate mode 

of regulation for the raffinose pathway in addition to the CBF3 mediated signal input.   

The induction of the raffinose pathway was a previously known response to cold 

acclimation.  Chemical properties of galactinol and raffinose were hypothesized to represent a 

causal mechanism of cold tolerance.  Surprisingly, the same pathway also responded to heat 

shock (Kaplan et al. 2004 [17]) and was, therefore, also implicated in the acquisition of heat 

tolerance (Panikulangara et al. 2004).  However, the targeted genetic modification of 

galactinol and raffinose levels by knock-out and over-expression of galactinol synthase or 

raffinose synthase genes caused substantially changed metabolite pools but failed to 

demonstrate significantly altered plant performance under both, heat (Panikulangara et al. 

2004) and cold stress (Zuther et al. 2004, Hincha et al. 2006).  Thus, the role of raffinose 

pathway induction under temperature stress still remains elusive.  Additional observations, 

namely, the dose dependent accumulation of galactinol and raffinose in the course of 

Arabidopsis thaliana Col-0 acclimation to NaCl stress (cf. below, Sanchez et al. 2008b [21]) 

or to high light (Kopka J, unpublished) further increased the known instances of raffinose 

pathway induction in Arabidopsis thaliana.  Considering all these observations, the difficulty 

of dissecting the role of single metabolites or enzymes for specific environmental stresses 

becomes apparent.   

Starch mobilization.  The process of starch mobilization under cold stress demonstrated 

the importance of kinetic aspects for the understanding of acclimation responses to 

environmental stress.  Specifically the speed and timing of such responses should be highly 

informative.  During cold acclimation transient increases of maltose and maltotriose pools 

were discovered which went unnoticed in studies comparing steady states after long-term 

acclimation.  The early maltose transient was followed by a sequence of subsequent increases 
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in many central carbohydrate pools, e.g. glucose, fructose, glucose-6-phosphate, fructose-6-

phosphate, as well as sucrose.  Finally, the carbohydrate reallocation extended to late 

galactinol, raffinose and melibiose accumulations.  A non-linear principal component analysis 

(PCA) corroborated the importance of early maltose accumulation among the observed 

overall non-linear metabolite patterns (Scholz et al. 2005 [12]).  This carbohydrate 

redistribution process appeared to be pushed by rapid starch degradation and was 

accompanied by transcriptional activation of the disproportionating enzyme and the α-glucan-

phosphorylase (Guy et al. 2008b).  Furthermore, the plastid targeted β-amylases, BMY7 and 

BMY8, were induced and maltose was found to have properties of a compatible solute 

(Kaplan and Guy 2004).  Thus, maltose was suggested to play a protective role in acute 

temperature stress responses (Kaplan and Guy 2004).  Targeted genetic modification of β-

amylase, BMY8, confirmed a specific protective role of fast maltose or maltose dependent 

carbohydrate accumulation under cold shock, possibly acting through influencing the 

photochemical efficiency of photosystem II (Kaplan and Guy 2005).  The role of maltose may 

currently be understood as the fastest available resource for a compatible solute.  This 

function may later be taken by other metabolites with similar solute properties.  In other 

words Arabidopsis thaliana may use different but equally effective compatible solutes 

according to the kinetic and metabolic constraints which are concomitant to the respective 

stress cues at hand.   

Salicylic acid signaling.  The importance of metabolite signals for environmental stress 

responses may best be exemplified by following the kinetics of a typical phytohormone, 

salicylic acid (SA).  The SA levels exhibited - within the first 5 min - a rapid transient 

increase in response to heat shock and also became elevated during prolonged exposure to 

low temperature, however, on a much slower time scale (Kaplan et al. 2004 [17], Guy et al. 

2008b).  The responses of SA levels to both temperature stresses suggest that at least in one 

aspect, phytohormone signaling may converge during heat and cold stress (Fujita et al. 2006).  

Several further studies investigated SA signaling and temperature stress.  At low temperatures 

SA levels were found to modulate plant growth, acting under conditions in which the growth 

rate inversely correlated with freezing tolerance (Scott et al. 2004).  Thus, SA signaling has 

become implied in both, basic (Clarke et al. 2004) and acquired (Larkindale et al. 2005) 

thermo-tolerance.   

In conclusion, the time course study revealed important general aspects of the 

metabolic complement of environmental stress acclimation:  (i) Identical metabolites can be 

recruited by Arabidopsis thaliana under diverse stress conditions.  This observation indicates 
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that it will be hard to assign clear cut functions to a single metabolite.  Instead, metabolite 

patterns may become important diagnostic markers.  (ii) Both, the short term and long term 

kinetics of metabolic stress acclimation, are important.  It is noteworthy that cold acclimation 

does not reach a steady state even after 4 days at 4°C (Kaplan et al. 2004 [17]) or longer 

exposures (Klotke et al. 2004).  (iii) The function of primary metabolites may reside in both, 

the specific chemical properties, e.g. as a compatible solute, and in the provision of 

sufficiently high metabolite concentrations for biosynthetic or energy conversions.  

Considering these general functions it is easily conceivable that a plant may choose between 

alternative metabolites serving the same purpose depending on the coincident environmental, 

nutritional and metabolic conditions.  Two speculative examples, which have not yet been 

investigated in detail, may serve to illustrate this aspect.  It is reasonable to assume that the 

fast maltose transient under cold stress will not be operative under carbon starvation 

conditions and needs to be substituted, for example after an extended night or at first light 

when the levels of transitory starch are low.  Also nitrogen limiting conditions may require 

metabolic plasticity in response to stress, because nitrogen containing solutes, such as proline, 

may not be available for accumulation to sufficiently high concentrations.  In both cases a 

successful metabolic response should have the option of alternative metabolite usage.  (iv) 

The dynamic change of metabolite patterns will reflect the reallocation of metabolic building 

blocks and resources and may also comprise signals.  (v) Observations of relevant metabolite 

patterns will not necessarily follow linear interactions or correlations.  Instead, non-linear 

patterns may represent predictive indicators of the plant capacity to tolerate environmental 

stress.  It may, therefore, not come as a surprise that the magnitude of the global metabolome 

changes which were observed in 9 differentially adapted Arabidopsis thaliana ecotypes did 

not correlate with the acquisition of freezing tolerance during cold acclimation (Hannah et al. 

2006).  Even though previous studies indicated a differential metabolic response of single 

ecotypes (e.g. Cook et al. 2004, Klotke et al. 2004) the above studies neglected the kinetic 

aspect of acclimation and may have overlooked important non-linear and intermediate 

transient responses.   

The essential lesson to be learned from this study relates to the use of linear correlative 

approaches to data integration.  These techniques have been successful in my own and other 

laboratories for the mining of high-throughput transcription profiling compendia (e.g. 

Steinhauser et al. 2004a [15], Steinhauser et al. 2004b [16], Lisso et al. 2005, Rautengarten 

et al. 2005) and can also be used for the analysis and integration of metabolome and 

transcriptome data (Urbanczyk-Wochniak et al. 2003, Weckwerth et al. 2004b).  However, 
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given the restrictions of traditional experimentation in plant physiology, which mostly relies 

on pair-wise or multiple comparisons and low resolution time courses, these techniques will 

probably not yield direct causal hypotheses on regulatory interactions between metabolic and 

transcriptional systems levels.  Novel experimental designs, for example time shifted 

correlation analyses of high resolution time course experiments, are clearly required for the 

enhanced and deeper understanding of plant stress physiology.   

 

The Salt Stress Response of Lotus japonicus: A Study on Stress Dosage 
 

Parallel to the investigations of temperature stress the analysis of the metabolic 

complement of salinity stress was initiated in my laboratory as one of the crucial factors 

affecting global crop productivity.  Water limitation is probably the most important 

environmental constraint.  Given (i) the ever-increasing demand for food and animal feed as 

the world population rises and (ii) the limitation to expand rain-fed crop production, intensive 

irrigation will be a key strategy in developed and developing countries to meet the global 

agricultural need.  Hence, secondary soil salinization will increasingly affect world 

agriculture, especially in the expanding arid and semi-arid regions.  Unfortunately, we are ill 

prepared to meet the challenge of soil salinization because most traditional crops are salt 

sensitive.  My laboratory started to explore the metabolic basis of salt acclimation using three 

model species, the standard plant molecular physiology model, Arabidopsis thaliana, the feed 

plant, Lotus japonicus (LOTASSA project, EU INCO-CT-2005-517617, in co-operation with 

the expert laboratory of Dr. MK Udvardi, MPIMP), and the monocot rice crop, Oryza sativa 

(cf. Zuther et al. 2007).   

Comparative analysis of the metabolic salt stress response. As a systematic 

investigation of model plants and crop species is clearly required, the initial work was focused 

on a comparative analysis of metabolic acclimation processes of the different species, so as to 

estimate the potential to transfer knowledge from models to crops and, thus, the possibility to 

generalize biotechnological approaches towards modified salinity tolerance.  Non-lethal 

dosage dependency analyses were performed using increasing saline conditions and long term 

acclimation (> 14 days).  Experiments were performed with 4-6 replicate plants of each 

condition and in three independent repeats to eliminate spurious responses and biases that 

may occur in a single experiment (cf. Fig. 1A of Sanchez et al. 2008b [21]).  The early 

reports on the response of higher plants to salt stress, but also the new profiling results (e.g. 

Avelange-Macherel et al. 2006, Cramer et al. 2007, Kim et al. 2007, Pinheiro et al. 2004, 
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Rizhsky et al. 2004), appear at first sight to yield variable results. This may be explained in 

part by inherent differences between plant species, but may also be related to the use of, 

different organs, time scales of stress exposure, modes of cultivation, e.g. soil and hydroponic 

growth, and difficult to control combinations of stress factors, such as osmotic, drought, salt 

toxicity, oxidative stress and nutritional conditions.   

Only few metabolites exhibited conserved responses among the three investigated 

species.  Essentially all of the conserved responses were found in central metabolism.  The 

central carbohydrates glucose, fructose, glucose-6-phosphate and fructose-6-phosphate were 

depleted in leaf tissue.  The balance between organic acid and amino acid levels was also 

changed.  In general organic acids decreased whereas amino acid levels increased.  

Specifically citrate, 2-oxoglutarate, succinate and malate were strongly reduced in all three 

species and most other acids were reduced at least in two of three species.  In contrast proline, 

glycine and serine appeared to be consistently increased, while leucine, isoleucine and valine 

accumulated in at least two species.   

In contrast to the few conserved responses a rich diversity of divergent metabolic 

acclimation reactions was observed.  For example, raffinose and galactinol pools accumulated 

in Arabidopsis thaliana and Oryza sativa leaf tissue but were depleted in Oryza sativa roots.  

In contrast, Lotus japonicus appeared to utilize myo-inositol an intermediate of raffinose 

biosynthesis for the synthesis of methyl-inositols, such as ononitol and pinitol.  These 

compounds are frequently found in legumes and discussed to represent compatible solutes in 

some halophytes (Nelson et al. 1998).  A second example of divergent metabolic responses to 

salt stress was found among tryptophan related metabolites.  Tryptophan, 5-hydroxy-

tryptamine and to a minor degree the intermediate tryptamine pool accumulated in rice leaf 

tissue whereas rice roots exhibited an inverse behavior. This response was not observable in 

Lotus japonicus or Arabidopsis thaliana. (cf. Fig. 6 of Sanchez et al. 2008b [21]).   

We concluded that the detailed analysis of the effects of salt acclimation and related 

stress factors, such as osmotic stress and drought, in time and dose may help to direct 

breeding programs toward increased salt tolerance, but should best be performed with focus 

on a specific crop species.  In the following the results on Lotus japonicus are shortly 

discussed as these investigations are currently the most detailed contributions of my 

laboratory to the salt stress physiology field.   

The salt stress response of Lotus japonicus. In co-operation with the expert laboratory 

of Dr. MK Udvardi Lotus japonicus was initially established as a model system for legume 

metabolite profiling (Desbrosses et al. 2005a [20], Desbrosses et al. 2005b).  The combined 
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metabolic and transcriptomic analysis of physiological phenomena proved feasible 

(Colebatch et al. 2004 [19]) and the metabolite profiling application was readily transferred 

to different legume species, e.g. Medicago truncatula (Lohse et al. 2005, Schaarschmidt et al. 

2007) and Phaseolus vulgaris (Hernandez et al. 2007, Hannah et al. 2007).  These initial 

studies demonstrated the high metabolic diversity even between different organs of the same 

plant and between different parts of the same organ, such as primary and secondary roots or 

nodules (Colebatch et al. 2004 [19]), or developmental stages, e.g. developing and mature 

leaves (Desbrosses et al. 2005a [20]).   

As the number of factors which may influence the systems response to salt stress dosage 

was high and hard to control we decided to broadly monitor the combinatorial interactions of 

systems responses at the levels of plant growth, ion balance and mineral nutrition as well as 

metabolism and transcription again using three replicate experiments of long-term (28 days) 

salt acclimated plants (Sanchez et al. 2008a [22]).  Coordinated salt stress-induced reduction 

of growth as well as decreasing leaf potassium, phosphorus, sulphur, zinc and molybdenum 

levels were described.  This systems wide investigation on 912 salt responsive transcripts and 

147 differential metabolic components appeared to be in agreement with the established 

biphasic model of salt response (Munns 2002, Munns 2005).  Results were largely 

independent of the mode of salt application, namely, either step-wise increase of salt dosage 

or exposure to an initial and constant salt concentration.  Current data indicate similarity of 

early changes with osmotic or drought responses while long-term salt acclimation may reflect 

the attempt to cope with increasing ion toxicity finally reaching a critical state dependent on 

dose and time of salt exposure.  Similar to the time course responses in temperature 

acclimation, we found evidence of non-linear stress responses and thus the necessity to 

modify or fine-tune the initially proposed strictly linear qualitative dose-dependency model.  

We demonstrated threshold behavior at both, low and high salt concentrations, but found no 

apparent transient dosage dependent maxima or minima of metabolite pools using 5-6 

different treatments from 0 to 150 mM NaCl.   

In agreement with our observations from temperature induced time course experiments 

we found a successive and increasingly global requirement for the reprogramming of gene 

expression and metabolic pathways rather than rapid transitions between clearly defined 

states.  Moreover the individual variation especially of the metabolic phenotype increased 

comparing highly repeatable control individuals to the increasingly variable salt stressed 

individuals (cf. Fig. 6A of Sanchez et al. 2008a [22]).  Finally, following the findings of 

Meyer and co-authors (2007) we investigated the predictive power of metabolome based 
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models for the biomass and ionome parameters after salt acclimation (Sanchez et al. 2008c 

[23]).  Using an alternative statistical multivariate regression technique called orthogonal 

projections to latent structures (OPLS; Trygg et al. 2002, Bylesjö et al. 2007) we 

demonstrated excellent correlation of the metabolome and the ionome and biomass which 

may allow the estimation of the degree of salt stress experienced by a plant based on 

metabolite profiles taken under these conditions.  Despite the apparently high predictive 

power of the OPLS models using simultaneously recorded data of metabolite changes, ion 

levels and biomass, it remains to be investigated whether metabolite profiles taken from non- 

or moderately-stressed plants can be used to predict the later outcome and success of 

acclimation and salt stress survival.  Only truly predictive systems features may have the 

potential to serve breeding programs as ideal ideotypes for the selection of enhanced salt-

tolerant genotypes.   

In conclusion, it may be possible in the future to use metabolic fingerprinting as a 

breeding tool to select individual plants that best cope with salt stress.  But further 

experimentation focusing on truly predictive systems features representing pre-formed 

genetically encoded adaptations is required.  Also accessing the natural variation of salt 

tolerance within the Lotus japonicus species, for example by the QTL mapping approach 

which proved to be highly successful in analyses of tomato fruit traits (e.g. Schauer et al. 

2006), will lead towards discovery of relevant functional genes and metabolites.   

On the other hand, given the interdependent nature of plant responses to diverse 

environmental and nutritional stresses, metabolite-based models may not reveal unique 

predictors of modified growth under a single stress factor.  A deeper comparison of the salt 

stress response to related stress factors, such as osmotic and drought stresses, is indicated.  

Due to the high diversification of biosynthetic capabilities, the transfer of knowledge and 

principles between species even belonging to closely related plant clades may be restricted 

and further investigation for example of closely related legume species in comparison to 

ecotypes of a single species may provide more detailed insights for a rational design of novel 

reverse transgenic approaches or smart selection for enhanced plant breeding.  
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SUMMARY AND PERSPECTIVES 
 

The central objective of this thesis is the establishment, application and enhancement of 

gas chromatography-mass spectrometry (GC-MS) based metabolite profiling as a routine 

phenotyping tool box in plant biosciences by interfacing elements of analytical chemistry, 

bioinformatics and molecular physiology.  In response to the demand for standardized 

procedures in the emergent metabolomics field, I aimed my efforts at enabling the transfer of 

techniques and results between laboratories and at the development of software-supported 

workflows for improved and reproducible chemical analysis of metabolite profiling 

experiments, including enhanced chromatography data processing, compound identification 

and physiological interpretation.  All projects towards the improvement of technological 

capabilities were fine-tuned to the needs of plant molecular physiology using key cooperation 

partners.  Thus, I have established an applied focus on metabolic aspects of plant 

environmental stress acclimation for my work which motivates my technological aims.   

After my initial contributions to the establishment of GC-MS based metabolite profiling 

in both, academic and industrial environments, starting in 1997 and 1998, respectively, the 

major technological achievements were (i) an enhanced laboratory automation by 

miniaturized in-line chemical derivatization and automated, high-throughput GC-time of 

flight (TOF)-MS, (ii) the development of a software-supported, standardized procedure 

implemented in the TagFinder package for GC-TOF-MS chromatography data processing of 

and metabolite recognition within large scale experiments, (iii) the initiation of the Golm 

Metabolome Database (GMD), (iv) the development of enhanced precision metabolite 

profiling using mass isotopomer ratios (ITR) of in vivo-labeled whole organisms and (v) the 

extension of GC-MS profiling technology towards combined quantification of pool sizes and 

flux.   

The most fundamental discovery of this work was the high number of yet non-identified 

metabolites within GC-TOF-MS profiling experiments which may amount to ~1000 

observable metabolic components.  This basic finding of unexpectedly high metabolic 

complexity was later found to apply to essentially all analytical technology platforms of 

modern metabolomics.  Thus, the identification of the complete metabolic complement of 

biological systems may represent the grand challenge of the metabolomics field tackled in this 

thesis starting with the establishment of an international mass spectral and retention index 

library.  These data were the first to be made publicly available by the GMD which since has 

been continuously extended by reference data of authenticated pure metabolite preparations 
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and by novel, yet non-identified, mass spectral tags (MSTs).  The rich resource of reference 

data has been utilized for TagFinder-supported compound identification and structural 

interpretation of novel MSTs.  The development of metabolite profiling using metabolite mass 

isotopomer ratios (ITR) of in vivo-labeled whole organisms, such as the yeast Saccharomyces 

cerevisiae, as multiplexed quantitative internal standards, has not only demonstrated the path 

towards high precision metabolite profiling but also provided stable isotope labeled mass 

spectra to support the MST identification process.  Moreover, the grounds were prepared for 

the development towards the combination of quantitative pool size and flux analysis.  The 

combination of pool size and flux analysis is still in the early stages of technology 

development, but already the discovery has been made that higher plants, in contrast to 

cyanobacteria, do not rapidly approach full labeling of primary metabolite pools.  This finding 

will contribute to our understanding of how higher plants may organize the use of de novo 

assimilated carbon resources compared to the previously assimilated internal carbon stores.   

The continuous application of the GC-TOF-MS tool box to plant molecular physiology 

has lead to novel insights into the metabolic aspects of plant stress acclimation.  The global 

knowledge gained from studies on environmental stress acclimation to temperature and salt 

cues may best be characterized by the finding that higher plants do not appear to reach distinct 

steady states of metabolite pools.  In contrast metabolite pools seem to continuously adjust to 

the immediate progressive needs.  The response modes, both, to the time of exposure to 

temperature stress and to the dosage of salt stress, were non-linear.  Moreover, metabolite 

profiles have been shown to have a high predictive power for both, the changed ion levels and 

the biomass production in response to salt stress.   

The long-term aim of this thesis has been the development of a data resource within the 

framework of GMD which combines both, the qualitative aspects of metabolite identification 

and large, well described compendia of GC-MS based metabolite profiles for functional 

analysis.  GMD is envisaged to become a unique resource for metabolic reference data.  The 

enhancement of non-targeted GC-MS profiling technology has been tuned towards 

reproducible analytical performance and standardized data processing which were prerequisite 

for the creation of a database.  Currently, GMD harbors cheminformatic information on 

metabolite identity and structures which are relevant for GC-MS based profiling.  The 

uploading of metabolite profiles which describe the changed metabolite pools in relation to 

biological and chemical references has begun.  Information on pre-exisiting and new 

experiments on genetic and environmental factors which influence the metabolome will be 

accumulated and made available for comparative physiological analysis.  As the metabolome 
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appears to adopt variable states influenced by multiple factors, the future data mining will 

require bioinformatic machine learning support.  Ultimately, this work intends to enhance our 

understanding of the metabolic systems complement and to enable the discovery and 

elucidation of new, potentially predictive, metabolic markers and their role in environmental 

stress acclimation.   
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ABSTRACT 
 

The uptake of nutrients and their subsequent chemical conversion by reactions which provide energy and 
building blocks for growth and propagation is a fundamental property of life.  This property is termed 
metabolism.  In the course of evolution life has been dependent on chemical reactions which generate molecules 
that are common and indispensable to all life forms.  These molecules are the so-called primary metabolites.  In 
addition, life has evolved highly diverse biochemical reactions.  These reactions allow organisms to produce 
unique molecules, the so-called secondary metabolites, which provide a competitive advantage for survival.  The 
sum of all metabolites produced by the complex network of reactions within an organism has since 1998 been 
called the metabolome.  The size of the metabolome can only be estimated and may range from less than 1,000 
metabolites in unicellular organisms to approximately 200,000 in the whole plant kingdom.  In current biology, 
three additional types of molecules are thought to be important to the understanding of the phenomena of life:  
(1) the proteins, in other words the proteome, including enzymes which perform the metabolic reactions, (2) the 
ribonucleic acids (RNAs) which constitute the so-called transcriptome, and (3) all genes of the genome which 
are encoded within the double strands of desoxyribonucleic acid (DNA).  Investigations of each of these 
molecular levels of life require analytical technologies which should best enable the comprehensive analysis of 
all proteins, RNAs, et cetera.  At the beginning of this thesis such analytical technologies were available for 
DNA, RNA and proteins, but not for metabolites.   Therefore, this thesis was dedicated to the implementation of 
the gas chromatography – mass spectrometry technology, in short GC-MS, for the in-parallel analysis of as many 
metabolites as possible.  Today GC-MS is one of the most widely applied technologies and indispensable for the 
efficient profiling of primary metabolites.  Depending on the biological sample, a single GC-MS profile typically 
covers 50 – 150 known metabolites and allows the facultative discovery of hundreds of unexpected or yet non-
identified metabolites.  Besides such qualitative assessments of metabolite composition, the relative changes of 
metabolite concentrations can be characterized by GC-MS based profiling.  The GC-MS based profiling method 
has been continuously improved during my thesis with the ultimate aim to advance our understanding of gene 
function and metabolic responses in higher plants.   
The main achievements and research topics of this work can be divided into technological advances and novel 
insights into the metabolic mechanisms which allow plants to cope with environmental stresses.  Firstly, the GC-
MS profiling technology has been highly automated and standardized both, at the level of laboratory chemistry 
and at the level of data processing.  The major technological achievements were (1) substantial contributions to 
the development of automated and, within the limits of GC-MS, comprehensive chemical analysis, (2) 
contributions to the implementation of time of flight mass spectrometry for GC-MS based metabolite profiling, 
(3) the creation of a software platform for reproducible GC-MS data processing, named TagFinder, and (4) the 
establishment of an internationally coordinated library of mass spectra which allows the identification of 
metabolites in diverse and complex biological samples.  In addition, the Golm Metabolome Database (GMD) has 
been initiated to harbor this library and to cope with the increasing amount of generated profiling data.  This 
database makes publicly available all chemical information essential for GC-MS profiling and has been extended 
towards a global resource of GC-MS based metabolite profiles.  Querying the concentration changes of hundreds 
of known and yet non-identified metabolites has recently been enabled by uploading standardized, TagFinder-
processed data.  Long-term technological aims have been pursued with the central aims (1) to enhance the 
precision of absolute and relative quantification and (2) to enable the combined analysis of metabolite 
concentrations and metabolic flux.  In contrast to concentrations which provide information on metabolite 
amounts, flux analysis provides information on the speed of biochemical reactions or reaction sequences, for 
example on the rate of CO2 conversion into metabolites.  This conversion is an essential function of plants which 
is the basis of life on earth.  Secondly, GC-MS based metabolite profiling technology has been continuously 
applied to advance plant stress physiology.  These efforts have yielded a detailed description of and new 
functional insights into metabolic changes in response to high and low temperatures as well as common and 
divergent responses to salt stress among higher plants, such as Arabidopsis thaliana, Lotus japonicus and rice 
(Oryza sativa).  Time course analysis after temperature stress and investigations into salt dosage responses 
indicated that metabolism changed in a gradual manner rather than by stepwise transitions between fixed states.  
In agreement with these observations, metabolite profiles of the model plant Lotus japonicus, when exposed to 
increased soil salinity, were demonstrated to have a highly predictive power for both NaCl accumulation and 
plant biomass.  Thus, it may be possible in the future to use GC-MS based metabolite profiling as a breeding tool 
to support the selection of individual plants that cope best with salt stress or other environmental challenges.   



  Joachim Kopka 
   

  
  - 76 - 

  

ZUSAMMENFASSUNG 
 

Die Aufnahme von Nährstoffen und ihre chemische Umwandlung mittels Reaktionen, die Energie und Baustoffe 
für Wachstum und Vermehrung bereitstellen, ist eine grundlegende Eigenschaft des Lebens. Diese Eigenschaft 
wird Stoffwechsel oder, wie im Folgenden, Metabolismus genannt. Im Verlauf der Evolution war alles Leben 
abhängig von solchen Reaktionen, die essentielle und allen Lebensformen gemeinsame Moleküle erzeugen. Über 
diese sogenannten Primärmetabolite hinaus sind hochdiverse Reaktionen entstanden. Diese erlauben 
Organismen, einzigartige sogenannte Sekundärmetabolite zu produzieren, die in der Regel einen zusätzlichen 
Überlebensvorteil vermitteln. Die Gesamtheit aller Metabolite, die von dem komplexen Reaktionsnetzwerk in 
Organismen erzeugt werden, nennt man seit 1998 das Metabolom. Die Größe des Metaboloms kann nur 
geschätzt werden und variiert von weniger als 1.000 Metabolite in einzelligen Organismen bis zu ~200.000 im 
gesamten Pflanzenreich. Neben der Gesamtheit aller Metabolite werden heute drei weitere Arten an Molekülen 
als wesentlich betrachtet, um die Phänomene des Lebens zu verstehen: erstens die Proteine, deren Summe, das 
Proteom, auch die Enzyme einschließt, die die obigen metabolischen Reaktionen durchführen, zweitens die 
Ribonukleinsäuren (RNS), deren Gesamtheit als Transkriptom bezeichnet wird, und drittens die doppelsträngige  
Desoxyribonukleinsäure (DNS), die das Genom, die Summe aller Gene eines Organismus, ausmacht. Die 
Untersuchung aller dieser vier molekularen Ebenen des Lebens erfordert Technologien, die idealerweise die 
vollständige Analyse der Gesamtheit aller DNS-, RNS-, Protein-Moleküle, bzw. Metabolite erlauben. Zu Beginn 
meiner Arbeiten waren solche Technologien für DNS, RNS, und Proteine verfügbar, aber nicht für Metabolite. 
Aus diesem Grund habe ich meine Forschungstätigkeit auf das Ziel ausgerichtet, so viele Metabolite wie irgend 
möglich in einer gemeinsamen Analyse zu erfassen. Zu diesem Zweck habe ich mich auf eine einzelne Technik, 
nämlich die gekoppelte Gaschromatographie und Massenspektrometrie, kurz GC-MS, konzentriert. Nicht zuletzt 
durch meine Arbeiten ist GC-MS heute eine der am häufigsten angewandten Technologien und unverzichtbar für 
das breite Durchmustern der Metabolite. In Abhängigkeit von der Wahl der biologischen Probe deckt eine 
einzige solche GC-MS-Profilanalyse 50-150 bekannte Primärmetabolite ab. Über diese hinaus können mit der 
gleichen GC-MS-Analyse noch hunderte von unerwarteten oder sogar noch nicht identifizierten Metabolite 
entdeckt werden. Neben der qualitativen Bestandsaufnahme der Metabolitzusammensetzung einer Probe können 
zudem die Veränderungen in der Menge jedes einzelnen beobachteten Metabolits erfasst werden. Nach der 
Etablierung der grundlegenden GC-MS-Profilanalyse-Technologie habe ich diese im Verlauf meiner Arbeiten 
kontinuierlich erweitert und verbessert. Das angewandte Ziel dieser Arbeiten war und ist es, das Wissen über das 
Zusammenwirken von Genfunktion und Metabolismus am Beispiel physiologischer Reaktionen auf 
Umweltstress zu vertiefen.  
Die Haupterrungenschaften meiner Arbeiten liegen sowohl in den technischen Neuerungen als auch in den 
Einsichten in metabolische Mechanismen, die es Pflanzen erlauben, erfolgreich auf Umwelteinflüsse zu 
reagieren. Die technologischen Errungenschaften waren erstens wesentliche Beiträge zur Labor-Automatisierung 
und zur Auswertung von modernen, auf Flugzeitmassenspektrometrie beruhenden, GC-MS-Profilanalysen, 
zweitens die Entwicklung einer entsprechenden Prozessierungs-Software, genannt TagFinder, und drittens die 
Etablierung einer internationalen Datensammlung zur Metabolitidentifizierung aus komplexen Mischungen. 
Diese massenspektralen und gaschromatographischen Daten haben seit 2005 Eingang in die von mir initiierte 
Entwicklung der Golm Metabolom Datenbank (GMD) gefunden, die die zunehmend wachsenden GC-MS-
Referenzdaten wie auch die Metabolitprofildaten verwaltet und öffentlich zugänglich macht. Darüber hinaus 
wurden die langfristigen Ziele einer verbesserten Präzision für relative und absolute Quantifizierung wie auch 
einer Kopplung von Konzentrationsbestimmung und metabolischen Flussanalysen mittels GC-MS verfolgt. 
Sowohl die Stoffmengen als auch die Geschwindigkeit der Stoffaufnahme und der chemischen Umsetzung, d.h. 
der metabolische Fluss, sind wesentlich für neue biologische Einsichten. In diesem Zusammenhang wurde von 
mir die Aufnahme von CO2 durch Pflanzen, der Basis allen Lebens auf der Erde, untersucht. Angewandt auf das 
Temperaturstress- und Salzstressverhalten von Modell- und Kulturpflanzen, nämlich des Ackerschmalwands 
(Arabidopsis thaliana), des Hornklees (Lotus japonicus) und der global bedeutendsten Nutzpflanze Reis (Oryza 
sativa), wurden detaillierte und vergleichende neue metabolische Einsichten in den Zeitverlauf der 
Temperaturanpassung und die Anpassung an zunehmend salzhaltige Böden erzielt. Metabolismus verändert sich 
unter diesen Bedingungen allmählich fortschreitend und nicht in plötzlichen Übergängen. Am Beispiel des 
Hornklees konnte gezeigt werden, dass Metabolitprofilanalysen eine hohe Vorhersagekraft für die 
Biomasseerzeugung unter Salzeinfluss wie auch für die Aufnahme von Salz durch die Pflanze haben. So mag es 
in Zukunft möglich werden, GC-MS-Profilanaysen anzuwenden, um den Züchtungsprozess von Kulturpflanzen 
zu beschleunigen und die Auswahl der bestgeeigneten Nachkommenschaft aus neuen Kreuzungen zu 
unterstützen.   
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2006 - EU ERA-Net Plant Genomics 0313996B, GRASP “Research-assisted breeding for the 
sustainable production of quality grapes and wines. Subprojekt: GC-MS based 
metabolome studies” in cooperation with Dr. E. Zyprian, Prof. R. Töpfer, Institut für 
Rebenzüchtung (IRZ), Geilweilerhof, Germany 

2006 - BMBF QuantPro program, InnOx “Innovative diagnostic tools to optimise potato 
breeding: systemic analysis of cellular processes and their relation to plant internal 
oxygen concentrations”, in cooperation with Dr. P. Geigenberger, Dr. J. van Dongen, 
Department Prof. M. Stitt, MPIMP, Potsdam-Golm 
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Dr. M. Hagemann, University of Rostock, FB Biosciences, Department of Plant 
Physiology, Germany 
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M.K. Udvardi, MPIMP, Potsdam-Golm 

2002 -  2007 BMBF 0312854, “Improving the quality of rice with respect to abiotic stress resistance 
and nutritional parameters”, in cooperation with the Institute of Biotechnology, Hanoi, 
Vietnam 

2001 -  2004 PhD grant, “Metabolite identification in GC-MS profiles of Arabidopsis thaliana roots”, 
Metanomics GmbH & CoKG aA, Berlin 

1989 -  1991 PhD stipend, Graduiertenförderung of the state ministry of science and research, 
Northrhine-Westfalia, Germany 
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WS 2006/2007 Joachim Kopka, „Vergleichende Metabolom Analyse niederer Eukaryonten, 
Prokaryonten und höherer Pflanzen (Mikrobiologie)“,  

  Vorlesung/Seminar DB/DBC Hauptstudium (2 SWS), ab 16.10.2006 
  Praktikum DB/DBC Hauptstudium 2 Wochen ganztägig (6 SWS), nach 

Vereinbarung, (Mikrobiologie,  max. 10 Teilnehmer), Teilnahme an S wird 
vorausgesetzt, 
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  Vorlesungs- und Personalverzeichnis WS 2006/2007 der Universität Potsdam 
WS 2005/2006 Joachim Kopka, „Vergleichende Physiologie niederer Eukaryonten, Prokaryonten und 

höherer Pflanzen (Mikrobiologie)“,  
  Vorlesung/Seminar DB/DBC Hauptstudium (2 SWS), ab 17.10.2005 
  Praktikum DB/DBC Hauptstudium 2 Wochen ganztägig (6 SWS), nach 

Vereinbarung, (Mikrobiologie,  max. 10 Teilnehmer), Teilnahme an S wird 
vorausgesetzt,  

  Vorlesungs- und Personalverzeichnis WS 2005/2006 der Universität Potsdam 
WS 2004/2005 Joachim Kopka, „Vergleichende Physiologie niederer Eukaryonten, Prokaryonten und 

höherer Pflanzen (Mikrobiologie)“,  
  Vorlesung/Seminar DB/DBC Hauptstudium (2 SWS), ab 11.10.2004 
  Praktikum DB/DBC Hauptstudium 2 Wochen ganztägig (2,5 SWS), nach 

Vereinbarung,  (Mikrobiologie,  max. 10 Teilnehmer), Teilnahme an S wird 
vorausgesetzt, 

  Vorlesungs- und Personalverzeichnis WS 2004/2005 der Universität Potsdam 
 
Invited lectures 
  
 

2009  January 27th-28th, “Standardized GC-MS based metabolome data for the Golm 
Metabolome Database (GMD)”, International Metabolomics Workshop, European 
Bioinformatics Institute (EBI), Cambridge, UK 

2008  October 7th-9th, “Qualitätsverbesserung von Reis bezüglich der Resistenz gegen 
abiotischen Stress und ernährungsphysiologischer Eigenschaften”, Biotechnica 2008, 2. 
BMBF-Projektforum Biotechnologie, Hannover, Germany 

2008  September 7th-12th, “Advances in metabolite phenotyping: Exploration of the metabolic 
complement of the salt stress acclimation in plants”, Gordon Research Conference 
(GRC): Salt and water stress in plants, Big Sky, MT, USA 

2008  September 2nd-5th, “Mass spectrometry in metabolomics: Status and future development 
of GC-TOF-MS metabolite profiling”, Nutrigenomics (NuGO) Week, Potsdam, 
Germany 

2008  June 9th-10th, “Metabolic adaption of plants under stress”, Trends in Metabolomics 
(DECHEMA e.V.), Frankfurt am Main, Germany 

2008  May 24th-26th, “GC-MS analysis of rice: An introduction: Metabolite profiling applied 
to assess the metabolic component of rice salt acclimatization”, Metabolomics and Rice 
Quality, Vientiane, Laos 

2008  May 16th-18th, “Tools for metabolic phenotyping and their contribution to systems 
biology”, Nobel Conference on Systems Biology and Child Health, Stockholm, Sweden 

2007  December 11th-15th, “Data processing for automated GC-MS based metabolite 
profiling”, Joint 80th Annual Meeting of the Japanese Biochemical Society and the 30th 
Annual Meeting of the Molecular Biology Society of Japan (BMB 2007), Yokohama 
Pacifico, Japan 

2007  September 25th-26th, “GC-TOF-MS Metabolite profiling: Recent developments and 
applications”, BIC-GH Bioinformatic Symposium, Halle, Germany 

2007  September 5th-7th, “GC-EI-TOF-MS Analysis of in vivo-carbon-partitioning into soluble 
metabolite pools”, Workshop Molecular Interactions, Berlin, Germany 

2007  June 12th-14th, “GC-EI-TOF-MS Analysis of in vivo-carbon-partitioning into soluble 
metabolite pools of higher plants by monitoring isotope dilution after 13CO2 labeling”, 
3rd Annual International Conference of the Metabolomics Society, Manchester, UK 

2007  June 11th-12th, “GCxGC-TOF-MS: Discussion of potential and limitations for 
metabolite profiling”, Workshop of the 3rd Annual International Conference of the 
Metabolomics Society, Manchester, UK 

2006  January 24th -27th, “Challenges and developments in GC-EI-MS based metabolite 
profiling: Enhanced metabolite identification and metabolome characterization”, 4th 
BIORHIZ International Workshop: Rhizosphere processes and induced defense, Jena 
Germany 

2005  September 25th-29th, “Challenges and developments in GC-EI-MS based metabolite 
profiling: Enhanced metabolite identification and metabolome characterization”, 
ComBio2005, Adelaide, Australia 
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2005  August 1st-2nd, “Challenges and developments in GC-EI-MS-based metabolite profiling: 
Enhanced metabolite identification and metabolome characterization”, Metabolomics 
Standards Workshop, Bethesda, MA, USA 

2005  June 20th-23rd, “Mass spectral and retention index libraries for GC-EI-MS based 
metabolome studies: Enhanced metabolite identification and characterization in 
complex biological profiles”, 1st Annual International Conference of the Metabolomics 
Society, Tsuruoka City, Japan 

2005  May 10th-12th, “Current Challenges and developments in metabolite profiling”, 
BioPerspectives 2005, Wiesbaden, Germany 

2005  April 27th-30th, “Current challenges and perspectives of plant metabolomics”, Genomics 
and Beyond: Frontiers in Plant Biology, Columbia, MO, USA 

2005  February 15th, “Tools to gain insight from metabolite profiles”, Symposium in 
Metabolomics, Umea, Sweden 

2004  November 5th-7th, “Metabolic profiling: A tool to gain insight into the metabolism”, 7th 
Nordic Photosynthesis Congress, Turku, Finland 

2004  September 21st-25th, “Metabolomics: A tool to gain insight into gene and metabolite 
function”, 3rd Plant Genomics European Meeting (Plant GEMs), Lyon, France 

2004  June 3rd-6th, “Mass spectral libraries for metabolite identification and characterization in 
complex GC-EI-MS profiles”, 3rd International Congress on Plant Metabolomics, Ames, 
IA, USA 

2004  May 7th-16th, “Metabolic profiling: a tool to gain insight into the metabolome”, 
Workshop Systems Biology – From Genome to Phenome, La Trobe University, 
Melbourne, Australia 

2003  September 28th-October 1st, “Metabolite profiling a potential tool to establish substantial 
equivalence of GMO material”, Gene Flow Conference, Mexico City, Mexico  

2003  June 23rd-28th, “Metabolic profiling: A tool to gain insight into the plant metabolome”, 
7th International Congress of Plant Molecular Biology (ISPMB), Barcelona, Spain 

2003  May 19th-24th, “Co-response analysis of gene expression and metabolite profiles for the 
discovery of functional units”, 27th International Exhibition-Congress on Chemical 
Engineering, Environmental Protection and Biotechnology at the ACHEMA 2003, 
Frankfurt am Main, Germany 

2003  April 25th-28th, “Application of GC-TOF-MS technology to metabolic profiling”, 2nd 
International Conference on Plant Metabolomics, Potsdam, Germany 

2002  May 13th-14th, „Bedeutung multiparalleler Metabolitenanalysen für die biologische 
Systemanalytik“, 4. BMBF Biotechnologie-Tage, Braunschweig, Germany 

 

Conference/ Workshop organization 
  
 

2008  December 10th-12th, organizer, Metabolome Data Processing Workshop, Potsdam-
Golm, Germany 

2008  July 15th-18th, member of the advisory board, 5th International Conference on Plant 
Metabolomics, Pacifico Yokohama, Japan 

2008  June 9th-10th, member of the organizing committee, Trends in Metabolomics 
(DECHEMA e.V.), Frankfurt am Main, Germany 

2007  April 23rd-27th, co-organizer, Workshop “Profiling Technologies & Bioinformatics”, 
Potsdam-Golm, Germany 

2006  September 20th-24th, co-organizer, PlantMetaNet ETNA metabolomics research school 
on "Signals, Sensing and Plant Primary Metabolism”, Potsdam-Golm, Germany 

2006  April 7th-10th, member of the advisory board, 4th International Conference on Plant 
Metabolomics, Reading, Berkshire, UK 

2003  April 25th-28th, co-organizer, 2nd International Conference on Plant Metabolomics, 
Potsdam, Germany 
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RELEVANT PUBLICATIONS 
 

Appendix A: Metabolite Profiling: Concepts, Basic Method Descriptions, 
Analytical Technology Enhancement 

 

[1] Fiehn O, Kopka J, Doermann P, Altmann T, Trethewey RN, Willmitzer L (2000) Metabolite profiling for 
plant functional genomics. Nature Biotechnology 18(11): 1157-1161 
(http://dx.doi.org/10.1038/81137)  
(http://www.nature.com/nbt/journal/v18/n11/abs/nbt1100_1157.html) 

[2] Roessner U, Wagner C, Kopka J, Trethewey RN, Willmitzer L (2000) Simultaneous analysis of 
metabolites in potato tuber by gas chromatography-mass spectrometry. Plant Journal 23(1): 131-142 
(http://dx.doi.org/10.1046/j.1365-313x.2000.00774.x) 
(http://www3.interscience.wiley.com/journal/119188238/abstract?CRETRY=1&SRETRY=0) 

[3] Lisec J, Schauer N, Kopka J, Willmitzer L, Fernie AR (2006) Gas chromatography mass spectrometry-
based metabolite profiling in plants. Nature Protocols 1: 387 – 396 
(http://dx.doi.org/10.1038/nprot.2006.59) 
(http://www.nature.com/nprot/journal/v1/n1/abs/nprot.2006.59.html) 

[4] Erban A, Schauer N, Fernie AR, Kopka J (2007) Non-supervised construction and application of mass 
spectral and retention time index libraries from time-of-flight GC-MS metabolite profiles. In: Weckwerth 
W (ed) Metabolomics: methods and protocols. Humana Press, Totowa, pp 19-38 
(http://dx.doi.org/10.1007/978-1-59745-244-1_2) 
(http://www.springerlink.com/content/v665123215807178/) 

*First experimental demonstration of feasibility, proof of concept, and establishment of the basic workflow of 

GC-MS based metabolite profiling studies leading to the discovery of the wealth of identified and also yet non-

identified metabolic components accessible by this technology.  My achievements in the initial phases of the 

emergence of the metabolomics field were both, conceptual and experimental.  I performed the initial method 

establishment for relative quantitative chemical analysis by GC-MS, initiated compound identification using 

mass spectral and chromatographic retention index libraries as part of the chromatography data processing and 

established first data mining and statistical approaches of metabolite profiles.  The basic workflow was 

subsequently refined and applied to specific aspects of plant physiology by the main authors of the above 

publications.  In the years 1998-2000 I contributed the transfer of the metabolite profiling concept to commercial 

applications as a founding member and head of the internal feasibility study of the Metanomics GmbH & Co. 

KGaA.  This technology transfer was documented by PCT Int. Appl. WO 2006082042 A2 20060810, WO 

2003041835 A1 20030522, and WO 2003041834 A1 20030522. 

 

[5] Birkemeyer C, Kolasa A, Kopka J (2003) Comprehensive chemical derivatization for gas 
chromatography-mass spectrometry-based multi-targeted profiling of the major phytohormones. Journal 
of Chromatography A 993(1-2): 89-102 
(http://dx.doi.org/10.1016/S0021-9673(03)00356-X) 
(http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6TG8-48BKHH0-
B&_user=10&_coverDate=04%2F18%2F2003&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=93385d00191686e7f
d233ea549f2a19a) 

                                                 
* Footnotes indicate my personal contributions to the above publications.  Here, publications are sorted by 

research topics rather than alphabetically (cf. REFERENCES) or chronologically (cf. CURRICULUM 
VITAE).   
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Project leadership of the exploration of the tool box of chemical derivatization reactions for applications in 

metabolite and future trace compound profiling.  This study was central part of the PhD thesis of Dr. Claudia 

Birkemeyer.   

 

[6] Birkemeyer C, Luedemann A, Wagner C, Erban A, Kopka J (2005) Metabolome analysis: the potential 
of in vivo-labeling with stable isotopes for metabolite profiling. Trends in Biotechnology 23 (1): 28-33 
(http://dx.doi.org/10.1016/j.tibtech.2004.12.001) 
(http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6TCW-4F1J8P7-
1&_user=10&_coverDate=01%2F01%2F2005&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=714b5ff6f52082d0d6
8e26821435b76b) 

Project leadership of the development of in-vivo stable isotope labeling for the purpose of multiplexed internal 

quantitative standardization.  Enhancing the precision of relative quantification is seen as a prerequisite for 

extending metabolite profiling studies towards enrichment and sub-fractionation of trace compounds.  Prior to 

publication this concept and respective feasibility studies using the Saccharomyces cerevisiae model were filed 

as PCT Int. Appl. WO 2005059556 A1 20050630.   

 

[7] Huege J, Sulpice R, Gibon Y, Lisec J, Koehl K, Kopka J (2007) GC-EI-TOF-MS analysis of in vivo-
carbon-partitioning into soluble metabolite pools of higher plants by monitoring isotope dilution after 
(13CO2)-labelling. Phytochemistry 68 (16-18): 2258-2272 
(http://dx.doi.org/10.1016/j.phytochem.2007.03.026) 
(http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6TH7-4NMCV7Y-
3&_user=10&_coverDate=09%2F30%2F2007&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=176c293e2f839f93c7
cc8fba00412a24) 

Project leadership of method development towards dynamic flux studies of higher plants.  The full 13C-labelling 

of the higher plants, namely, Arabidopsis thaliana and Oryza sativa, was established and a first assessment of 

assimilated CO2-partitioning into metabolite pools of roots and leaves performed under controlled environmental 

conditions.  This work was central to the diploma thesis of Jan Huege.   
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Appendix B: Metabolomic Software and Database Development 
 

[8] Wagner C, Sefkow M, Kopka J (2003) Construction and application of a mass spectral and retention time 
index database generated from plant GC/EI-TOF-MS metabolite profiles. Phytochemistry 62(6): 887-900 
(http://dx.doi.org/10.1016/S0031-9422(02)00703-3) 
(http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6TH7-47WBXD4-
B&_user=10&_coverDate=03%2F31%2F2003&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=8b9063bba35ffa0c37
784e717f43167e) 

Project leadership and concept development towards establishment of a combined mass spectral and retention 

index reference library.  The requirement of reference libraries for metabolite identification in complex GC-MS 

profiles was demonstrated and respective methods and technologies for the acquisition of relevant 

physicochemical properties, later termed mass spectral tags (MSTs), were reported.  A detailed description of a 

standardized procedure was published later as a book chapter (cf. above, Erban et al. 2007 [4]).   

 

[9] Luedemann A, Weicht D, Selbig J, Kopka J (2004) PaVESy: pathway visualization and editing system. 
Bioinformatics 20 (16): 2841-2844 

 (http://dx.doi.org/10.1093/bioinformatics/bth278) 
(http://bioinformatics.oxfordjournals.org/cgi/content/abstract/20/16/2841) 

 Free article (http://bioinformatics.oxfordjournals.org/cgi/reprint/20/16/2841) 

Project leadership of the software design for the interactive visualization and editing of metabolic pathway data.  

The PaVESy tool was created to support the interpretation of metabolite profiling results in the context of 

metabolic networks.  

 

[10] Schauer N, Steinhauser D, Strelkov S, Schomburg D, Allison G, Moritz T, Lundgren K, Roessner-Tunali 
U, Forbes MG, Willmitzer L, Fernie AR, Kopka J (2005) GC-MS libraries for the rapid identification of 
metabolites in complex biological samples. FEBS Letters 579 (6): 1332-1337 

 (http://dx.doi.org/10.1016/j.febslet.2005.01.029) 
 (http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6T36-4FBW3PM-

3&_user=10&_coverDate=02%2F28%2F2005&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=8b296eb216120ee8f
3dc73c04120628c) 

[11] Kopka J, Schauer N, Krueger S, Birkemeyer C, Usadel B, Bergmueller E, Doermann P, Weckwerth W, 
Gibon Y, Stitt M, Willmitzer L, Fernie AR, Steinhauser D (2005) GMD@CSB.DB: the Golm 
Metabolome Database. Bioinformatics 21 (8): 1635-1638 

 (http://dx.doi.org/10.1093/bioinformatics/bti236) 
(http://bioinformatics.oxfordjournals.org/cgi/content/abstract/21/8/1635) 

 Free article (http://bioinformatics.oxfordjournals.org/cgi/content/full/21/8/1635) 

Project leadership of an international collection of mass spectral and retention index reference data of 

methoxyaminated and silylated chemical derivatives relevant for GC-MS based metabolite profiles of plant and 

microbial sources.  This library was made publicly available through the Golm Metabolome Database (GMD), 

as integral part of the PhD thesis of Dr. Dirk Steinhauser.  A detailed description of the GMD collection was 

subsequently published as a book chapter: Hummel J, Selbig J, Walther D, Kopka J (2008) The Golm 

metabolome database: a database for GC-MS based metabolite profiling. In: Nielsen J, Jewett M (eds) 

Metabolomics a powerful tool in systems biology.  Topics in Current Genetics Vol. 18, Springer-Verlag, Berlin 

Heidelberg New York, pp 75-96.  The GMD project is now continued in cooperation with Prof. Dr. Joachim 

Selbig, (University of Potsdam) and Dr. Dirk Walther (Max-Planck-Institute of Molecular Plant Physiology).   
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[12] Scholz M, Kaplan F, Guy CL, Kopka J, Selbig J (2005) Non-linear PCA: a missing data approach. 
Bioinformatics 21 (20): 3887-3895 

 (http://dx.doi.org/10.1093/bioinformatics/bti634) 
(http://bioinformatics.oxfordjournals.org/cgi/content/abstract/21/20/3887) 

 Free article (http://bioinformatics.oxfordjournals.org/cgi/content/full/21/20/3887) 

Co-supervision of the exploration of non-linear statistical methods aimed at improved retrieval of relevant 

metabolites from time course data. The motivation to this study and one of the first metabolite profiling time 

series data sets was contributed.  The central observation of non-linear metabolite correlations in time series 

analyses was made and the demand for suitable missing data substitution procedures expressed.  The results of 

these investigations were the incentive to extend the MetaGenalyse internet application by non-linear algorithms, 

such as the probabilistic PCA or the Bayesian PCA.   

 

[13] Luedemann A, Strassburg K, Erban A, Kopka J (2008) TagFinder for the quantitative analysis of gas 
chromatography - mass spectrometry (GC-MS) based metabolite profiling experiments. Bioinformatics 24 
(5): 732 -737 

 (http://dx.doi.org/10.1093/bioinformatics/btn023) 
 (http://bioinformatics.oxfordjournals.org/cgi/content/abstract/24/5/732) 
 Free article (http://bioinformatics.oxfordjournals.org/cgi/content/full/24/5/732) 

Project leadership of the establishment of publicly available chromatography data processing software for 

standardized non-targeted fingerprinting analysis and metabolite targeted profiling analyses of GC-MS studies.  

The TagFinder software, developed by Alexander Luedemann, supports a standardized chromatography data 

processing workflow prerequisite for the establishment of a future database of metabolite profiles.  In addition, 

the retrieval of mass isotopomer ratios and distributions for stable isotope tracing and flux analyses is supported.  

TagFinder utilizes the GMD mass spectral and retention index library for compound identification.   

 

[14] Strehmel N, Hummel J, Erban A, Strassburg K, Kopka J (2008) Estimation of retention index thresholds 
for compound matching using routine gas chromatography-mass spectrometry based metabolite profiling 
experiments.  J Chromatogr B 871: 182-190 

 (http://dx.doi.org/10.1016/j.jchromb.2008.04.042) 
 (http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6X0P-4SFXK82-

1&_user=10&_coverDate=08%2F15%2F2008&_rdoc=1&_fmt=high&_orig=search&_sort=d&_docanch
or=&view=c&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=43339c6333ca556efc
7f8b339723c2d4) 

Project leadership of a study exploring the application of retention index information for compound 

identification in GC-MS based metabolite profiles.  The transfer and prediction of retention index libraries 

between typical GC-MS chromatography systems widely applied for metabolite profiling was investigated and 

matching thresholds deduced for the enhanced future use of the GMD compendium for compound recognition 

and structural elucidation of yet non-identified MSTs.   
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Appendix C: Supporting Software Development and Statistical Datamining 
of Transcript Profiles 

 

[15] Steinhauser D, Junker BH, Luedemann A, Selbig J, Kopka J (2004) Hypothesis-driven approach to 
predict transcriptional units from gene expression data. Bioinformatics 20 (12): 1928-1939 

 (http://dx.doi.org/10.1093/bioinformatics/bth182) 
 (http://bioinformatics.oxfordjournals.org/cgi/content/abstract/20/12/1928) 
 Free article (http://bioinformatics.oxfordjournals.org/cgi/reprint/20/12/1928) 
[16] Steinhauser D, Usadel B, Luedemann L, Thimm O, Kopka J (2004) CSB.DB: A comprehensive systems-

biology database. Bioinformatics 20 (18): 3647-3651 
 (http://dx.doi.org/10.1093/bioinformatics/bth398) 

(http://bioinformatics.oxfordjournals.org/cgi/content/abstract/20/18/3647) 
 Free article (http://bioinformatics.oxfordjournals.org/cgi/reprint/20/18/3647) 

Project leadership of investigations aimed at the analysis of the potential and limitations of correlation 

algorithms for large profiling data sets.  The project utilized compendia of transcript profiles and provided an 

internet-based application which allows retrieval of correlated genes from sets of predefined transcript profiles.   

Among other tools, intersection correlation analysis between multiple genes and gene function enrichment 

analysis was implemented.  The studies served as a test case to explore the potential of large scale correlation 

studies in the metabolomics field.  The work was central to the PhD thesis of Dr. Dirk Steinhauser and was 

applied in co-supervision with Prof. Dr. Thomas Altmann to the investigation of the subtilase gene family 

(Rautengarten et al. 2005) and to the identification of brassinosteroid-related genes (Lisso et al. 2005). 
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Appendix D: Applications to Plant Environmental Stress Physiology 
 

[17] Kaplan F, Kopka J, Haskell DW, Zhao W, Schiller KC, Gatzke N, Sung DY, Guy CL (2004) Exploring 
the temperature-stress metabolome of Arabidopsis. Plant Physiology 136 (4): 4159-4168 

 (http://dx.doi.org/10.1104/pp.104.052142) 
 (http://www.plantphysiol.org/cgi/content/abstract/136/4/4159) 
 Free article (http://www.ncbi.nlm.nih.gov/pmc/articles/PMC535846/?tool=pubmed) 
[18] Kaplan F, Kopka J, Sung DY, Zhao W, Popp M, Porat R, Guy CL (2007) Transcript and metabolite 

profiling during cold acclimation of Arabidopsis reveals an intricate relationship of cold-regulated gene 
expression with modifications in metabolite content. Plant Journal 50 (6): 967-981 

 (http://dx.doi.org/10.1111/j.1365-313X.2007.03100.x) 
 (http://www3.interscience.wiley.com/journal/118488580/abstract?CRETRY=1&SRETRY=0) 

Co-supervision of Dr. Fatma Kaplan in a long-term cooperation with Prof. Dr. Charles L. Guy (University of 

Florida, Gainsville, USA) on metabolic aspects of the temperature stress acclimation response of Arabidopsis 

thaliana at transcriptome and metabolome levels.  The GC-MS based metabolite profiling experiments were co-

designed, the profiling performed and the data mining executed.  In addition, the concept of comparing 
transcriptional and metabolomic effects for the discovery of systems level interactions which may control 

metabolic processes was contributed.  The impact of this work has recently been reviewed by Guy CL et al. 
(2008b).   

[19] Colebatch G, Desbrosses GG, Ott T, Krusell L, Montanari O, Kloska S, Kopka J, Udvardi MK (2004) 
Global changes in transcription orchestrate metabolic differentiation during symbiotic nitrogen fixation in 
Lotus japonicus. Plant Journal 39 (4): 487-512 

 (http://dx.doi.org/10.1111/j.1365-313X.2004.02150.x) 
 (http://www3.interscience.wiley.com/journal/118793989/abstract) 
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