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ABSTRACT 

 

The metabolic makeup of a biological system is a key determinant of its biological state 

providing detailed insights into its function. Identification and quantification of the metabolites 

in a system form critical components of metabolomics. Nuclear magnetic resonance (NMR) 

spectroscopy is a unique tool for this purpose providing a wealth of atomic-detail information 

without requiring extensive fractionation of samples. So far, a majority of NMR metabolomics 

studies have been performed by using 1D NMR techniques because of the short duration of the 

experiments. The drawback of 1D NMR is the high occurrence of peak overlaps that impairs 

metabolite identification and quantification. The use of multidimensional NMR techniques can 

resolve peak overlaps and provide connectivity information of atoms within molecules, thereby 

outweighing the longer measurement times. In this thesis, we introduce novel approaches to 

identify metabolites by using multidimensional NMR spectroscopy. Our main approach consists 

of two major steps. In the first step, the metabolite mixture is deconvoluted into its individual 

components and in the second step; each individual component is analyzed by using its NMR 

spectrum. In order to achieve fast, robust and (semi-)automated deconvolution, DeCoDeC 

technique is introduced and applied to a variety of 1H and 13C TOCSY based NMR spectra. 

Deconvoluted TOCSY traces are directly queried in metabolite databanks for identification. 

Since many metabolites are not present in metabolite databanks, we developed a strategy to 

extract their carbon backbone structures (topology), which is a prerequiste for de novo structure 

determination. This led to the determination of 112 topologies of unique metabolites in E. coli 

from a single sample that constitutes the ÒtopolomeÓ of a cell. The topolome is dominated by 

carbon topologies of carbohydrates (34.8%) and amino acids (45.5%) that can constitute building 

blocks of more complex structures. Furthermore, since databanks are designed to query 1D NMR 

spectrum, querying of TOCSY traces against 1D NMR spectra in databanks resulted in imperfect 

matches. To overcome this, we created a customized 13C TOCSY database, which substantially 

improved the accuracy of database query of 13C TOCSY traces. Together these new tools open 

up the prospect to enable routine yet accurate analysis of an increasingly complex and diverse 

range of molecular solutions including metabolomics samples. 
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CHAPTER 1 

 

INTRODUCTION  

 

1.1 Role of Metabolomics in Systems Biology 

 

In the biological sciences, the suffix Ò-omeÓ refers to a holistic view of a subfield. For example, 

in the context of the present thesis, the "metabolome" comprises the total metabolite content 

within a biological system in a particular physiological or developmental state.1 2 3 Metabolites 

are defined as biologically produced small molecules with less than ~1500 Da (g/mol) molecular 

weight.4 Metabolites are involved in many critical functions of biological systems, such as 

cellular energetics, structure and signaling.5 Two main objectives of metabolic analysis are the 

discovery of natural products and the detection of biologically meaningful changes in metabolite 

concentrations and/or fluxes.6 

 

 The research area, which studies the Ò-omeÓ of a given subfield, is called Ò-omicsÓ. The 

first demonstration of any "omics" approach has been the sequencing of the total hereditary 

content in biological systems, which is called the genome. Genomics is performed by sequencing 

DNA by high-throughput sequencing. Today, the genomes of more than 1000 organisms have 

been sequenced. Transcriptomics is the global quantification of gene expression. Genes are 

expressed to mRNAs whereby transcriptomics captures the total mRNA content. Analytical 

transcriptomics techniques use serial analysis of gene expression, oligonucleotide microarrays, 

quantitative reverse transcription polymerase chain reaction and direct RNA sequencing.7 Upon 

transcription, mRNAs are translated to proteins, which can be quantified by proteomics 

approaches namely gel or gel-free techniques. Gel techniques include two-dimensional 

polyacrylamide gel electrophoresis or two-dimensional fluorescence difference gel 

electrophoresis for separation followed by mass spectrometric analysis. A gel-free profiling 

approach is trypsin digestion of proteome followed by liquid chromatography-mass 

spectrometric analysis.7 Proteins organize cellular metabolism by regulating the abundance of 
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metabolites. Quantitative characterization of the metabolome (metabolomics) is done by nuclear 

magnetic resonance (NMR) spectroscopy and mass spectrometry (MS).8 

 

 Altogether these four Ò-omicsÓ disciplines study the main elements of a cell. Since these 

elements are not acting independently with respect to each other, they have to be investigated 

together. The name of this multi Ò-omicsÓ view is called (global) systems biology.4 Systems 

biology is an emerging field of biology, which aims to understand complex biological 

interactions with a more holistic view than traditional biology. It is increasingly accepted that the 

benefits of systems biology on understanding biological phenomena are potentially very 

significant in terms of both basic scientific and practical terms.9 Since the genome does not 

change significantly during the lifetime of an organism, it forms the most static part of systems 

biology. On the other hand, cellular transcriptome, proteome and metabolome abundances vary 

in response to internal and external stimuli. Therefore once the genome is sequenced, a basic 

global systems biology experiment requires quantification of the transcriptome, proteome and 

metabolome in different biological contexts such as external physical and chemical 

perturbations, ageing and disease. Since the analysis of these three Ò-omeÓ elements together is 

expensive and labor intensive, global systems biology studies are usually performed in large 

collaborations.10 11 12 

 

 Integration of different Ò-omicsÓ platforms is a challenge for systems biology. Although a 

simple systems biology network may be constructed by connecting genes to mRNAs, mRNAs to 

proteins and proteins to metabolites in a hierarchical organization, it is known that these 

elements affect each other at various levels, such as at transcriptional, post-transcriptional, 

translational, post-translational levels.3 Therefore for a true systems biology study, these 

interactions should be taken into account. However, today most of these interactions are 

unknown. 

 

 After post-translation, proteins are also regulated in cells by allosteric and feedback 

regulations. These regulations, for example, change the catalytic rates of enzymes. For proteins 

involved in metabolic reactions, changes in catalytic rates result in changes in flux rates. Flux 

change is not always reflected in changes on metabolite concentrations. For instance, increase in 
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flux rate does not always reduce concentration of the substrate metabolite of a pathway. This is 

mainly because of the regulation of other metabolic network elements to maintain metabolite 

concentrations stable in cells (homeostasis).10 Therefore, measuring concentrations of 

metabolites is not enough to fully understand cellular metabolic activity.13 In addition to 

concentrations, flux rates should be measured to create metabolic networks that can be tested and 

used to understand how cells respond to external perturbations.13 Measurements of total fluxes, 

the "fluxome", are also performed by NMR and mass spectrometry.14 Theoretical analysis of 

fluxes can be done by Flux balance analysis (Section 1.7).15 

 

 The main topics of this thesis, namely the metabolome and fluxome, are direct indicators 

of biochemical activity.16 17 Therefore, their analyses are clearly important. Most diseases are 

related to changes in metabolism,18 for instance the Warburg effect discovered in cancer cells in 

1924. Warburg observed that unlike most of the other cells, cancer cells metabolize glucose into 

lactate even in the presence of sufficient oxygen to perform mitochondrial oxidative 

phosphorylation.19 20 The reason why cancer cells do not use the energetically favorable 

oxidative phosphorylation pathway is still a mystery.21 It is the hope that cancer and other 

metabolism related diseases will be understood by integrating metabolome and fluxome with 

other Ò-omicsÓ data in order to gain global systems biological view about diseases.  

 

 Like all other research communities, metabolomics community uses technical terms to 

communicate effectively. Some of these terms are explained in Table 1.1. It should be noted that 

some of these terms are used differently by different investigators.  

 

 Metabolomics can be divided into two main categories as biomarker and cellular 

metabolomics.3 Biomarker metabolomics is the research to discover metabolite biomarkers to 

diagnose diseases, drug effects and other biological perturbations. The sample obtained for the 

analysis is highly depend on the study, for instance for disease, it can be a body fluid, such as 

blood or urine. For plant stress, it can be plant cell extracts.3 The biomarker studies aim to extract 

significant differences between perturbed and control samples by using semi-quantitative 

multivariate data analysis (Section 1.6). 
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Table 1.1. Glossary for metabolomics. 
Metabolomics Identification and quantification of all metabolites present in a biological 

system in a non-biased and non-targeted manner22 
Metabolic 
profiling 

Identification and quantification of a certain number of pre-defined 
metabolites in a biological system. These selected metabolites are generally 
related to a specific metabolic pathway22 

Metabolite target 
analysis 

Identification and quantification of one or several metabolites related to a 
specific metabolic reaction,22 for instance substrate and/or product metabolite 
of a target protein23 

Exometabolome Total metabolite content present in the extracellular surrounding (e.g. 
supernatant of a cell culture) of a biological system23 

Endometabolome Total metabolite content present inside of a biological system23 
Metabolic 
fingerprinting 

Semi-quantitative analysis of the endometabolome by directly comparing the 
peak areas or peak heights between similar metabolic samples23 

Metabolic 
footprinting 

Semi-quantitative analysis of the exometabolome by directly comparing the 
peak areas or peak heights between similar metabolic samples23 

Metabonomics Quantitative analysis of the dynamic multiparametric metabolic response of a 
biological system to pathophysiological stimuli or genetic modification3 

Cellular 
metabolomics 

Quantitative analysis of the full network of cellular metabolism including the 
dynamic concentration changes and fluxes24 

 
  
 Cellular metabolomics is focused on understanding of the regulatory structures of 

metabolic pathways, connections between pathways, control of metabolite concentrations and 

their fluxes within cells.3 In biomarker metabolomics, if a biomarker is detected, the next 

question will be the mechanistic understanding of the biomarker via cellular metabolomics. 

Similarly, if cellular metabolomics elucidates a metabolic pathway, the next study will be on its 

reflection at the biomarker level. Hence, a study starting with biomarker metabolomics often 

results in cellular metabolomics, or vice versa.3 

 

 Although metabolomics is a research field on its own, there are many research fields that 

highly benefit from advances in metabolite analysis. These include: systems biology, synthetic 

biology, metabolic engineering, bioengineering, drug target discovery, toxicology, 

environmental analysis, nutritional studies, metabolite-protein interactions, metabolite-nucleic 

acid interactions, personalized medicine, metabolic pathway discovery, signaling and quorum 

sensing, discovery of natural products and antibiotics, molecular level phenotype-genotype 

analysis. Furthermore, since metabolome samples are complex chemical mixtures, advances in 
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mixture analysis improve characterization of other complex chemical mixtures such as industrial, 

fossil and renewable fuel products, and high-throughput organic reactions. 

 

1.2 Analytical Techniques 

 

Metabolomics developed later than other Ò-omicsÓ technologies, which is partly because the 

metabolome is chemically more diverse than the genome, transcriptome and proteome. While the 

genome is composed of just 4 different nucleobases and proteome is formed of 20 amino acids, 

the metabolome consists of 1000 to 200 000 different compounds.25 Because of the narrow 

chemical diversity, analytical technologies required to detect genes or proteins are relatively 

simple and therefore routinely performed.25 Metabolites, on the other hand, can have extremely 

different chemical and physical properties.25 Today, no single analytical technique exists, which 

can detect all metabolites.16 In addition to the large chemical diversity, metabolites also show a 

large dynamic range in concentrations (factor ~106 from nM-mM).26 An obvious but important 

fact is that a low abundance metabolite cannot be observed, if its concentration is lower than the 

sensitivity of the analytical technique. On the other hand, high abundance metabolites can create 

a background, which prevents detection of low abundance metabolites.24 

 

 The techniques used in metabolomics are not conceptually new. Chemists have been 

using chromatography, NMR and MS since the 1970s in order to characterize known and 

unknown organic molecules.25 In contrast to organic samples, metabolomics samples are 

unpurified complex biological mixtures with much more diversity.25 To analyze these complex 

samples and identify and quantify all metabolites simultaneously, analytical techniques have 

been improved and in some cases hyphenated such as gas chromatography, liquid 

chromatography and capillary electrophoresis are hyphenated with mass spectrometry. They are 

abbreviated as GC-MS, LC-MS, CE-MS, respectively. With the addition of technological 

advances, today the most commonly used analytical techniques in metabolomics are NMR and 

MS.8 Gas, liquid and solid state of metabolic samples are analyzed by different NMR and MS 

techniques. This thesis only includes NMR and MS techniques, which are used to analyze liquid 

state of metabolic samples. 
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1.2.1 Nuclear Magnetic Resonance (NMR) Spectroscopy  

 

History of NMR is dated back to 1946, when Felix Bloch and Edward Purcell independently 

demonstrated in their experiments that certain nuclei were absorbing electromagnetic radiation in 

a strong magnetic field due to splittings in their energy levels. These splittings are because of 

their existent magnetic moment caused by their non-zero nuclear spin.27 After few years later, 

chemists realized that the molecular environment around nucleus influences the absorption radio 

frequency of the nucleus and that can be used to elucidate molecular structures.27 In 1953, the 

first commercial high-resolution NMR spectrometer for chemical structure elucidation was 

marketed. At that time the spectrometer was acquiring the spectrum in continuous-wave fashion 

(CW-NMR).27 In CW-NMR, the absorption is slowly scanned by keeping the field strength 

constant and moving the frequency of source, or vice versa. In 1966, this slow type of technique 

was replaced with Fourier transform-NMR  (FT-NMR) by the invention of Richard Ernst. In FT-

NMR, the sample is irradiated with a pulse of radio frequency energy, which results in a time-

domain signal. This signal can directly be converted to frequency-domain by using Fourier 

transformation.27 The frequency-domain signal is a spectrum similar to the one obtained by CW-

NMR. But, since FT-NMR is much faster than CW-NMR, one can acquire more scans in a given 

time. The number of scans increases the signal-to-noise ratio (sensitivity) proportional to its 

square root.28  

 

 The first NMR experiments were all one-dimensional (1D NMR), where the signal 

intensities are plotted against one frequency. 1D NMR spectrum of a typical small organic 

molecule consists of several to dozens of peaks, which can be easily distinguished as isolated 

signals. On the other hand, complex mixtures and macromolecules (Protein, DNA, RNA, 

polymer) have hundreds to thousands of peaks, which leads to peak overlaps that cannot be 

distinguished in 1D NMR spectrum.29 To overcome this problem Richard Ernst developed two-

dimensional (2D NMR) NMR in the mid 1970s, based on an idea proposed by Jean Jeener. The 

advantage of 2D NMR is that the signal intensity is plotted against two frequencies that 

significantly reduce the amount of overlap occurring in the 1D NMR spectrum. Depending on 

the type of experiment, by 2D NMR one can identify through-bond (J) couplings, through-space 

interactions and chemical exchange occurring in molecules. Later on, 2D NMR was extended to 
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higher dimensional (3D, 4D, 5D, etc.) experiments to further improve the resolution as well as 

information obtained from spectrum.29 The drawback of going to higher dimensions is the 

exponential increase of measurement time. Although 1D experiment takes minutes, 2D 

experiment can take hours/day, whereas 3D experiment can take days/week. In metabolomics 

generally 1D and 2D experiments are being used. 

 

  NMR studies interaction of nuclear spins with electromagnetic radiation. Nuclear spin is 

an intrinsic property of a nucleus and it is determined based on its atomic and mass numbers.28 A 

nucleus with odd mass number has half-integral spin quantum number (1/2, 3/2, etc.), whereas 

nucleus with even mass and odd atomic numbers has integral spin quantum number (1,2, etc.). 

These two types of nuclei are called NMR active. The spin quantum number I of an NMR active 

nucleus determines that the number of quantized energy levels in the nucleus is 2I+1.28 Under 

normal conditions these energy levels are degenerate; however, in the presence of external 

magnetic field their energy levels become different. This energy splitting is called the Zeeman 

effect.28 Nuclear spins have an intrinsic angular momentum, which is quantized like the spin 

quantum numbers.28 In the presence of an external magnetic field, spin angular momentum 

orients itself with the external magnetization. This results in alignment of bulk magnetization 

along the z-axis of external magnetic field and consistent with the Boltzmann populations of the 

Zeeman energy levels, which - in qualitative terms - states that at equilibrium the population of 

lower energy level is higher than upper energy level.28 This results in a polarization of bulk 

magnetization along z-axis. Upon exposure to electromagnetic radiation, the bulk magnetization 

is directed to x-y detection plane. Once on the detection plane, the magnetization starts to 

perform free precession because of magnetic field along the z-axis. During free precession, time 

domain signal is recorded. Precession frequency for a particular spin is directly related to 

absorption energy of the spin. This energy is equal to the difference between the spinÕs Zeeman 

energy levels. Every spin has different absorption energy due to its different molecular 

environment. This property leads to different NMR chemical shifts, which introduces spectral 

resolution so that resonances of different spins do not all lay on top of each other.  
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 Nuclear spin quantum number 1/2 is the most commonly seen isotope in biology. For 

instance, 1H, 13C, 15N and 31P possess spin quantum number 1/2. Therefore, the following 

explanation of NMR theory will be based on spin 1/2 nuclei. 

 

 For one spin 1/2 nucleus, there are two Zeeman energy levels. Each energy level has one 

associated wavefunction.28 Since a spin can be in any one of the energy levels, spin 

wavefunction is a superposition of the energy level wavefunctions as shown in Eq. 1.1 

                                        

!" = c1/ 2" 1/ 2 + c#1/ 2" #1/ 2!!!!!!!!!!!!!!!!!!!!!!" = c#" # +c$" $ !! !!!!! !!!!!!!!!!!(1.1) 

                                             

where "  is the wavefunction of a spin, c"  (or c1/ 2) and c"  
(or c" 1/ 2

) are the superposition 

coefficients (complex numbers) associated with the wavefunctions of the energy levels " #  (or 

" 1/ 2) and " #  (or " #1/ 2), respectively.28 In order to extract the energy information from " , we 

need to use the energy operator, which is called Hamilton operator or Hamiltonian. The 

Hamilton operator is directly related to spin angular momentum operators, which calculates the 

angular momentum of "  along x, y and z direction by using Ix, Iy and Iz angular momentum 

operators, respectively. The result of calculation for Iz is shown as an example in Eq. 1.2. 

 

< Iz >=1/2c" c" * #1/2c$c$ * ! ! ! !!! !!!!!!!!!!(1.2)!

!

where the * denotes the complex conjugate. This means that angular momentum of "  along z-

axis is 1/2 with possibility of c" c" *  and -1/2 with possibility of c" c" * , where the sum of c" c" *  

and c" c" *  is equal to one. This can be written in a more compact way by using density matrix !  

in Eq. 1.3.28 

� " >=
c#c# * c#c$ *

c$c# * c$c$ *

%

&
'

(

)
*! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(1.3) 

 

In this case, angular momentum along x, y, z-axis can be arranged as in Eq. 1.4.29 

 

� Iz >=
1/2 0

0 " 1/2

#

$
%

&

'
(   � Ix >=

0 1/2

1/2 0

#

$
%

&

'
(    � Iy >=

0 " 1/2i

1/2i 0

#

$
%

&

'
( !!!!!!!!!!!!!!!!!!!!(1.4)!
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NMR experiments consist of delays and pulses, which manipulate the "  in a time dependent 

manner. To analyze the time dependent wavefunction, we need to use the master equation (Eq. 

1.5)29 

" (t) = exp(#iHt)" (0)exp(iHt) ! ! ! !!!!!!!!!!!!(1.5)!
 

where H, t and i are the Hamiltonian, the time and the imaginary unit, respectively. At the end of 

pulses and delays, we will obtain time-dependent density operator " (t). In order to extract 

physically observable NMR signal, the mathematical trace operation is performed as in Eq. 1.6.29 

           

S(t) = Tr " (t)I +{ } ! ! ! ! ! !(1.6)!

!

Here the I +
 is the raising operator, which result in the measurement of magnetization along x-y 

plane. Therefore it is related to angular momentum operators along the x- and y-axis (Eq. 1.7).29 

     

I � = Ix � iI y ! ! ! ! !!!! !!!!!!!!!(1.7) 
 

Time-domain signal S(t) obtained from experiment is converted to frequency-domain signal S(! ) 

by using Fourier transformation.  

 

 The next section will explain NMR experiments, which are commonly used in 

metabolomics. Theory of experiments will be illustrated by using simple two-spin model system. 

The spins are through bond (scalar or J-) coupled to each other. Couplings have direct effect on 

Hamiltonian (energy) of the system; therefore, they are observed in the NMR spectrum. The 

Hamiltonian (H) of the two-spin system is shown in Eq. 1.8.28 

 

H = " 1I1z +" 2I2z +2#J12 $ I1z $ I2z! ! ! ! !!(1.8) 
 

where " 1 and " 2 are precession frequencies of the first and second spin, respectively and J12 is 

the coupling constant between them. 

 

 In the case of two-spin system the density operator # should be expanded as in Eq. 1.9.28 
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" =

c## c## * c## c#$ * c## c$# * c## c$$ *

c#$ c## * c#$ c#$ * c#$ c$# * c#$ c$$ *

c$#c## * c$#c#$ * c$#c$# * c$#c$$ *

c$$c## * c$$c#$ * c$$c$# * c$$c$$ *

%

&

'
'
'
'

(

)

*
*
*
*

!! ! !!!!!!!!!!!!(1.9)!

 

Expansion of angular momentum operators can be done by Kronecker product.29 For instance, 

angular momentum along z-axis for the first and second spins, I1z and I2z, respectively, are 

calculated as in Eq. 1.10,           

I1z = Iz " E

I2z = E " Iz

! ! ! ! !!!!!!!!!!!!!!!!!!!!(1.10)!

!

where E is the identity matrix (Eq. 1.11) and the "
!
is the direct matrix product. 

 

E =
0 1

1 0

"

#
$

%

&
' ! ! ! ! ! !!!!!!!(1.11)!

 

The result for I1z is shown in Eq. 1.12:29
  

       

 

 

I1z =

1/2 0 0 0

0 1/2 0 0

0 0 " 1/2 0

0 0 0 " 1/2

#

$

%
%
%
%

&

'

(
(
(
(

! ! ! !!!!!!!   (1.12)!

 

By using the same approach all the other angular momentum operators I1x, I2x, I1y and I2y can be 

calculated, which will be used in the next section. 

  

 1.2.1.1 One-dimensional NMR. NMR experiments can be represented in terms of blocks 

of radio-frequency pulses (rf pulses) and delays. During pulses electromagnetic radiation is 

applied and during delays the system is under the Hamiltonian for free precession. Figure 1.1 

shows the representation of a 1D NMR experiment. The experiment starts with an equilibrium 

magnetization along z-axis. Therefore, at the beginning of the experiment !  is equal to Iz. The 



! 11 

90¡ pulse rotates the magnetization to detection plane. On the detection plane, the spins perform 

free precession for time t, while the signal is recorded.30 

 

 

Figure 1.1. Representation of basic 1D pulse sequence. The experiment starts at the equilibrium 
with z-magnetization, which is rotated to the detection plane by a 90¡ pulse, shown as black 
rectangular box. Signal acquisition starts immediately after the pulse and continues during time t, 
which is represented as a damped cosine wave.   
 
 
 More detailed explanation is provided by applying product operator formalism to the first 

spin (Eq. 1.13). The evolution of the second spin occurs similarly. Briefly, at the beginning of 

the 1D experiment, magnetization of the first spin is I1z. When the 90y¡ (! /2) pulse (shown as 

arrow in Eq. 1.13) is applied along y-axis, magnetization is rotated to I1x direction, which is on 

the detection plane. During signal detection, I1x performs free precession, from which the 

frequency of the first spin (" 1) as well as the coupling constant between the first and second 

spins (J12) can be extracted.30  

 

I1z

(" / 2)I y# $# # I1x
%1tI 1z# $## cos(%1t)I1x +sin(%1t)I1y

2" J12tI1zI 2z# $# # # cos(%1t)cos(" J12t)I1x +sin(%1t)cos(" J12t)I1y !!!!!!!!!!!!!!!!!!!!!!!!!!

(1.13) 

 



! 12 

The NMR probe independently detects the magnetizations of I1x and I1y and stores them as real 

and an imaginary numbers, respectively, as in Eq. 1.14: 

 

S(t) = cos(" J12t)cos(# 1t) + i cos(" J12t)sin(# 1t)

S(t) = cos(" J12t)exp(i# 1t)

S(t) =1/2exp(i[# 1 + " J12]t) +1/2exp(i[# 1 $ " J12]t)

                            (1.14) 

 

where S(t) is the recorded time domain signal. The signal is the sum of two complex exponential 

terms, which are oscillating at frequencies (! 1 + " J12) and (! 1 - " J12). In real life, these signals 

do not only oscillate, but also decay over time due to relaxation, therefore if we assume that the 

decay is exponential, then the actual S(t) will be as in Eq. 1.15:30 

 

S(t) =1/2exp(i[" 1 +#J12]t)exp($Rt) +1/2exp(i[" 1 $ #J12]t)exp($Rt)             (1.15) 
 

where R = 1/T2 is the relaxation rate, which is the inverse of the transverse relaxation time T2. 

Fourier transformation of S(t) results in a frequency domain spectrum.30 In Figure 1.2, an 

example 1D 1H NMR spectrum of two-spin molecule is shown. There are two signals appearing 

at chemical shift values 6.82 and 7.72 ppm and each signal is splitted by 8.5 Hz, therefore the 4 

lines are corresponding to (! 1 + " J12), (! 1 - " J12), (! 2 + " J12) and (! 2 - " J12) values, from which 

! 1, ! 2 and J12 can be extracted. In NMR, instead of frequencies (Hz), signals are represented by 

chemical shifts (ppm), because frequencies are directly proportional to the magnetic field 

strength. For instance, doubling the strength doubles the frequency, which makes comparing 

frequencies between different spectrometers difficult.30 To overcome this confusion, the 

chemical shift scale is used. Construction of chemical shift scale requires a reference compound, 

whose signal is used to define the zero ppm position. The chemical shifts of the other peaks in 

the spectrum are calculated by taking the ratio of their frequencies to the frequency of reference, 

which cancels out the field dependence.30 Although NMR peaks are defined by chemical shifts, 

the coupling constants are still represented by frequencies, because couplings do not change 

based on the magnetic field strength.  
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Figure 1.2. 1D 1H NMR spectrum of 4-aminobenzoic acid taken from BMRB31. Signals 
appeared at 6.82 and 7.72 parts per million (ppm) are J-coupled to each other with a coupling 
constant of 8.5 Hz, which can be measured from peak splittings (in red color).  
 
  
 The chemical shifts and J-coupling constants are specific for each compound. For 

instance, if the parameters observed in Figure 1.2 are searched in NMR databanks, the (correctly) 

identified compound will be 4-aminobenzoic acid. The paramaters can also be directly used to 

elucidate molecular structures. For instance, chemical shift value of a 1H peak directly reports 

whether it is an aliphatic or aromatic 1H, or whether it is connected to an oxygen or a carbon 

atom. Furthermore, the coupling constant reports the dihedral angle between 1HÕs. The multiplet 

pattern of the peaks reports the number of equivalent 1H in the structure, for instance, in 4-

aminobenzoic acid, we observed two doublet peaks, which shows that there are only one 1H in 

each position. 

 

 1.2.1.2 Two-dimensional NMR. In Figure 1.3, the schematic of a 2D NMR experiment 

is shown.30 In 2D NMR, a 1D NMR experiment is repeated many times while systematically 

incrementing the evolution time t1, which encodes the correlation between spins through bond or 
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space. The signal is detected during t2.  Finally, the time domain signal S(t1,t2) is converted to 

frequency domain S(! 1,! 2) by Fourier transformation. The t1 dimension, which is never directly 

detected, is called indirect dimension; whereas the detected dimension, t2, is called direct 

dimension.  

 

 
Figure 1.3. Representation of basic 2D NMR pulse sequence. Preparation and mixing periods 
may contain 2 single pulses as shown above or depending on the 2D NMR experiment, it may 
consist of more complex arrangements of pulses and delays. During evolution, coherence is 
generated, which evolves during t1. Detection occurs during t2 period after mixing pulse. 
 
 
 In metabolomics, two commonly used homonuclear and heteronuclear 2D NMR 

experiments are TOCSY32 and HSQC33. In homonuclear experiments, the signals arise from 

correlations between same type of spins such as 1H-1H or 13C-13C, whereas in heteronuclear 

experiments they arise from correlations between different type of spins such as 1H-13C or 1H-
15N.  

  

 2D TOCSY. TOCSY observes correlation between spins in an unbroken chain of spin 

network, where each spin is coupled to the other through-bond. Figure 1.4A shows a 

hypothetical spin network of carbons, where spin 13CA is connected to spin 13CB and spin 13CB is 

connected to spin 13CC. TOCSY spectrum in Figure 1.4B shows signals between A, B and C. The 

most interesting TOCSY signal is between A-C, which could appear even in the absence of A-C 
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coupling.30 The reason for this long distance correlation is the magnetization transfer during 

TOCSY mixing period.  

 

 
 
Figure 1.4. (A) Hypothetical carbon spin network arranged as carbon A (13CA) connected to 
carbon B (13CB) and carbon B connected to carbon C (13CC) by scalar J-couplings. (B) Schematic 
TOCSY spectrum of the spin network shows 9 peaks, 6 of which are cross-peaks corresponding 
to correlation between carbons A, B, C with each other. These are shown as light grey peaks. 
The remaining 3 peaks are diagonal peaks, which are corresponding to correlation of A with A, 
B with B and C with C. These are shown as dark grey peaks.!
 
 
 The pulse sequence of TOCSY is represented in Figure 1.5. The grey box is the TOCSY 

mixing pulse sequence, which is applied during ! mix.
30 The stages of TOCSY experiment are the 

following.30 The initial magnetization I1z is rotated to ÐI1y by 90x¡ pulse. During t1, the 

magnetization evolves under magnetic field along z-axis; thereby it encodes the frequency 

information of the first spin (" 1). The second 90x¡ pulse converts the magnetization back to I1z 

(Eq. 1.16).  
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I1z
(" / 2)I x#  $  #  #  %I1y

&1t1I1z#  $  #  #  2" J12t1I1zI 2z#  $  #  #  #  %cos(" J12t1)cos(&1t1)I1y

(" / 2)I x#  $  #  #  %cos(" J12t1)cos(&1t1)I1z

!!!!!!!!!!!!!!!!!!!!(1.16)!

 

 

 

Figure 1.5. Pulse sequence of TOCSY experiment. The grey box corresponds to the TOCSY 
mixing, which is applied for a time ! mix. TOCSY mixing achieves correlation between distant 
spins, if they are part of an unbroken network of scalar J-couplings. 
 
 
The isotropic mixing during ! mix transfers z-magnetization from one spin to the other with a rate, 

which depends on the coupling constant between the spins and duration of ! mix (Eq. 1.17).  

 
" mix#  $  #  %cos(&J12t1)cos(' 1t1)  (1/2[1+cos(2&J12" mix)]I1z +1/2[1%cos(2&J12" mix)]I2z) !!!!(1.17)!

 

Finally the z-magnetization is rotated to detection plane by 90x¡ pulse for signal acquisition (Eq. 

1.18).      

 
(" / 2)I x#  $  #  #  cos(" J12t1)cos(%1t1)  (1/2[1+cos(2" J12&mix)]I1y +1/2[1' cos(2" J12&mix)]I2y)!!!(1.18)!

!

Eq. 1.17 demonstrates the transfer of in-phase magnetization between spins, which leads to 

relatively simple cross-peak multiplet patterns. There is one more commonly used homonuclear 

2D NMR experiment, namely COSY, which displays only correlation between J-coupled spins. 

Therefore, COSY spectrum of the hypothetical spin network displays only the signals between 
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A-B and B-C. TOCSY spectrum can also be used like COSY by reducing the TOCSY mixing 

time ! mix. COSY and short mixing time TOCSY provide the same information, but in COSY, 

multiplet structure of peaks appears in anti-phase shape, whereas in TOCSY, it occurs in-phase 

shape. The drawback of anti-phase shape is that in the presence of small J-coupling, the 

multiplets approach each other, which can cause the cancellation of whole cross-peaks. By 

contrast, for TOCSY-type in-phase cross-peaks, small J-couplings turn the multiplets to a singlet 

with larger intensity. As a result, in terms of cross-peak appearance TOCSY is more preferable 

than COSY. 

 

 2D HSQC. The most abundant nuclei in metabolites are 1H and 13C, therefore 13C-1H 

HSQC is the most commonly used heteronuclear experiment in metabolomics. 13C-1H HSQC is 

explained by using three carbon chain 13CA-13CB-13CC in Figure 1.6A. If each carbon has one 

attached 1H, 13C-1H HSQC spectrum will have 3 peaks as in Figure 1.6B, where each peak is 

corresponding to a correlation between a carbon with its attached proton. 

 

 The stages of HSQC experiment are the following.30 The initial magnetization on the 

proton spin I is transferred to carbon spin S during period A (Fig. 1.7). Magnetization of spin S 

evolves during t1, thereby it encodes the frequency information of carbon. Finally, the 

magnetization is transferred back to I for detection (Eq. 1.19). 

 

Iz
(" / 2)I x#  $  #  #  %Iy

2" J12&1I zSz#  $  #  #  #  " I x +" Sx#  $  #  #  2" J12&1I zSz#  $  #  #  #  %sin(2" JIS&1)2IxSz

(" / 2)I y +(" / 2)Sx#  $  #  #  #  #  %sin(2" JIS&1)2IzSy
' St1Sz +" I x#  $  #  #  #  cos(' St1)sin(2" JIS&1)2IzSy

(" / 2)I x +(" / 2)Sx#  $  #  #  #  #  %cos(' St1)sin(2" JIS&1)2IySz

!!!!!!!!!!(1.19)!

!

Since 1H has higher sensitivity and higher natural abundance than 13C, the initial magnetization 

and detection in HSQC, are performed through 1HÕs to increase sensitivity of the experiment. 
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Figure 1.6. (A) Hypothetical carbon spin network 13CA-13CB-13CC with their attached 1HÕs. (B) 
Schematic 2D 13C-1H HSQC spectrum of the spin network. Three cross-peaks are corresponding 
to correlation between 13CA-1HA, 13CB-1HB and 13CC-1HC.!

 
Figure 1.7. Pulse sequence of 13C-1H HSQC experiment. The experiment starts with equilibrium 
magnetization on proton spin I, which is transferred to carbon spin S during spin echo period A, 
which includes a 180x¡ pulse at the middle, shown as white rectangular box. Spin S evolves 
during t1. At the end of the t1, magnetization is transferred back to proton spin by 90x¡ pulse 
followed by detection during t2. 
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 2D Constant-time spectroscopy. The constant-time method is a pulse sequence 

modification that leads to the removal of the splittings in the indirect dimension (t1), occuring 

due to homonuclear J-couplings.30 It has been applied to many multidimensional experiments 

such as COSY, TOCSY and HSQC. The main advantage of collapsing peak multiplets to singlet 

is an increase in the effective resolution of the spectrum.30  

  

 Since it will be used in Chapter 3, constant-time version of TOCSY experiment is 

selected to explain the principle of the approach (Fig. 1.8). The constant-time in the pulse 

sequence is the period of T. The evolution time is as usual the period of t1. At the center of the 

period T-t1, there is a 180¡ pulse (white rectangular box). The effect of this pulse on the 

evolution of chemical shift (! ) and J-coupling is different, which underlies the basis of constant-

time approach. The 180¡ pulse refocuses the chemical shift at the end of the period T-t1. 

Therefore, overall the chemical shift evolves during t1, as it would occur in normal TOCSY 

experiment. On the other hand, 180¡ pulse does not refocus the homonuclear J-coupling and the 

coupling evolves during whole constant-time period T. As a consequence, the t1 part of the signal 

S(t1,t2) becomes a function of chemical shift, but not the function of homonuclear J-coupling, 

which will create a splitting-free spectrum along the t1 dimension of CT-TOCSY.30  

 

 

Figure 1.8. Pulse sequence of constant-time (CT) TOCSY experiment. The time T corresponds 
to constant-time period.  
 
 
 The CT-TOCSY experiment can be represented by product operators as following. The 

initial magnetization I1z is rotated to ÐI1y by 90x¡ pulse. After that, the coupling evolves during T 
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and the chemical shift evolves during t1. Finally, magnetization is rotated to z-axis by 90x¡ pulse 

for TOCSY mixing (Eq. 1.20). 
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! !!!!!!!!!(1.20)!

 

The only difference between TOCSY and CT-TOCSY occurs at this point that I1z in CT-TOCSY 

is a function of cos(! J12T), whereas in TOCSY, it was a function of cos(! J12t1). Therefore in CT-

TOCSY, coupling does not affect the shape of the signal along t1 dimension, but it affects the 

intensity of the peaks. To have peaks with maximum intensity, T should be selected as equal to 

n/J12 where n = 1,2,3 ...30  

 

 The drawback of constant-time experiment is that during time T, the nuclei undergo 

relaxation, which leads to sensitivity losses. Although this can be serious problem for fast 

relaxing molecules such as proteins, fortunately, for small molecules such as metabolites, 

relaxation time is long enough that it does not create a big problem as it will be demonstrated in 

Chapter 3. 

 

1.2.2 Mass Spectrometry 

 

Although in this thesis, mass spectrometry is not used, for the sake of completeness mass 

spectrometry will be explained in this section. 

 

 Mass spectrometer detects mass to charge (m/z) ratio of gaseous ions. The first 

spectrometer was designed by Joseph John Thomson in 1897.34 Every MS spectrometer consists 

of an ion source, mass analyzer and detector.35  

 

 Since from a technological perspective to form gaseous ions from gaseous analytes was 

easier, ion sources capable of first vaporize and second ionize the analytes, took off earlier in MS 

history. The molecules, which can be analyzed by the gas-phase ion sources were volatile or 
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thermally stable molecules with boiling points less than ~500 ¡C and molecular mass less than 

~1000 Da.27 In early 1940s, MS with gas phase ion source was the first instrument used to 

quantitatively analyze hydrocarbon mixtures in petroleum industry.27 In early 1950s, commercial 

MS instruments started to be used by chemists to analyze variety of other organic compounds. 

Since many biological molecules are nonvolatile or/and thermally unstable, they cannot be 

vaporized by gas phase ion sources. Application of MS to biological molecules had to wait until 

the invention of desorption ion sources in 1980s. A desorption ion source can convert a solid-

state or liquid-state sample directly into gaseous ions.27 Since then, the field of biological mass 

spectrometry has exhibited explosive growth for the analysis of low and high molecular weight 

biomolecules.27 Today, MS analyses of gaseous, liquid and solid samples are done most 

commonly by EI, ESI and MALDI ion sources, respectively.  

 

 Mass analyzer part of MS instrument, which is used to detect m/z value, shows diversity 

in terms of resolution, speed of scan, sensitivity, fragmentation ability, mass range and cost.  

 

 Resolution, the ability to distinguish ions with different masses, is necessity to extract 

exact mass, which is the key parameter to identify chemical formula. For instance, exact masses 

of N2
+ and CO+ are 28.0061 and 27.9949 Da, respectively. A lower resolution mass analyzer, 

which is capable of measuring only nominal masses, cannot discriminate these two ions, since 

their nominal masses will be the same, 28 Da. Mass analyzers can be classified from low 

resolution to high resolution as well as least expensive to most expensive as quadrupole, time-of-

flight (TOF), Orbitrap and Fourier transform ion cyclotron resonance.  

 

 Fast scan speed is advantageous for platforms requiring short acquisition period36 such as 

GC-MS, LC-MS, CE-MS, where at every retention time the elution is sent to mass spectrometer 

for scan or another example MALDI imaging, where an image (e.g. brain slice) is often divided 

to 256x256 spots and for every spot a mass spectrum is acquired.35 Quadrupole and TOF are 

capable of fast scanning.35 

 

 Fragmentation is important for identification of metabolites and it is performed by 

tandem mass spectrometers. In a basic tandem instrument (MS/MS), there are two stages; at the 
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first stage, m/z analysis is applied to select ions for further fragmentation. At the second stage, 

the fragment (product) ionsÕ m/zÕs are analyzed.35 Examples of tandem spectrometers, which are 

also called as hybrid mass spectrometers, are quadrupole-TOF and linear ion-trap-Orbitrap. It is 

common in hybrid instruments that the first tandem stage is performed by the low resolution 

mass analyzer (quadrupole and ion trap), which filter ions on the front end and the second stage 

is performed by a high resolution mass analyzer (TOF and Orbitrap), which measures m/z of 

product ions on the back end.37 Fragmentation is useful in metabolomics to discriminate 

metabolites having the same m/z values. For instance, if glucose-1-phosphate and glucose-6-

phosphate samples are separately analyzed in a quadrupole instrument, the m/zÕs observed will 

be both 259 Da. These are the parent (non-fragmented) ions of glucose-1-phosphate and glucose-

6-phosphate. However, if these metabolites are analyzed in a hybrid quadrupole instruments, the 

ions observed for glucose-1-phosphate will be 79, 97, 139, 241 and 259 Da and the ions 

observed for glucose-6-phosphate will be 79, 97, 139 199, 241 and 259 Da.37 Therefore, the 

product ion 199 is specific for glucose-6-phosphate,37 which can be used to discriminate these 

two metabolites.  

 

 Mass range of mass analyzer is also an important criterion. The demand for measuring 

high mass range up to several 105 Da was arisen upon introduction of MALDI for the analysis of 

proteins.35 A modern quadrupole instrument can detect up to 1-4000 Da; therefore, it is not 

suitable for detecting high molecular weight molecules. On the other hand, mass range of TOF is 

unlimited and therefore MALDI-TOF is the most common MALDI instrument.  

 

 MS platforms for metabolite analysis can be classified as direct infusion and hyphenated 

platforms. Hyphenated platforms can be further divided based on the principle of separation 

technique as chromatography (GC-MS and LC-MS) and electrophoresis (CE-MS).  

 

 1.2.2.1 Direct infusion MS. Direct infusion mass spectrum is a one-dimensional 

spectrum, where the x-axis represents m/z values and the y-axis represents ion counts. As its 

name implies, in direct infusion (or direct injection), the sample is injected into the ionization 

source without prior separation.14 Due to absence of separation, it is fast, taking ~2 min per 

sample, therefore very high-throughput.14 Short analysis time also improves inter-sample 
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reproducibility and therefore, accuracy of the following statistical analysis.14 It is well known 

that every separation technique works best for subclass of metabolites and do not detect the 

others. Since direct infusion is a separation-free technique, in ideal case, no metabolites are lost 

due to separation. Common ionization source used for direct infusion is ESI. The main drawback 

of direct infusion is ion suppression, which is a phenomenon occuring when an abundant ion 

suppresses the signals of less abundant ions by competing for the entry of the mass 

spectrometer.24 Since in direct infusion more abundant and less abundant ions are not separated, 

ion suppression is more severe than in hyphenated MS. For instance, high salt content in buffers 

or samples can cause ion suppression that can impede meaningful data analysis.14 Another 

drawback of direct infusion is that it cannot distinguish isobaric (same exact mass) compounds 

such as sugar isomers, some of which would be separated by chromatography. 

 

 1.2.2.2 Hyphenated MS. Identification of metabolites by direct infusion is difficult and 

often requires physical deconvolution by chromatography or electrophoresis. In mass 

spectrometry, efficient separation eliminates more interferences, thereby brings lower detection 

limits.14 

 

 Chromatography includes a variety of methods. In every chromatographic technique, the 

sample is dissolved in a mobile phase and it is driven through an immiscible stationary phase. 

Based on how strong the mixture component interacts with stationary and mobile phase, it shows 

a distribution. For instance, if it interacts strongly with stationary phase, it is retained in and 

eluted late from the column. To be retained in the column, the mixture component must have 

some degree of compatibility with the stationary phase. This can be provided by using a polar 

stationary phase to retain polar mixture components, or vice versa. As a result of different 

migration rates, mixture components are separated that can be analyzed by MS in a qualitative 

and quantitative manner.27 Chromatographic techniques are classified based on the type of 

mobile phase.  

 

 GC-MS. In GC-MS, the mobile phase is an inert gas and stationary phase is liquid. A 

metabolomics sample is injected into capillary columns. During separation, each eluent is 

directly sent to the mass spectrometer for analysis. If the mass spectrometer performs scanning 
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per second, for a 30 minutes chromatographic run, 1800 mass spectra are recorded. Every point 

in this data has one elution time, one m/z value and one intensity. A typical GC-MS run takes 30-

60 minutes. A temperature gradient from ~80 ¡C to ~300 ¡C is applied for elution. GC-MS 

readily detects volatile metabolites. Non-volatile metabolites can become volatile by 

derivatization protocols (Section 1.3).38 GC-MS is well suited to detect large number of small 

organic molecules and after derivatization: amino acids, sugars and monophosphate compounds, 

but less well suited to detect highly polar molecules such as multiply phosphorylated metabolites 

(ATP, GTP, etc.) and larger molecules such as folate.24 

 

 LC-MS. LC-MS is the name of hyphenation of HPLC with MS. Reverse phase liquid 

chromatography is the most commonly used LC instrument in metabolomics. In reverse phase 

HPLC, stationary phase is nonpolar and mobile phase is polar liquids. In a chromatographic run 

hydrophobic mixture components are retained and hydrophilic components pass through the 

column and eluted first. Hydrophobic components are later eluted by solvent gradient, which 

decreases the polarity of the mobile phase by adding an organic (nonpolar) solvent such as 

methanol or acetonitrile that reduces the hydrophobic interactions. C18 narrow bore is a common 

reverse phase column with particle sizes 3-5 µm with 2 mm inner diameter and 5-25 cm length. 

Here the C18 stationary phase is corresponding to alkyl group (n-octyldecyl) attached to the solid 

support of the column. Metabolomics studies often use C18 column with water as mobile phase. 

The problem with this approach is that some of the charged polar metabolites are not retained by 

the column and they are eluted near the void volume in the beginning of the chromatographic 

run.37 To solve this problem ion pairing agents are used, which are volatile charged compounds 

that couple and neutralize oppositely charged metabolites. The agent-metabolite complex 

contains hydrophobic group that helps binding to C18 column.37 The most commonly used ion 

pairing agent is amine group containing agents, which provide positive charge to couple 

negatively charged metabolites. This approach allows detection of broad range of negatively 

charged metabolites. On the other hand, for positively charged metabolites, ion pairing approach 

is not used because of ion suppression. To detect positively charged metabolites, a normal phase 

chromatography namely HILIC is used. In HILIC, stationary phase is polar, the mobile phase is 

relatively nonpolar such as acetonitrile. For elution, acetonitrile is gradually replaced with water 

to elute and detect positively charged metabolites.37 
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 A typical LC-MS run takes 30-60 minutes. Instead of using regular particle size columns, 

smaller particle size columns have been developed, which provides higher resolution and shorter 

run by applying higher pressure (UPLC). Also higher resolution can be achieved by capillary 

LC. These columns have particle size similar to conventional HPLC (3-5 µm), but the inner 

diameter is much smaller (~0.2 mm) and the length of the column is longer (30 to 90 cm). The 

drawback of capillary LC is that elution takes longer time.39 

 

 Although LC-MS detects smaller number of metabolites than GC-MS, it covers greater 

fraction of the biologically critical molecules such as nucleotide triphosphates and redox-active 

metabolites.24 

 

 CE-MS. CE-MS is a method, where the charged compounds are separated in a buffer-

filled capillary tube under the influence of dc electric field.27 Electric field is applied by locating 

pair of electrodes at both ends of the buffer. When the field is on, it leads to migration of charged 

metabolites toward electrode with a migration rate, which depends on the charge-to-size ratio of 

each metabolite. The larger the ratio, the faster the metabolite moves toward electrode.27 CE 

column has typically 10 to 100 µm inner diameter and 30-100 cm length, where each end is 

connected to one electrode.27 The sample is injected from one end and detection happens at the 

other end. CE-MS can only detect charged metabolites. 

 

1.2.3 Comparison of NMR and MS 

 

NMR and MS techniques have both pros and cons. Today there is a general consensus in the 

field that NMR and MS are highly complementary techniques.25 Sensitivity of MS is at nM level 

and NMR is at µM level. Therefore, MS is ~1000-times more sensitive than NMR with higher 

dynamic range.25 The drawback of MS is that during sample preparation, separation and 

ionization steps, some classes of metabolites are targeted while others are ignored.40 14 

Furthermore, at the ionization step the sample is destructed. On the other hand, NMR do not 

discriminate metabolites or destroy the samples and provides more reproducible data. 
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1.3 Sample Preparation 

 

Metabolome sample can be in solid, liquid or gaseous form. This section will only include 

sample preparation of liquid form of samples. 

 

 Metabolomics applications requiring cell extracts are prepared in cell cultures. Once the 

cells reach to a certain level of growth (or time point), they are collected from cultures and 

immediately quenched to stop metabolic activities.14 Quenching can be achieved by instant 

change of temperature to either high (e.g. > + 80 ¡C) or low (e.g. < - 40 ¡C) degrees or by 

applying extreme acidic or basic conditions.38 

  

 After quenching, the cell pellet is obtained by ultrafiltration or ultracentrifugation. In the 

next step, cell pellets are lysed (such as by freeze-thaw technique) in order to release cytoplasmic 

content (supernatant). Since the supernatant contains proteins, nucleic acids and metabolites, to 

obtain only metabolites, an extraction procedure is performed,38 which is done with organic 

solvents such as water/methanol/chloroform at low temperatures. Once the metabolite extract is 

obtained, a pre-concentration step such as evaporating the solvent under vacuum can be applied 

in order to achieve the detection limits of the analytical technique.14 

 

 Preparation of body fluids does not require cell growth, quenching and lysis. Since urine, 

blood and most of the other body fluids contain proteins and other non-metabolite molecules, to 

extract only metabolites same or similar extraction procedures to the one explained above is 

performed. 

 

 After pre-concentration step, treatment of metabolite pellet differs based on the analytical 

technique and it will be explained specifically for each technique.   

 

 NMR. Depending on the NMR tube diameter, final volume of NMR sample can be ~200 

µL (3 mm tube) or 600 µL (5 mm tube). The metabolite pellet is dissolved in phosphate buffer in 

order to eliminate signal shifts based on pH differences. Generally pH values close to biological 

values pH 7.0-7.4 are preferred. About 10% D2O is added into the sample to lock the 
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spectrometer39 and sub-mM concentration of referencing agent is used for calibration of NMR 

shifts. The reference agent can be different based on the solvent, for aqueous solvent DSS is the 

proper one. 

 

 Direct infusion MS. Metabolite pellet is dissolved in ~100 µL infusion solvent (0.1% 

formic acid in water and 0.1% formic acid in acetonitrile (1:1)) and 10 µL is injected into ESI-

MS for analysis.41 

 

 GC-MS. Since polar metabolites are nonvolatile, analysis of them often requires 

derivatization at the functional group in order to decrease polarity and increase thermal stability 

and volatility.14 Active hydrogens in these functional groups such as ÐCOOH, -OH, -NH and Ð

SH can be derivatized by silylation.14 Silylation replaces the active hydrogen with an alkylsilyl 

group, for instance, ÐSiMe3.
42 BSTFA and MSTFA are the common derivatization agents and 

TMCS (1%) is the commonly used catalyst for derivatization.14 Optionally, before derivatization 

a methoximation procedure can be applied. Methoximation aims to reduce the numbers of 

derivatives of reducing sugars so that the GC-MS spectrum contains fewer peaks. This makes 

analysis of spectrum simpler. As a procedure, the carbonyl groups of sugars are often 

transformed into the corresponding oximes with CH3ONH2 in pyridine to stabilize ! -ketoacids to 

lock the sugars in open-ring conformation.14 42 By the additions of the derivatization and 

methoximation reagents, the metabolite pellet becomes a solution of ~100 µL, and 1 µL is 

injected into GC-MS for analysis. Before methoximation and derivatization, metabolite pellet 

should be compeletely dry otherwise moisture would result in degradation of derivatization 

agent.14 

 

 LC-MS. The metabolite pellet is dissolved in ~100 µL HPLC-grade water and 10 µL is 

injected into LC-MS for analysis.43 

  

 CE-MS. The metabolite pellet is dissolved in ~100 µL deionized water containing 

internal standards such as 50 µM diAla and 50 µM HEPES for positive and negative ion 

detection, respectively. 0.1 µL solution is injected into CE-MS for analysis.42 
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1.4 Metabolite Quantification 

 

Although peak areas or peak heights of NMR and MS signals have been used for metabolic 

fingerprinting and footprinting applications, this information does not provide accurate and 

absolute concentration of metabolites. This section explains how absolute concentrations can be 

extracted from NMR and MS spectra. 

 

 1D NMR spectrum provides the most convenient and accurate concentration 

determination among all NMR and MS techniques. In 1D NMR, simply a reference compound 

(internal standard) with known concentration is added into the sample before data acquisition. 

The absolute concentrations are measured directly relating the peak volumes of unknown 

concentrations to the peak volume of internal standard. Reference agent such as DSS used for 

NMR chemical shift calibration can also be used as internal standard.44  

 

 The drawback of 1D NMR is that peak volume determination for the overlapped peaks is 

not possible. The overlaps can be resolved in 2D NMR. Quantification of metabolites by using 

2D NMR is currently an active area of research . Many NMR experiments such as HSQC and 

TOCSY have been proposed for quantification; however, none of them have found wide 

application in metabolomics community because of their limited accuracy, sensitivity and 

convenience. Independent of being 1D or 2D, all NMR quantification methods require full 

relaxation of spins between scans to prevent differential saturation effects. For this purpose the 

required interscan delay should be at least 5 times of T1 of the slowest relaxing nuclei in the 

sample.45  

 

 Unlike NMR, MS quantification cannot be based on a single internal standard because of 

different ionization efficiencies of metabolites. For quantification by MS, every metabolite 

should be calibrated with its own standard. 12C and 13C labeled isotopes of the same metabolite 

have the same retention time in chromatography, but they have different m/z values in mass 

spectrometer, therefore spiking in the isotope labeled standards can be directly used for 

calibration. Since 13C labeled standards are often not available, metabolomics samples are 13C 

labeled during cell growth by feeding the cells with 13C labeled energy source and later on, 
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natural abundance (12C) standards with known concentrations are added into the sample for 

quantification.46 47 Limitations of this approach is that standard for every metabolite is not 

commercially present and fully 13C labeling is not possible for every eukaryotic cell type.  

 

 Regardless of the type of analytical technique, all absolute concentration determinations 

of cellular metabolites require estimation of the number of cells in the growth medium as well as 

estimation of their intracellular volume by using optical techniques such as UV-Vis spectroscopy 

and fluorescence confocal microscopy, respectively.48 

 

1.5 Metabolite Identification 

 

A positive identification requires matching of at least two independent and orthogonal 

parameters of unknown metabolite and its pure standard collected under identical or near 

identical conditions.25 These orthogonal parameters for MS can be retention time + mass 

spectrum, accurate mass + MS/MS and accurate mass + isotope abundance pattern.25 For NMR, 

a match at least to one of them; 1D 1H, 1D 13C or 2D 1H NMR is generally sufficient, since NMR 

data have already two or three orthogonal parameters as multiple chemical shifts, peak intensities 

and spin J-coupling patterns.25 

 

 There are many NMR and MS metabolomics databanks hosting experimental data of pure 

metabolite standards. Experimental information can be queried against these databanks in order 

to identify metabolites. Main limitation of this approach lies on the fact that only <5% of the 

metabolome universe have pure standards and only that amount is available in the databanks.25 

As a result of this, many of the NMR or MS signals observed in metabolomics studies stay 

unknown. Identification of the uncatalogued (unknown) metabolites requires labor-intensive 

purification and pre-concentration steps. Purified metabolite is later analyzed by 

multidimensional NMR experiments for de novo structure elucidation. Additionally, MS can 

provide exact mass of parent and fragmented ions, but only m/z values are often not enough for 

de novo structure elucidation.  
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1.6 Chemometric and Statistical Techniques 

 

The tools described in this section are often used for biomarker metabolomics. The aim of 

biomarker metabolomics is to extract statistically significant differences between observations. 

Data with multiple observations and multiple variables are called multivariate data.3 Often 

multivariate data are arranged into table, where rows constitute the observations and columns 

store the variables.3 Analysis of multivariate metabolomics data is performed by principle 

component analysis (PCA) and partial least squares (PLS).3 PCA is an unsupervised technique; it 

does not require prior information about different classes among samples. On the other hand, 

PLS is a supervised technique; it requires classification of samples before analysis, but this 

additional step pays off as a better performance. PCA and PLS both convert original variables to 

a set of new uncorrelated variables, which is called principle components. Often in metabolomics 

studies, first several principle components represent most of the variance (in PCA) and 

covariance (in PLS) of the original variables. This is quite useful, since manually comparing 

hundreds of signal intensities (variables) in dozens of metabolic samples (observations) in a 

reasonable time is not possible. By using PCA or PLS, metabolomics studies extract the most 

important signal intensities that represent differences among samples and then by using their 

chemical shifts or retention times and m/z values, the metabolites corresponding to the signals 

are identified. All of the metabolites identified in this procedure can be potential biomarkers. 

 

 The most important pre-requisite of multivariate data analysis is that the variables should 

be aligned across observations. NMR or MS spectra of multiple samples do not show 100% 

alignment. In NMR, sample always stays in NMR tube. Often misalignment is due to variability 

between samples in terms of pH, or metabolite concentrations. In MS, sample comes in direct 

contact with many parts of the instrument,43 therefore contamination of the instrument as well as 

variability among samples cause misalignment. Alignment in NMR and MS is achieved by 

commercial and public softwares. 

 

 Biomarker metabolomics studies generally follow two distinct strategies.43 The first 

strategy works in a well-controlled environment such as in vitro cell cultures, animal models or 

well class-matched human studies, where the perturbation is the only variable and it is applied 
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extremely.43 As a result, metabolome difference between control and perturbed samples become 

large enough that can be statistically significant by using a small sample size.43 In the study of 

general populations, however, another strategy is required. To understand the metabolic status of 

general populations, the second strategy uses medium-to-large-scale epidemiological studies, 

because only such studies take into account diversity observed in physiology, metabolic status 

and lifestyle of population.43 Metabolic differences are smaller than the one observed in the first 

strategy; therefore, in order to reach to high statistical confidence, sample sizes are kept larger.43  

 

1.7 Flux Analysis 

 

This section is most often used for cellular metabolomics. Flux analysis techniques can be 

classified into experimental and computational techniques.  

 

 History of flux analysis started with radioisotope tracer experiments, where the 

radioisotope labeled sources were fed to organisms and the fate was followed to elucidate 

downstream biochemical pathways.49  

 

 In early 1980s, 1D 13C NMR started to be used to measure relative activity of competing 

pathways by analyzing 13C enrichment of downstream products.50 Later it was realized that, by 

isotopomer analysis NMR can provide more biochemical information than by only 13C 

enrichment.51 Isotopomers are defined as all possible combinations of isotope labeling forms of a 

compound. For instance, for a three-carbon molecule such as alanine, there are eight 13C 

isotopomers. One isotopomer consists of three 12CÕs. Another isotopomer consists of three 13CÕs. 

In three other isotopomers, one carbon can be 12C and two carbons can be 13CÕs. In the last three 

isotopomers two carbons can be 12CÕs and one carbon can be 13C. In NMR spectrum, 8 

isotopomers appear at the same chemical shifts with different 13C-13C coupling patterns, which 

are used to determine abundance of isotopomers. 

 

            The most established experimental flux analysis technique, Metabolic flux ratio analysis 

(METAFoR), relies on isotopomer analysis. METAFoR performs flux analysis at the steady 

state52 by analyzing 13C-labeling pattern of amino acids obtained from hydrolysis of proteins. 
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Briefly, feeding the cells with a mixture of natural abundance and uniformly 13C-labeled energy 

source results in non-random 13C labeling patterns in amino acids. The non-random labeling 

arises from incorporation of intact two- and three-carbon fragments into amino acids from single 

energy source. Determination of abundance of intact fragments enables quantitative analysis of 

carbon fluxes occurring in central carbon metabolism in particular glycolysis, pyruvate 

metabolism, pentose phosphate pathway, tricarboxylic acid cycle and C1 metabolism.52 During 

cultivation in order to keep the cells in steady-state, a batch culture with exponential growth or a 

chemostat culture with continuous growth is used.53 One of the reasons why METAFoR became 

so popular is because of high abundance of proteins in cells. High protein concentrations result in 

high proteinogenic amino acid concentrations that can be detected very easily by NMR. The 

most often used NMR experiments in METAFoR are 2D 13C-1H COSY and 2D 13C-1H HSQC, 

where the 13C-13C coupling patterns appear along the indirect carbon dimension.52 

 

 Unlike 13C-13C coupling patterns, parent ion m/z values cannot distinguish isotopomers. 

For instance, 8 isotopomers of alanine have 4 different masses as m, m+1, m+2, m+3, where m is 

the mass of the parent ion. This problem is resolved in 2003, with the addition of ion fragment 

information.54 Since then MS has also been used for METAFoR studies. GC-MS is the most 

commonly used MS instrument for METAFoR. Hard ionization source (EI) in GC-MS is able to 

fragment the amino acids during ionization so that mass isotopomer distributions can be 

extracted by analyzing the fragmented ions.54  

  

 Drawback of METAFoR analysis is that it cannot provide dynamic information about 

fluxes, because it measures proteionogenic amino acids, which are accumulated in cell over time. 

To obtain dynamic fluxes, isotopomer analysis should be performed on intracellular 

metabolites,55 which are continuously renewed in cell. As compared to proteionogenic amino 

acids, abundance of intracellular metabolites is much lower, therefore high sensitivity analytical 

techniques should be employed. The experimental techniques to measure dynamic fluxes are still 

in progress. One of the approaches, Kinetic flux profiling, measures dynamics of incorporation 

of isotope-labeled nutrient source into downstream products by using LC-MS. Here the pool 

sizes (absolute concentrations) of metabolites are measured as decribed in Section 1.447 and flux 

changes are estimated by solving differential equations with pool sizes.56 There are some 
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advantages of kinetic profiling over METAFoR, the first one is that it can capture fluxes 

independent of cellsÕ state as being steady or non-steady. The second, it can be used not only to 

study central carbon metabolism, but also other parts of the metabolism. The challenge of 

Kinetic flux profiling is that isotope labeling becomes quickly intractable.13 

 

 Flux analysis techniques works best in prokaryotic systems and often application on 

eukaryotic systems requires additional considerations. Unlike prokaryotes, eukaryotes are often 

auxotrophs, therefore they cannot synthesize essential metabolites by derivatizing them from 

glucose or another sole carbon source. In this case, growth medium should be supplied by rich 

medium. However, keeping track of production and consumption of all molecules in such 

complex systems can be difficult. Furthermore, eukaryotic cells are compartmented, which 

results in formation of two or more spatially separated pools of the same metabolite. Currently, 

NMR and MS cannot access these separated pools. Finally, most eukaryotic cells are much more 

complex than prokaryotic cells with more competing biochemical pathways. Therefore 

dissecting contribution of each pathway is a challenge. 

 

 The most established computational flux analysis technique is Flux balance analysis 

(FBA), which is used to determine steady state fluxes occurring in metabolic networks.15 FBA 

starts with the reconstruction of a genome-scale metabolic network for the organism of interest. 

The reconstruction requires organism-specific information, in particular at least genome 

sequence, from which metabolic functions can be extracted.57 Furthermore, physiological data is 

required, for instance, growth conditions so that predicted model can be refined against.57 These 

models contain all known metabolic reactions of the organism. So far at least for 35 organisms 

these models have been created.15 The metabolic network is stored as a two-dimensional matrix 

(m x n), where m rows include list of metabolites and n columns include list of reactions. The 

matrix is filled with stoichiometric coefficients of each reaction. Stoichiometric matrix ensures 

that total amount of compounds being produced and consumed are equal. Once stoichiometric 

matrix is constructed, every reaction will be constrained with minimum and maximum allowable 

flux rates. Finally, a biological objective of interest is defined. For instance, in the case of 

predicting growth, this can be biomass production. Since for biomass production, biomass 

constituents such as nucleic acids, proteins and lipids should be produced, the metabolites 
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serving as substrate for the production of biomass are connected to the objective function by 

adding an extra Òartificial biomass reactionÓ column with coefficients at the end of the 

stoichiometric matrix. FBA calculates the flux rate of each pathway in the metabolic network in 

order to maximize biomass production by using linear programming. 

 

 

Figure 1.9. (A) Representation of a hypothetical metabolic system with the red box determining 
its boundaries. Corresponding flux balance equations are extracted on the right (Adapted from 
Ref. 58). (B) Stoichiometric matrix S for the metabolic system. Vectors lb and ub are the lower 
and upper boundary flux rates of each reaction. Vector x is the flux rates calculated by linear 
programming by using S, lb and ub as inputs. 
 
 
 Figure 1.9A is one simple metabolic network example58 containing 5 hypothetical 

metabolites (A, B, C, D and E) and 8 reactions. Objective function is the maximum rate of 

protein biomass synthesis, which is added in the 9th column in the stoichiometric matrix, S (Fig. 

1.9B). If we measure flux rates satisfying the following conditions: F1 is minimum 10 mmol/h, 
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F2 is maximum 10 mmol/h and all the other reactions are positive or zero except for F8, which is 

always zero, then we obtain the vector x (Fig. 1.9B), which contains flux rates of all reactions 

when they provide maximum biomass synthesis. Particularly Fobjective is the last element of the 

column and it shows that maximum possible flux rate of protein synthesis is 2.5 mmol/h.58 

 

1.8 Dissertation Overview 

 

As it is shown in previous sections, metabolomics consists of many different subfields. This 

thesis is primarily focused on metabolite identification. We introduce new strategies to improve 

identification of catalogued and uncatalogued metabolites using multidimensional NMR 

spectroscopy. Chapter 2 introduces a computational semi-automated deconvolution technique, 

DeCoDeC, to analyze variety of 2D 1H TOCSY based NMR experiments at natural abundance. 

Deconvoluted 1H TOCSY traces can be directly queried in metabolite databanks for 

identification. Chapter 3 is the expansion of DeCoDeC to the analysis of 2D 13C TOCSY based 

spectra. The main limitations of 13C detection: low 13C abundance and large 13C multiplet 

patterns are overcome by using uniformly 13C enrichment and constant-time spectroscopy, 

respectively. Large spectral dispersion of 13C, enabled observation of large number of unique 13C 

TOCSY traces of metabolites. Combination of short mixing time CT-TOCSY and COSY with 

112 TOCSY traces enabled extraction of carbon backbone structures (molecular topologies) of 

every metabolite. Topologies are particularly useful for de novo structure elucidation of 

uncatalogued metabolites. For catalogued metabolites, topology provides additional confidence 

to the identification results obtained from database query. It is observed that querying of 13C 

TOCSY trace in NMR databanks results in ambiguous identification because of imperfect 

matching between signals of 13C TOCSY trace and 1D 13C spectra in NMR database. To resolve 

this problem, in Chapter 4, a 13C TOCSY metabolite database is created, which enabled 

identification of 13C TOCSY traces unambiguously with high accuracy. All chapters include 

application of the introduced technique to the E. coli metabolome. Furthermore, Chapter 2 and 4 

also include applications to model metabolite mixtures.    
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CHAPTER 2 

 

DECONVOLUTION OF NMR SPECTRA OF METABOLITE MIXTURES  

 

2.1 Introduction 

 

Identification of metabolites in metabolomics samples requires deconvolution of signals of every 

metabolite. In NMR spectroscopy, deconvolution can be done either computationally or 

physically. Physical deconvolution is performed by hyphenating NMR with separation 

instruments such as HPLC. The drawback of physical deconvolution is that it targets some class 

of metabolites and other metabolites cannot be detected.  

  

 NMR provides broad range of other tools to perform computational deconvolution. In 

some of these tools, 1D and 2D NMR spectra of multiple samples are analyzed at a time to 

identify compounds by statistical correlation and difference mapping,59 60 61 62 while other 

procedures study single samples and identify individual compounds based on the characteristic 

translational diffusion constants or NMR relaxation rates.63 64 65 Another strategy uses 

intramolecular magnetization transfer, especially via J-couplings, to identify individual spin 

systems that can be assigned to various mixture components. 1H-1H TOCSY32 is an ideal 

experiment for this strategy, since at natural abundance it provides correlation of all 1HÕs in the 

same spin system (Section 1.2.1.2).66 A disadvantage of 1H-1H TOCSY is the common 

occurrence of relatively broad peak multiplets that are due to the presence of homonuclear 1H-1H 

J-couplings, which lead to increased peak overlaps.  

 

 The 13C spectrum displays larger chemical shift dispersion than 1H with very narrow 

lines, which makes peak overlap rare. A major downside of 13C is its low natural abundance, 

~1.1%, which makes direct detection 13C NMR experiments insensitive. Sensitivity of 13C NMR 

is increased by using 2D 13C-1H HSQC,33 where the initial polarization and detection is 

performed through 1HÕs (Section 1.2.1.2). A major downside of HSQC-type spectra, as 

compared to TOCSY, is the lack of complete spin system information, because each cross-peak 
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is independent of all others. On the other hand, HSQC spectra of individual analytes represent 

useful fingerprints, providing the number of C-H spin pairs of the molecule together with the 13C 

and 1H chemical shifts, which report on the nature of the chemical groups.  

 

 The merging of HSQC with TOCSY in the form of 3D 13C-1H HSQC-TOCSY67 

combines connectivity information of 1H-1H TOCSY with higher resolution of 13C-1H HSQC for 

unambiguous metabolite identification.68 However, besides its relatively low sensitivity, high 

resolution along the indirect 13C dimension requires protracted NMR measurement times. 

Recently, we introduced the triple-rank (3R) correlation method, which combines pairs of 

standard 2D spectra that share a common frequency dimension.69 A similar strategy has been 

proposed for proteins.70 For example, from high-resolution 2D 13C-1H HSQC and 2D 1H-1H 

TOCSY spectra, sharing the proton dimension, a triple-rank correlation spectrum can be 

constructed with ultrahigh spectral resolution along all dimensions. It spreads out 1H TOCSY 

traces of individual spin systems along the 13C dimension according to the chemical shifts of the 
13C spins directly attached to the protons. Although in the absence of spectral overlap the triple-

rank spectrum is equivalent to the corresponding experimental 3D spectrum, the occurrence of 

cross-peak overlaps leads to false peaks. To minimize such effects, we developed a spectral 

filtering method, which identifies mismatches between the first and second moments of cross-

peak profiles and thereby suppresses false correlations.69  

 

 Our lab has pioneered approaches to computationally deconvolute 2D TOCSY spectra of 

complex mixtures into TOCSY traces of individual mixture components, which can be directly 

searched through NMR databases for identification. DemixC is one of the state-of-the-art 

techniques, which is able to extract TOCSY cross-sections, which do not contain peak overlaps 

of different spin systems.71 Although DemixC works well for mixtures at moderate complexity, 

metabolomics samples are frequently much more complex consisting of dozens to hundreds of 

compounds, which makes peak overlap quite common. In this work, we present a new technique, 

which can handle deconvolution of very complex mixtures including metabolomics samples.72 
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Figure 2.1. (A) Synthetic 1D NMR spectrum of four-compound mixture consisting of compound 
a, b, c and d. (B) Synthetic 1D NMR spectra of individual mixture components. 
 
 
 The new approach will be explained in the following four figures. In Figure 2.1A, a 

synthetic 1D NMR spectrum of four-compound mixture is shown. The spectrum is quite 

congested as is common in metabolomics applications. Four of six peaks in the spectrum are 

overlapped. 1D NMR spectrum of individual mixture components are plotted in Figure 2.1B. In 

real applications, we observe the mixture spectrum (Fig. 2.1A), but we want to obtain spectra of 

individual components (Fig. 2.1B). As it is seen from this case, it is impossible to extract them 

from the 1D spectrum. Therefore, we use 2D TOCSY as shown in Figure 2.2A.  In the absence 

of peak overlaps, 2D TOCSY cross-sections through cross-peaks are directly corresponding to 

1D NMR spectrum of mixture components. In Figure 2.2B, six cross-sections in the 2D TOCSY 

are plotted. The cross-section 2 and 6 do not have overlaps; therefore, they are equal to 1D NMR 
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spectra of mixture component a and b  (Fig. 2.1B). The other four cross-sections contain 

overlaps; therefore they cannot be used for identification. DemixC method could successfully 

select cross-section 2 and 6, and identify a and b, but not c and d.  

 

 

Figure 2.2. (A) Synthetic 2D TOCSY NMR spectrum of the four-compound mixture, whose 1D 
NMR spectrum is shown in Figure 2.1A. (B) All cross-sections of the 2D TOCSY spectrum. The 
position of cross-sections are pointed by arrows along the indirect dimension of 2D TOCSY 
(Figure 2.2A). The red boxes indicate the compounds, whose NMR signals are available in the 
corresponding cross-section. For instance, cross-section 1 contains NMR signals of compound a 
and b. 
 
 
 To obtain all mixture components the new technique, DeCoDeC, applies consensus 

approach to pair of cross-sections. For instance, in Figure 2.3A, the consensus trace of cross-

section 3 and 1 is extracted. Here the idea is to keep the peaks, which are common in both cross-

sections and remove the others. In this way, in Figure 2.3A consensus trace for component a is 
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identified. And in Figure 2.3B, component c is identified.  

 

 

Figure 2.3. (A) Consensus trace (in red) of cross-sections 3 and 1 (in blue). (B) Consensus trace 
(in red)  of cross-sections 5 and 4 (in blue). All cross-sections are taken from Figure 2.2B. 
 
 
 The key question is how to find the interesting cross-section pairs. Since every cross-peak 

in TOCSY consists of two frequencies, in other words, two cross-sections belonging to same 

molecule, focusing on only those pairs provide the result. We have eight unique cross-peaks in 

2D TOCSY, which result in eight consensus traces that are shown together in Figure 2.4A. Since 

some of these traces are same, DeCoDeC approach includes clustering step for the traces in order 

to eliminate degeneracy. The cluster result (dendrogram) is shown in Figure 2.4B. By looking 

dendrogram, it can be easily realized that there are four different components in the mixture. 

Consensus traces 1, 2 and 6 are corresponding to component a. The 3, 4 and 5 belong to b. The 7 

and 8 are corresponding to d and c, respectively. All mixture components can be named by 

searching their consensus traces in NMR databanks. 
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Figure 2.4. (A) All consensus traces extracted from the 2D TOCSY spectrum in Figure 2.2A. 
(B) Clustering result of all consensus traces represented as a dendrogram. 
 
 
 In the following sections, application of DeCoDeC to three different 1H TOCSY based 

NMR spectra are demonstrated. The samples used in this study are eight-compound model 

mixture and E. coli cell lysate. Common to all three approaches is the concept of extraction of 

1D consensus traces or 2D consensus planes followed by clustering, which significantly 

improves the capability to identify mixture components that are affected by strong spectral 

overlap.  
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2.2 Materials and Methods 

 

2.2.1 Computational methods 

 

 Extraction of 1D consensus traces. DeCoDeC is applied to 2D 1H-1H TOCSY and 2D 
13C-1H HSQC-TOCSY spectra as following. 2D 1H-1H TOCSY and 2D 13C-1H HSQC-TOCSY 

of mixture are represented by a N1 X N2 matrix T.  

 

 In the case of 2D 1H-1H TOCSY, we first apply covariance processing to T,73 74 which 

can be shown by the equation C=(TT ¥ T)1/2 with regularization.75 Here covariance processing is 

used to increase resolution along the indirect dimension of 2D 1H-1H TOCSY spectrum. 

 

 In the case of 2D 13C-1H HSQC-TOCSY, since T is an unsymmetric spectrum, it cannot 

be used to select peak pairs for consensus trace determination. In order to obtain a symmetric 

spectrum C, we apply indirect covariance processing,76 which can be shown by the equation 

C=(T ¥ TT)1/2.  

 

 Peak picking of the cross-peaks of matrix C yields a list of (k, k') where k and k' denote 

the position of a certain cross-peak along the two frequency axes. Next, for each cross-peak entry 

(k, k'), the consensus trace q(kk') is determined as follows: in the case of covariance TOCSY C, 

the kth row and k'th row are processed as 

 

q j
(kk' ) = min(Ckj,Ck' j ) ! ! ! ! ! !(2.1a) 

 

whereas in the case of HSQC-TOCSY T, 

 

q j
(kk' ) = min(Tkj,Tk' j ) ! ! ! ! ! (2.1b)!

 

where index j goes over all N2 columns. The complete set of consensus traces q(kk') is 

subsequently subjected to clustering for the identification of those traces that represent 1D 1H 



! 43 

spectra of individual spin systems. For this purpose 1D 1H consensus traces are quantitatively 

compared to each other via the inner product, 

 

Pkk'mm' = q j
(kk' )q j

(mm')

j =1

N2

" ( qkk'  # qmm' )! ! ! ! !!!!(2.2)!

 

where the L2-norm of a consensus trace is given by  

  

q(kk' ) =[ (q j
kk')2

j =1

N 2

" ]1/ 2! ! ! ! ! !!!!(2.3)!

 

A similarity measure between pairs of traces is then calculated by 1" Pkk',mm', which permits 

clustering (e.g. using the agglomerative hierarchical cluster algorithm as implemented in the 

subroutine ÒlinkageÓ in the Matlab software package). The result of the clustering is displayed as 

a dendrogram. We refer to this approach as Demixing by Consensus Deconvolution and 

Clustering or DeCoDeC.72 

 

 Extraction of 2D consensus planes. A triple-rank (3R) spectrum R is a mathematical 

reconstruction of a 3D spectrum from a pair of standard 2D FT spectra that share a common 

frequency dimension. The main advantage of the 3R spectrum over a 3D FT spectrum is the 

resolution gain in the indirect dimensions, which are inherited from the pair of 2D FT spectra 

used for reconstruction. Acquisition of two high-resolution 2D spectra takes much less time than 

the acquisition of the corresponding high-resolution 3D FT spectrum. In the absence of peak 

overlap along the shared dimension of the 2D FT spectra pair, the 3D FT and 3R spectra are 

equivalent. In the presence of peak overlaps, the 3R spectrum contains extraneous peaks, which 

can be removed in many cases by identifying mismatches between the first and second moments 

(i.e. line positions and linewidths) of cross-peak profiles.69 

 

A triple-rank spectrum R is constructed from the 2D 13C-1H HSQC spectrum, represented 

by the N1 x N2 matrix H, and the 2D 13C-1H HSQC-TOCSY spectrum, represented by the N1 x 
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N2 matrix T, where N2 is the number of points along the direct 1H dimension and N1 is the 

number of points along the indirect 13C dimension69 

   

Rkij = HkiTkj ! ! ! ! ! !!!!!!!!!(2.4)!
 

R (3R HSQC-TOCSY) can be considered as a collection of 2D 13C-1H HSQC spectra (with 

indices k,i for their 13C and 1H dimensions, respectively) along the additional proton dimension j 

of the 2D 13C-1H HSQC-TOCSY spectrum. Hence, a spin system with NP protons will be 

represented in R by NP HSQC planes. The task at hand is to extract for each spin system its 

unique HSQC spectrum. This is accomplished by the establishment of consensus HSQC planes, 

followed by clustering with the cluster centers chosen to represent HSQC spectra of the 

corresponding spin systems. The following data processing steps are performed to improve the 

robustness of the approach with respect to cross-peak overlaps: 

  

1. Spectra H and T are represented by the absolute values of their elements and subsequently 

subjected to t1-noise reduction and thresholding. A matrix element k,i is set to zero if it is smaller 

than 5 times the average of column i or 3 times the average of row k, otherwise the matrix 

element remains unchanged. In Eq. 2.4, T is represented as a binary matrix (i.e. all non-zero 

elements are set to 1) so that (semi-)quantitative intensity information of the peaks in the original 

2D 13C-1H HSQC spectrum is directly transferred to the 2D 13C-1H HSQC spectra of individual 

components obtained from the 3R spectrum. 

 

2. To minimize the effects of partial peak overlap, which can lead in Eq. 2.4 to the appearance of 

false cross-peaks, we apply moment filtering along the 13C dimension (i.e. common index k in 

Eq. 2.4).  Briefly, local 1st moments are determined as  

   

µH,ki = (k � m)Hk � m,i
m � � M

M � 1

# Hk � m,i
m � � M

M � 1

# !! ! ! !!!(2.5a)!

  

µ
T ,kj � (k 	 m)Tk 
 m, j

m � " M

M " 1

# Tk 
 m, j
m � " M

M " 1

# ! ! ! ! !!(2.5b)!
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where 2M was set to 4 (corresponding to 29.2 Hz) so that it exceeds a typical 13C linewidth 

determined by the finite digital resolution along ! 1. This moment information is then used to 

eliminate false peaks if the difference in their 1st moment exceeds 4.4 Hz.  

 

3. The number N2(N2 +1) 2 of possible pairwise comparisons of HSQC planes in R is of the 

order of 106 and hence computationally significant. Since many of these comparisons involve 

planes that are void of any signal, the number of comparisons can be reduced by selecting only 

pairs of planes with 1H indices (j,j') that belong to the same spin system. Such information can be 

directly obtained from a 2D 1H-1H TOCSY spectrum, which can be measured separately or, 

alternatively, can be constructed from the 2D 13C-1H HSQC-TOCSY spectrum T already 

available via covariance processing C = (TTT)1 2. Cross-peak picking of C leads to the list of 1H 

index pairs (j,j') that is used in the next step for the pairwise comparison of HSQC planes of R.  

 

4. For each 1H index pair (j,j') of step 3, a new consensus HSQC plane is computed representing 

the element-by-element geometric averages 

 

Q

k �

( j j ' ) = (R
k � j

 " R
k � j ')

1/ 2! ! ! ! !! !!!(2.6) 

 

Each plane Qki
( j " j )

 only includes spectral features that are present in both planes j and j' of R and 

hence, they are purged of spurious effects from overlapping protons. The planes are then stored 

as binary matrices where elements above the noise are set to one and otherwise to zero.  

 

5. The planes of Eq. 2.6 are compared to each other via the inner product  

 

Pjj ',nn' = Qki
( jj ' )Qki

(nn' )

k,i =1

N1 ,N2

" ( Q( jj ' )  # Q(nn' ) ) ! ! ! !!!!!!!(2.7)!

 

where the L2-norms of the consensus planes are given by 

 



( � � ' ) =[ 

��

( � � ' )


� �

( �� ' )

� ,i =1

� 1 , � 2

" ]1/ 2! ! ! ! !!!!!!!!(2.8)!
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As for the DeCoDeC case (Eq. 2.2), a similarity measure between pairs can be defined as 

1" Pj # j ,n # n , which permits clustering. We refer to this approach as 3R DeCoDeC.72 

 

2.2.2 Sample Preparation 

 

A model mixture was prepared in D2O solution with 8 components where carnitine, alanine, 

isoleucine, ornithine, arginine, lysine, and shikimate are 10 mM each and glutamate is 1 mM (to 

introduce a 10-fold dynamic range).  

 

An extract from E. coli BL21(DE3) strain was obtained as follows: the cells were 

cultured in M9 medium with glucose (natural abundance, 5 g/L) at 37 ¡C, at 250 rpm. At OD 600 

of 3.25, 9.5 L of cells were exposed to freeze-thaw procedure 3 times in 95 ml water. The sample 

was centrifuged at 12000 rpm at 4 ¡C for 15 min to remove the cell debris. The supernatant was 

treated with sequentially added cold methanol and cold chloroform at final ratio 

1(water):1(methanol):1(chloroform).77 The sample was vortexed after the addition of each 

solvent. The resulting mixture was centrifuged at 12000 rpm at 4 ¡C for 20 min for phase 

separation. The aqueous phase is dried under a rotary evaporator and dissolved in 2% H3PO4 in 

H2O and loaded onto a solid phase extraction cation-exchange column (Oasis Plus MCX, 

Waters). The elution was dried in a rotary evaporator and dissolved in D2O. The final samples 

were transferred to a 5-mm NMR tube.  

 

2.2.3 NMR Experiments and Processing  

 

2D 1H-1H TOCSY spectra were collected for model mixture and E. coli cell extracts with 

N1=512 and N2=1024 complex data points. The spectral width for the indirect and the direct 1H 

dimensions were 7002.2 Hz and 7002.8 Hz, respectively. The number of scans per t1 increment 

was set to 16 for the model mixture and 32 for the cell extract. The transmitter frequency offset 

was set to 4.7 ppm in both 1H dimensions.  

 

 2D 13C-1H HSQC and 2D 13C-1H HSQC-TOCSY data sets were collected for both 

samples with N1=2048 and N2=1024 complex data points. The transmitter frequency offset was 
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set to 4.7 ppm in the 1H dimension and 85.0 ppm in the 13C dimension. For both samples the 

spectral width for the 13C dimension was 29934.5 Hz and for the 1H dimension 7002.8 Hz. The 

number of scans per t1 increment for the model mixture was set to 8 for 13C-1H HSQC and to 16 

for 13C-1H HSQC-TOCSY to compensate for the lower sensitivity of the latter caused by 

TOCSY mixing. The number of scans for the cell extract was set to 16 for 13C-1H HSQC and 32 

for 13C-1H HSQC-TOCSY. The TOCSY mixing times were set to 90 ms for both 13C-1H HSQC-

TOCSY and 1H-1H TOCSY. The pulse length of the hard 90¡ degree pulse was first calibrated 

and then used to calibrate the power level for TOCSY mixing, which is critical for the effective 

magnetization transfer during TOCSY. All NMR spectra were collected using a cryoprobe at 700 

MHz proton frequency at 298 K. The NMR data was zero-filled, Fourier transformed, phase and 

baseline corrected using NMRPipe78 and converted to a Matlab-compatible format for further 

processing and analysis. The total NMR collection time for the cell lysate was 5 days while most 

components could be identified with a measurement time of less than 2 days.  

 

2.3 Results 

 

Figure 2.5 illustrates the performance of the DeCoDeC approach on the eight-compound model 

mixture based on a covariance processed 2D 1H-1H TOCSY spectrum. The spectrum exhibits 

several regions with spectral congestions, which are due to similar chemical structures of 

arginine, lysine, and ornithine giving rise to peak overlaps across the spectrum. In addition, 

alanine, isoleucine, and lysine have overlapping peaks at ~1.3 ppm. Application of the DeCoDeC 

procedure results in remarkably clean, overlap-free 1D spectra for each compound in this 

mixture. Carnitine and lysine are chosen here to illustrate the DeCoDeC algorithm.  

 

 Cross-peak picking generates a peak list with pairs of indices that define the chemical 

shifts of resonances that potentially belong to the same compound. Two cross-peaks (a,b) and 

(c,d) are chosen with the corresponding traces (a), (b), (c) and (d) indicated by arrows in Figure 

2.5B. In the case of carnitine, the two traces (c) and (d) are not affected by overlaps and 

DeCoDeC produces their consensus trace (c,d) as a clean 1D spectrum of carnitine (for 

comparison, a 1D reference spectrum of carnitine taken from the BMRB31 is displayed in Figure 

2.6). Lysine is more challenging, since trace (a) overlaps with alanine and isoleucine and trace 
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(b) overlaps with ornithine and arginine. Nonetheless, DeCoDeC produces a consensus 1D trace 

(a,b) with peaks that solely belong to lysine as shown in Figure 2.5C. The dendrogram of Figure 

2.5A shows that partitioning of the consensus traces into clusters is robust, allowing the selection 

of representative cluster traces as 1D spectra. For comparison, DemixC method applied to the 

same TOCSY spectrum via COLMAR79 80 correctly captures the 1D spectra of six out of eight 

compounds (Fig. 2.7). 

 

 
Figure 2.5. (A) Dendrogram of cluster analysis based on similarity of the pairs of 1H traces 
calculated by DeCoDeC approach applied to (B) covariance 1H-1H TOCSY spectrum of model 
mixture. (C,D) Representative examples of NMR 1D spectra constructed by DeCoDeC from 2D 
TOCSY of Panel B. From top to bottom: (C) ornithine, lysine, arginine, glutamate; (D) alanine, 
isoleucine, shikimate, carnitine. Labels a,b,c,d in (B) denote traces of 2D TOCSY whose 
consensus traces yield the lysine spectrum (a,b) and the carnitine spectrum (c,d) as indicated in 
Panels A, C, D. The tilted arrows in Panel B indicate the 2 TOCSY cross-peaks from which 
traces (a,b) and (c,d) were derived. 
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Figure 2.6. 1D NMR spectra taken from the BMRB of the following compounds (from top to 
bottom): (A) ornithine, lysine, arginine, glutamate; (B) alanine, isoleucine, shikimate, carnitine. 
Shaded areas correspond to the 1D spectral regions shown in Figures 2.5 and 2.8.  
 
 
 Because discrimination between a real peak and t1-noise is not straightforward, consensus 

traces of lower concentration solutes may contain t1-noise from peaks belonging to solutes 

present at higher concentration. This situation arises for glutamate (Fig. 2.5) whose consensus 

trace contains a t1-noise peak at 3.1 ppm. Since the other compounds in the model mixture have 

10-fold higher concentration, t1-noise is less apparent than in the glutamate case. 
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Figure 2.7. Application of DemixC method to covariance TOCSY spectrum of model mixture. 
Successfully identified compounds based on their importance index numbers are (9,4) shikimate, 
(8) arginine, (7) ornithine, (6) alanine, (5) isoleucine, (2) carnitine. Because of the presence of 
overlaps in the cross-sections of lysine and low concentration of glutamate, DemixC did not 
identify the lysine and glutamate traces. 
 
 
 DeCoDeC can be applied in a similar manner for the analysis of the 2D 13C-1H HSQC-

TOCSY spectrum of the model mixture (Fig. 2.8). Because the spectrum exhibits sharp peaks 

and large chemical shift dispersion along the 13C dimension, DeCoDeC performs with 100% 

accuracy with the consensus traces having even slightly better appearance (Fig. 2.8C,D) than in 

the case of 2D 1H-1H TOCSY.  
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Figure 2.8. (A) Dendrogram of cluster analysis based on similarity of the pairs of 1H traces 
calculated by DeCoDeC approach applied to (B) 2D 13C-1H HSQC-TOCSY spectrum of model 
mixture. (C,D) Representative examples of 1D NMR spectra constructed by DeCoDeC from 2D 
HSQC-TOCSY of Panel B. From top to bottom: (C) ornithine, lysine, arginine, glutamate; (D) 
alanine, isoleucine, shikimate, carnitine. 
 
 
 Overall, there are no missing peaks in any of the DeCoDeC spectra in Figures 2.5C,D and 

2.8C,D except for the (CH3)3 peak of carnitine (because it is not J-coupled to the rest of the 

molecule and, hence, does not exchange magnetization with other resonances during TOCSY 

mixing). Shikimate has one extra peak outside of the spectral regions shown in Figures 2.5 and 

2.8 (for the full 1D 1H spectra of shikimate obtained by DeCoDeC see Figures 2.9A,C).  
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Figure 2.9. Full 1D spectrum of shikimate calculated by DeCoDeC method applied to (A) 
covariance 1H-1H TOCSY spectrum and (C) 2D 13C-1H 2D HSQC-TOCSY spectrum of model 
mixture. Full 1D spectrum of ribose of adenosine calculated by DeCoDeC method applied to (B) 
covariance 1H-1H TOCSY spectrum and (D) 2D 13C-1H  HSQC-TOCSY spectrum of cell lysate. 
  
 

 Application of 3R DeCoDeC to the same model mixture combines the 2D 13C-1H HSQC 

spectrum of Figure 2.10B with the 2D 13C-1H HSQC-TOCSY spectrum of Figure 2.8B to extract 

2D 13C-1H HSQC spectra of the individual compounds using Eq. 2.4. The representative HSQC 

spectrum for every compound is validated with the corresponding HSQC spectrum in the 

BMRB. For the model mixture, the HSQC spectra of all eight components are successfully 

extracted, which is illustrated for lysine and isoleucine in Figures 2.10C,E.  
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Figure 2.10. (A) Dendrogram of cluster analysis based on similarity of pairs of HSQC planes 
from 3R spectrum constructed from a 2D 13C-1H HSQC (Panel B) and a 2D 13C-1H HSQC-
TOCSY spectrum (Figure 2.8B) of the model mixture. (C) Comparison of 3R HSQC plane of 
lysine with (D) corresponding HSQC spectrum in the BMRB. (E) Comparison of 3R HSQC 
plane of isoleucine with (F) the corresponding 2D HSQC reference spectrum of isoleucine taken 
from the BMRB.  

 
 

 The dendrograms in Figures 2.5A, 2.8A and 2.10A illustrate the clustering results for the 

model mixture by applying DeCoDeC to the 2D 1H-1H TOCSY spectrum, DeCoDeC to the 2D 
13C-1H HSQC-TOCSY spectrum, and 3R DeCoDeC to the 3R spectrum constructed from the 2D 
13C-1H HSQC and 2D 13C-1H HSQC-TOCSY spectral pair, respectively. In Figure 2.5A, the 

locations of selected lysine (a,b) and carnitine (c,d) traces are labeled by arrows, illustrating the 

DeCoDeC approach. The dendrogram is useful for visual inspection and validation of the 

clustering result and for the selection or verification of a suitable representative trace for each 

cluster.   
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 As a real-life application, we applied the DeCoDeC methods to an E. coli cell lysate 

eluted from a solid phase extraction cation-exchange column to partially remove saccharides and 

saccharide-containing compounds. These compounds would result in severe spectral congestion 

between 3 and 4 ppm in the 1H dimension and 70 and 80 ppm in the 13C dimension. Figure 2.11B 

displays the covariance processed 2D 1H-1H TOCSY spectrum of the cell lysate sample. 

Individual 1D spectra of valine, isoleucine, glutamine, lysine, leucine, proline, cystine, and 

ribose of adenosine are obtained via DeCoDeC as shown in Figures 2.11C,D.  

 

 
 
Figure 2.11. (A) Dendrogram of cluster analysis based on similarity of pairs of 1H traces 
calculated by DeCoDeC approach applied to (B) covariance 1H-1H TOCSY spectrum of cell 
lysate. (C,D) Representative examples of NMR 1D spectra constructed by DeCoDeC from 2D 
TOCSY of Panel B. From top to bottom: (C) valine, isoleucine, glutamine, lysine; (D) leucine, 
proline, cystine, ribose ring of adenosine. 
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 The deconvolution performance of DeCoDeC for the cell lysate based on the 2D 13C-1H 

HSQC-TOCSY spectrum can be assessed from Figure 2.12. Overall, there are no missing peaks 

in any of the spectra in Figures 2.11C,D and 2.12C,D. Except for adenosine, whose 1D 1H 

spectrum in the BMRB31 has two additional peaks, which are not obtained by DeCoDeC, 

because these peaks are part of the nucleic acid and not of the ribose ring of adenosine. Since 

there is no detectable magnetization transfer between these molecular parts during TOCSY 

mixing, the proton signals coming from ribose protons and nucleic acid protons cannot be seen in 

the same 1H TOCSY trace. The ribose ring of adenosine shows one extra peak in the spectral 

regions of Figures 2.11 and 2.12 (for the full 1D 1H spectra of ribose ring obtained by DeCoDeC 

see Figures 2.9B,D). For a detailed comparison, 1D 1H reference spectra taken from the BMRB 

of eight compounds of the cell lysate are given in Figure 2.13. For comparison, DemixC method 

applied to the same TOCSY spectrum via COLMAR79 80 correctly captures the 1D spectra of 

only two metabolites because of high complexity of the metabolic mixture (Fig. 2.14). 

 

 The result of the triple-rank approach for the cell lysate is illustrated in Figure 2.15. 

Representative HSQC spectra for the following compounds are taken from the BMRB31 or 

HMDB4 databases: cystine, valine, isoleucine, leucine, proline, glutamine, lysine, glutathione, 

cytosine, and four ribose rings corresponding to different nucleic acid forms. The 2D 1H-1H 

TOCSY spectrum is used to confirm the identified and unidentified compounds in the cell lysate. 

Leucine and the ribose ring of cytidine are depicted as examples in Figures 2.15C,E. Six HSQC 

planes, which could not be identified in either the BMRB or the HMDB databases, were 

confirmed by 1H-1H TOCSY. The unidentified compounds are either not available in these 

databases or they belong to isolated spin systems of larger metabolites; therefore, HSQC spectra 

extracted by 3R DeCoDeC may reflect only a portion of these molecules. 
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Figure 2.12. (A) Dendrogram of cluster analysis based on similarity of the pairs of 1H traces 
calculated by DeCoDeC approach applied to (B) 2D 13C-1H HSQC-TOCSY spectrum of cell 
lysate. (C,D) Representative examples of 1D NMR spectra constructed by DeCoDeC from 2D 
HSQC-TOCSY of Panel B. From top to bottom: (C) valine, isoleucine, glutamine, lysine; (D) 
leucine, proline, cystine, ribose ring of adenosine. 
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Figure 2.13. 1D NMR spectra of the following compounds in the BMRB (from top to bottom): 
(A) valine, isoleucine, glutamine, lysine; (B) leucine, proline, cystine, ribose ring of adenosine. 
Shaded areas correspond to the 1D spectral regions shown in Figures 2.11 and 2.12. 
 

 

Figure 2.14. Performance of DemixC on cell lysate covariance TOCSY spectrum. Successfully 
identified compounds based on their importance numbers are (8) glutamine, (6) valine, (2) 
leucine with one extra false peak, (1) unknown compound.  
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Figure 2.15. (A) Dendrogram of cluster analysis based on similarity of pairs of HSQC planes 
from 3R spectrum constructed from a 2D 13C-1H HSQC (Panel B) and a 2D 13C-1H HSQC-
TOCSY spectrum (Figure 2.12B) of cell lysate. (C) Comparison of 3R HSQC plane of leucine 

with (D) corresponding HSQC in the BMRB. (E) Comparison of 3R HSQC plane of ribose ring 
of cytidine with (F) corresponding HSQC spectrum in the BMRB. 
 
 

2.4 Discussion 

 

Automated analysis of complex mixtures by NMR has made significant progress recently. 

Existing deconvolution approaches based on J-coupling-mediated magnetization transfer can be 

divided into two groups. The first group focuses on matching the cross-peaks of a HSQC-type 

spectrum of the mixture with the cross-peaks of individual compounds compiled in a database.81 
82 83 Optionally, the candidate compounds obtained from the database can be confirmed using 

higher-dimensional experiments, such as 3D HCCH-COSY,84 by taking advantage of the higher 
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resolution along the additional 13C dimension and the 1H-1H connectivity information. The 

disadvantage of this approach is that the compounds that can be extracted are limited to those 

stored in the databases, preventing the discovery of novel compounds. The second group of 

methods directly focuses on the connectivity information in 2D experiments, often from 1H-1H 

TOCSY.71 Since chemical shift dispersion in the proton dimension may not be sufficient for the 

analysis of very complex mixtures, depending upon the cross-peak density in the TOCSY 

spectrum, TOCSY has been substituted by the 2D HSQC-TOCSY85 experiment to make use of 

the favorable chemical shift dispersion along the 13C dimension with narrow 13C line widths, 

which tends to be less prone to overlap. Both types of spectra are then subjected to automated 

analysis by DemixC algorithm that searches for the ÒcleanÓ 1D cross-sections in 2D spectrum to 

represent 1D spectra of individual compounds. Depending on the NMR properties of the 

components, this strategy generally works well for mixtures at moderate complexity. However, 

in mixtures of higher complexity, such as a crude cell extract, the cross-peak overlap problem 

can become so severe that no single cross-section can be found that represents a clean 1D trace. 

Instead of searching for one clean cross-section, the DeCoDeC algorithm extracts common peak 

patterns from pairs of cross-sections, which can have different overlaps in the proton dimension. 

The resulting consensus traces or planes are more likely to represent clean 1D or 2D spectra of 

individual components identified through subsequent clustering. It should be noted that there is 

no consensus trace for one-spin systems. Therefore, information on such systems is not tracked. 

Consensus trace determination can be generalized to trace triplets or even larger numbers of 

traces. For example, in the case of trace triplets, any three-spin system will yield only a single 

consensus trace, which after clustering will appear as an ÒorphanÓ trace in the dendrogram, while 

one-spin and two-spin systems will be lost.   

 

 Although more NMR-time-consuming than DeCoDeC method, the 3R DeCoDeC, which 

generates HSQC spectra of individual compounds in mixtures, has several advantages. First, an 

HSQC is more specific than a 1D trace, since spectral information is spread out in multiple 

dimensions. This makes database querying of HSQC planes more accurate than querying of 1D 

spectral traces.  At the same time, one retains the option to project the HSQC plane onto the 

proton or carbon dimension and apply 1D query. Second, clustering of HSQC planes enhances 
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the separation of the cluster centers, which helps visual inspection of the dendrogram for the 

extraction of a representative HSQC plane for every cluster. 

 

 HSQC planes reconstructed by 3R DeCoDeC carry their original intensities from the 

input HSQC spectrum H; therefore, they can be used for quantification. Moreover, it has been 

pointed out that the concentration measurement for an individual metabolite can be improved by 

averaging the intensities over multiple, nonoverlapping cross-peaks assigned to that metabolite.86 

Since HSQC is deficient in connectivity information across complete spin systems, it is not 

known which peaks can be averaged to accurately quantify concentration of an individual 

compound in a complex mixture. Since 3R produces individual HSQC planes for each 

compound, one can average the peaks in the same HSQC plane to measure its concentration 

more accurately.  

 

Currently the 3R DeCoDeC requires a 2D HSQC and a 2D HSQC-TOCSY spectrum as 

input. To reduce acquisition time, alternative data acquisition schemes are conceivable, such as 

the PANACEA approach, which acquires two different 2D experiments in parallel.87 High 

resolution along the indirect 13C dimension is critical for the performance of the method. 

Recently, non-uniform sampling schemes have been introduced to shorten the total acquisition 

time for 2D HSQC(-TOCSY) by reducing the number of increments along the indirect 

dimension while maintaining high digital resolution.77 These methods can be used to shorten the 

total NMR measurement time, while keeping the spectral resolution sufficiently high. Finally, 

the 3R DeCoDeC method can be implemented for other pairs of 2D spectra, such as HMBC and 

HSQC, TOCSY and HSQC or even 2D HSQC-TOCSY and HMBC to obtain HMBC planes of 

individual compounds in complex mixtures.  

  

 The 2D TOCSY, 2D HSQC-TOCSY, and 3R HSQC-TOCSY spectra require increasing 

amounts of measurement times; however, they provide increasingly good deconvolution 

performance when applied to mixtures of higher complexity. Together these new tools open up 

the prospect to enable routine yet accurate analysis of an increasingly complex and diverse range 

of molecular solutions including metabolomics samples. 
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CHAPTER 3 

 

DE NOVO STRUCTURE ELUCIDATION OF METABOLITES BY NMR  

 

3.1 Introduction 

 

Many biological samples contain significant number of unknown metabolites that are not 

catalogued in databanks (Section 1.5). Systematic identification and structural characterization of 

uncatalogued metabolites is an important target for metabolomics. De novo structure elucidation 

of metabolites are most often performed by 2D NMR spectroscopy. For sensitivity reasons, so 

far, majority of these studies have been based on 2D 1H NMR experiments taking advantage of 

the high natural abundance of 1H spins and their relatively large magnetic moment.88 The strong 

conformation dependence of vicinal 3J(1H,1H)-couplings, however, can cause uneven 

magnetization transfer in TOCSY and COSY spectra, thereby impeding the assignment of cross-

peaks to individual spin systems or entire molecules. Furthermore, the spectral information of 

protons may not be sufficient for the complete reconstruction of the carbon backbone of 

metabolites and their bonding topology, which is a prerequiste for structure determination.  

 

 Here we present a comprehensive approach for the characterization of the metabolic 

content of a cell by 2D 13C NMR spectroscopy. The low abundance problem of 13C spins is 

overcome by using uniformly 13C labeling approach.89 The large one-bond J-couplings 

(1J(13C,13C) > 30 Hz) make the efficient transfer of spin magnetization during 13C-TOCSY 

mixing possible.32 The same 1J(13C,13C)-couplings lead to broad multiplet structures90 resulting 

in increased cross-peak overlap, which are mitigated along the indirect ! 1 dimension by 13C-13C 

constant-time (CT) TOCSY spectroscopy.91 13C-13C CT-TOCSY was initially introduced for 

side-chain assignment of proteins. In this work, it is first time applied to characterization of 

metabolites. A protocol is developed, which identifies traces in long mixing time CT-TOCSY 

spectrum that are unique for individual mixture components by DeCoDeC and then assembles 

for each consensus trace the corresponding carbon-bond topology network by using short mixing 

time CT-TOCSY and COSY. This lead to determination of 112 topologies of unique metabolites 
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in E. coli from a single sample that constitutes the ÒtopolomeÓ of a cell. The topolome is 

dominated by carbon topologies of carbohydrates (34.8%) and amino acids (45.5%) that can 

constitute building blocks of more complex structures.89 

 

3.2 Materials and Methods 

 

3.2.1 Computational Methods  

 

The deconvolution of the 2D 13C-13C CT-TOCSY, represented by a N1xN2 matrix T, of the 13C-

labeled cell lysate was performed by adapting the DeCoDeC72 approach to 13C-13C TOCSY. 

DeCoDeC was originally developed for the analysis of 1H and natural abundance 13C NMR 

spectra. Peak picking of the cross-peaks of matrix T yielded a list (k,k') where k and k' denote 

the cross-peak position along the two frequency axes. In order to minimize the influence of those 

parts of T that are close to the diagonal, the intensities of all diagonal peaks were set to the 

largest peak intensity of the rest of the spectrum. Next, for each cross-peak pair (k,k') and (l,l'), 

which are placed symmetrically with respect to the diagonal, the kth and lth row are extracted 

from T to obtain the consensus trace:  

   

q j
(kl ) = min(Tkj,Tlj )! ! ! ! ! (3.1)!

  

where index j = 1,..., N2. The enlargement of the diagonal peaks of T ensures that Eq. 3.1 is 

dominated by cross-peaks rather than diagonal peaks. The complete set of consensus traces q(kl) 

was subsequently subjected to clustering for the identification of those traces that represent 1D 
13C spectra of individual spin systems. For this purpose, 1D 13C consensus traces q(kl) were 

quantitatively compared to each other via the inner product by using Eq. 2.2 and Eq. 2.3 and 

finally clustered as mentioned previously (Section 2.2.1).    

 

CT-TOCSY spectrum reconstruction from cluster center traces. To each cluster center trace 

along ! 2, qm
(r ) (where superscript r denotes a row vector), the corresponding CT-TOCSY trace 

along ! 1 was assigned represented by the column vector qm
(c) (where superscript c denotes a 
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column vector). If qm
(r ) is the consensus trace between the kth and lth row of T, then qm

(c) is simply 

the consensus trace between the k'th and l'th columns where (k,k') and (l,l') denote the 

corresponding cross-peak pair. Next, for each trace pair qm
(r )

 and qm
(c), the two N1xN2 correlation 

spectra were reconstructed according to         

!!!    Sm = qm
(c)" qm

(r) !! !!! !!!!  Sm
(cc) = qm

(c)" qm
(c)T

                                   (3.2)!
!

and superimposed on the TOCSY spectrum for cross-peak assignment and validation. Since qm
(c) 

is decoupled by the constant-time TOCSY scheme, Sm
(cc) has a collapsed multiplet structure (and 

hence high resolution) along both dimensions. By contrast, Sm is only decoupled along ! 1, while 

it shows the full multiplet fine structure along ! 2. The cross-peak fine structure of Sm equals to 

the one of the experimental CT-TOCSY trace along ! 2, while S
�

(cc) has its collapsed cross-peaks 

centered at the same positions as Sm. The sum of all subspectra over all M compounds (spin 

systems) are obtained by Eq. 3.3. 

   
 

 
S= Smm=1

M"                   S(cc) = Sm
(cc)

m=1

M"                (3.3) 

 

 

3.2.2 Sample Preparation  

 

E. coli BL21(DE3) cells were cultured in M9 minimum medium as previously (Section 2.2.2)  

described with [U-13C]glucose added as the sole carbon source. One liter of overnight 

BL21(DE3) culture was centrifuged at 5000g for 20 min at 4 ¡C, and the cell pellet was 

resuspended in 50 mL of 50 mM phosphate buffer at pH 7.0. Cell suspension was then subjected 

to centrifugation for cell pellet collection. The cell pellet was resuspended in 60 mL of ice cold 

water, and pre-chilled methanol and chloroform were sequentially added under vigorous vortex 

at H2O/methanol/chloroform ratios of 1:1:1. The mixture was then left at -20 ¡C overnight for 

phase separation. Next, it was centrifuged at 4000g for 20 min at 4 ¡C, and the clear top 

hydrophilic phase was collected and subjected to rotary evaporator processing to have the 
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methanol content reduced. Finally the liquid was lyophilized. The NMR sample was prepared by 

dissolving the lyophilized material in D2O. 

 

3.2.3 NMR Experiments and Processing  

 

2D 13C-13C CT-TOCSY data sets were collected with 576x2048 (N1xN2) complex points with a 

long (47 ms) and a short (4.7 ms) mixing time, respectively, using FLOPSY-16 with 22 h 

measurement time and a digital resolution of 38 Hz along ! 1 prior to zero filling.92 Standard 2D 
13C-13C TOCSY data were collected with 512x2048 (N1xN2) complex points using a 46 ms 

mixing time using DIPSI-2 for mixing.93 Both 2D 13C-13C CT-TOCSY and 2D 13C-13C TOCSY 

were collected with 110 ppm 13C spectral width. The 2D 13C-13C COSY data set was collected 

with 1024x1024 (N1xN2) complex data points with 202.5 ppm 13C spectral width.94 All NMR 

spectra were collected at 800 MHz proton frequency at 25 ¡C. The NMR data were zero-filled, 

Fourier transformed, phase and baseline corrected using NMRPipe,78 and converted to a 

MATLAB -compatible format for subsequent clustering and analysis.  

 

3.3 Results 

 

Figure 3.1 compares a spectral region of E. coli cell lysate of a 2D 13C-13C CT TOCSY with a 

regular 2D 13C-13C TOCSY (Figure 3.2 shows the full CT-TOCSY spectrum). The presence of 

homonuclear 1J(13C,13C)-couplings leads to prominent peak splittings with average multiplet 

widths ~75 Hz, which substantially exceed the intrinsic linewidths. In the regular 2D TOCSY, 

these splittings appear along both frequency dimensions, leading to severely congested cross-

peak regions (Fig. 3.1A). By contrast, the CT-TOCSY (Fig. 3.1B) is decoupled along the ! 1 

dimension with respect to the dominant 1J(13C,13C)-couplings and therefore displays significantly 

reduced cross-peak overlap. The resolution enhancement along ! 1 over the standard 2D 13C-13C 

TOCSY amounts on average to a factor >4, improving the average multiplet width from >70 Hz 

to ~15 Hz, which turned out to be critical for the analysis of a spectrum of the complexity of a 

cell lysate. The favorable resolution achieved in this way is not a limiting factor any longer, 

except for the analysis of highly complex carbohydrate mixtures, which could benefit from 

partial fractionation prior to the NMR experiments. 
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Figure 3.1. Selected region of (A) 2D 13C-13C TOCSY and (B) 2D 13C-13C constant-time (CT) 
TOCSY of uniformly 13C-labeled E. coli cell lysate. The large resolution improvement along ! 1 

in the CT-TOCSY experiment enables the extraction of unique traces for their assignment to 
individual metabolites. 

 
 

 The TOCSY spectrum with a sufficiently long mixing time correlates 13C spins within the 

same spin system with each other. For linear spin systems, the transfer efficiency over up to ~10 
13C spins is quite efficient for the mixing time of 47 ms used here (Fig. 3.3). In principle, a cross-

section through a cross-peak along ! 2 (! 1) represents the homonuclear coupled (decoupled) 13C 

1D spectrum of the corresponding spin system.71 However, full or partial peak overlap along one 

of the frequency domains produces traces that contain additional peaks, which stem from nearby 

cross-peaks of other mixture components. For more complex mixtures, the extraction of ÒpureÓ 

traces is increasingly hard because of the higher likelihood of peak overlaps. To minimize 

spurious peaks in CT-TOCSY cross-sections, DeCoDeC was applied, which generates from a 

pair of TOCSY traces a consensus trace that contains only peaks that appear in both original 

traces.72 The consensus trace is notably more robust with respect to partial or complete peak 

overlaps than either one of the input traces. The two input traces were taken as cross-sections 

along ! 2 through cross-peaks symmetrically placed with respect to the diagonal. The resulting set 

of consensus traces was then subjected to hierarchical clustering as visualized by the dendrogram 
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in Figure 3.4A. It permits the straightforward extraction of cluster centers that represent unique 

spin systems. In this way, 98 spin systems were identified, whose 1D traces are depicted in 

Figure 3.4B. Cluster traces with a signal-to-noise ratio as low as ~10:1 were recognized with 

high fidelity benefitting from the remarkably flat base plane of the 13C-13C CT-TOCSY 

spectrum, which, unlike 1H-detected NMR spectra, does not suffer from the presence of a strong 

solvent peak. Remaining peaks with low signal-to-noise (due to low concentration of the 

corresponding compound) were manually analyzed as discussed below.  

 

 

Figure 3.2. Entire 2D 13C-13C CT-TOCSY spectrum of uniformly 13C-labeled cell extract from 
E. coli BL21(DE3) cells. 
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Figure 3.3. Simulated magnetization transfer between 13C spins in a linear chain consisting of 
N=10 spins under isotropic TOCSY mixing. The simulation included only the dominant next-
neighbor scalar J-couplings (1J(13C,13C) = 35 Hz). Starting on the first spin, the propagation of 
single spin magnetization through the spin system is depicted as a function of the TOCSY 
mixing time where the spins are sequentially numbered as indicated in the figure. At 47 ms the 
transfer efficiency to all spins is reasonably high.  
 

 

Figure 3.4. (A) Dendrogram representation of the consensus trace clustering result of 2D CT-
TOCSY traces (cross-sections) along ! 2 of 13C-labeled cell lysate. The x-axis corresponds to the 
consensus trace indices. (B) 98 semi-automatically determined 13C NMR cluster center traces 
that represent the clusters of Panel A. 
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 In next step, from each cluster center trace m of Figure 3.4B a correlation spectrum Sm 

was reconstructed (Eq. 3.2) containing all 13C-13C cross-peaks expected from its cluster trace. 

The cross-peaks of the original CT-TOCSY T could then be assigned to individual cluster center 

traces by direct comparison with Sm. Figures 3.5A,C depict selected regions of the CT-TOCSY 

spectrum for comparison with the superposition of all spectra Sm (Fig. 3.5B,D). Very close 

agreement in peak positions and multiplet structure between the original and the back-calculated 

spectrum attests to the high degree of completeness achieved for the assignment of cross-peaks 

to specific spin systems. This is further illustrated in Figures 3.6 and 3.7, which depict the 

connections between 13C-13C cross-peaks for the ribose of adenosine and leucine, respectively, 

derived from the back-calculated spectra of these two metabolites. The cross-peaks that could not 

be assigned in this way have on average a signal-to-noise S/N ~5, which is a factor 5 lower than 

the median S/N of the assigned peaks. On the basis of manual inspection of unassigned cross-

peaks, an additional 14 spin systems were uncovered, bringing the total number of spin systems 

identified in the E. coli cell lysate sample to 112. 

 

 

Figure 3.5. 2D 13C-13C CT-TOCSY spectrum (A) in comparison with spectrum S (Eq. 3.3) (B), 
which was back-calculated from the cluster center traces of Figure 3.4B. Panels C and D show 
the zoomed regions (gray boxes) of the spectra of Panels A and B, respectively, resolving details 
of the multiplet patterns.  
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Figure 3.6. Spectrum S(cc) (blue, Eq. 3.3) back-calculated from selected ! 1 consensus traces 
superimposed on the 2D CT-TOCSY (red). The dashed lines connect 13C-13C cross-peaks from 
the ribose of adenosine. 
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Figure 3.7. Spectrum S(cc) (blue, Eq. 3.3) back-calculated from selected ! 1 consensus traces 
superimposed on the 2D CT-TOCSY (red). The dashed lines connect 13C-13C cross-peaks from 
leucine. 

 
 
 The connectivity information of 13C-13C TOCSY spectra directly reports on covalent 

carbon-carbon bonds. For this purpose, we used the short-mixing time (4.7 ms) 13C-13C CT-

TOCSY spectrum (Tshort) to reconstruct the full carbon backbone structures (molecular 

topologies) of each metabolite. Because the one-bond 1J(13C,13C)-couplings dominate the 
2J(13C,13C) and 3J(13C,13C) couplings, a cross-peak in Tshort is direct evidence for the presence of 
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a chemical bond between two carbon atoms. When superimposing a correlation spectrum Sm, 

reconstructed from cluster center trace j on Tshort, the cross-peaks of Sm that coincide with a 

cross-peak in Tshort represent a carbon-carbon chemical bond, while 13C pairs that do not show a 

cross-peak in Tshort do not have a chemical bond between each other.  

 

 

Figure 3.8. Entire 13C-13C COSY spectrum of uniformly 13C-labeled cell extract from E. coli 
BL21(DE3) cells. The boxed areas contain cross-peaks to carbonyl and carboxyl carbons 
complementing the information obtained from the 13C-13C TOCSY spectrum of Figure 3.2. 
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 Since the TOCSY spectrum did not cover the carbonyl and carboxyl 13C resonances 

(~176 ppm) due to 13C radio frequency offset effects, we used the 13C-13C COSY (Fig. 3.8) to 

establish connectivities to those carbon moieties. From the chemical bond information derived 

from the Sm spectra, a bond connectivity matrix was derived for each consensus trace, which was 

then converted into the topology network (Fig. 3.9). To independently validate the topologies 

obtained in this way, the multiplet structure of each TOCSY cross-peak was examined. Carbons 

that are bonded to one, two, three, or four other carbons show the characteristic multiplet patterns 

with intensity ratios 1:1, 1:2:1 (or 1:1:1:1), 1:3:3:1, and 1:4:6:4:1, respectively. As is 

demonstrated in Figure 3.9 for coenzyme A, the ribose of uridine, ! -galactose and leucine, the 

multiplet patterns provide a rigorous consistency test of the topologies without requiring any 

additional experiment. The overall protocol is summarized in Scheme 3.1. 

 

 

Figure 3.9. Backbone carbon topologies of (A) coenzyme A, (B) ribose of uridine, (C) ! -
galactose, (D) leucine from 13C-13C cross-peak connectivities of 2D CT-TOCSY at short mixing 
time (tm = 4.7 ms) and from 13C-multiplet patterns along the " 2 dimension in CT-TOCSY. 
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Scheme 3.1. Flow chart of the 2D CT-TOCSY deconvolution protocol used in this work. 
 

 All 112 identified metabolite topology networks were tested for consistency in this 

manner. The sum of all topologies, termed the metabolite ÒtopolomeÓ, is depicted in Figure 

3.10A. It consists of 10 different topology types (Fig. 3.10B), which include up to 7 carbons 

(note that topologies with a single carbon are not included here because they do not give rise to a 
13C TOCSY or COSY cross-peak). The observed occurrences of each topology, listed in Figure 

3.10B, range between 1 (topologies b,c,d)  and 31 (topology g). It should be noted that these 

topologies refer to the carbon spin systems only. For example, the carbon spin system of ribose is 

linear while its chemical structure is cyclic whereby the ether linkage prevents magnetization 

transfer between oxygen-linked carbons. Secondary carbons are encountered most often with a 

relative occurrence of 54%, followed by primary carbons (topological end groups) (45%), 

tertiary carbons (0.8%), and quarternary carbons (0.2%). The most frequent topology consists of 

five linearly arranged carbons (topology g), whereas the ÒaverageÓ topology has 4.5 linearly 
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arranged carbon atoms. The topolome was then linked to known molecules by screening each 

cluster center trace against the 1D 13C spectral metabolomics library of the BMRB31 using the 

COLMAR web server.79 This yielded unique molecular assignments of 29 cluster traces (spin 

systems) belonging to 27 metabolites listed in Figure 3.10B, which include 12 unliganded amino 

acids, 6 riboses of larger nucleic-acid containing molecules, and 3 monosaccharides containing 

six carbons.  

 

 

Figure 3.10. Backbone carbon topolome of E. coli. (A) Display of the backbone carbon 
topologies of the 112 spin systems of E. coli identified in this study. (B) List of the different 
topologies identified together with their occurrences (Occ.). Compounds with specific names 
matched BMRB database compounds, whereas compounds referred to as "others", "amino-acid 
like", and "saccharides" were not contained in the database. 

 
 
 The majority of these 27 metabolites were also observed in E. coli cell extracts by mass 

spectrometry.95 The largest discrepancy between the mass spectrometry and NMR results 

concerns carbohydrates since the number of hexoses and other 6-carbon sugars detected by NMR 

(23 compounds) significantly exceeds the one observed by mass spectrometry (11 compounds). 

Some of these carbohydrate units may be part of as yet uncharacterized or uncatalogued 

structures, while others may represent isobaric isomers, whose distinction by mass spectrometry 

is a challenge.96 13C-13C TOCSY traces of carbohydrates provide straightforward access to their 
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carbon topologies, while chemical shift changes uniquely identify the carbon modification sites. 

For example, all four glucosamine-like topologies observed here have the nitrogens attached at 

their C2 positions, which is the same as for glucosamine. These differences underline the 

complementarity of these two experimental methods.  

 

3.4 Discussion 

 

High-resolution solution NMR of biological mixtures typically detects hundreds to thousands of 

peaks of both known and unknown compounds, which can be used for a wide range of 

applications, including compound identification, quantification, and de novo characterization of 

unknown species, that cross the boundaries between traditional natural products research and 

metabolomics.6 While database searching can dramatically accelerate the verification of the 

presence of known compounds, the characterization of unknown compounds remains a major 

challenge. The classical approach, which is the method of choice in natural products research, 

uses chromatographic separation until individual compounds are isolated so that they can be 

further characterized individually. Because this approach is targeted and time-consuming for 

metabolomics applications, methods are needed that do not require extensive fractionation.  

Here, we introduced a multidimensional NMR-based approach for the analysis of metabolite 

mixtures of uniformly 13C-labeled organisms. The favorable spectral resolution and baseline 

properties of the 13C-13C TOCSY correlation spectra allow a rigorous, semi-automated analysis 

of the mixture in terms of the carbon-backbone topologies of the underlying components with 

concentrations in the submillimolar to hundreds of millimolar range. This permitted the 

reconstruction of the full topolome consisting of 112 spin systems or chemical species detectable 

by NMR. From the cluster center traces, each representing a metabolite 13C spin system, a 

remarkably complete reconstruction of the CT-TOCSY could be achieved (Fig. 3.5), which 

accounts for over 94% of all observable CT-TOCSY cross-peaks. Resonances that are not 

accounted for either have very low signal-to-noise or fall into the few highly crowded regions, 

(Fig. 3.2 and 3.5). In addition, analysis of the multiplet pattern of each 13C resonance permitted 

independent validation of each topology. Together, these methods enable the rapid and reliable 

identification of the very large number of topologies reported here. This approach represents a 

significant advance over alternative methods of chemical structure determination in complex 
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mixture.97 An additional advantage of direct 13C detection is that non-protonated carbons can be 

directly detected, including carbonyl and carboxyl carbons whose correlations with other carbons 

are obtained from the 13C-13C COSY.  Since carbonyl and carboxyl carbons possess significantly 

larger 1J(13C,13C)-couplings (~55 Hz) than most other C-C bonds (~35 Hz), multiplet patterns 

observed in CT-TOCSY independently validate the carbonyl and carboxyl substituents observed 

in the 13C-13C COSY experiment. For example, in Figure 3.9D the resonances of leucine C!  and 

C" , which are both secondary carbons, show the distinct multiplet patterns 1:1:1:1 and 1:2:1, 

respectively, consistent with the attached carboxyl group to C! .  

 

 The topolome detected for E. coli reveals that the most frequent topology with 31 

occurrences is linear containing five sequentially bonded carbons (topology g in Figure 3.10). 

This topology comprises glutamate and 8 glutamate-like compounds or spin systems. It also 

includes 13 riboses and only 1 deoxyribose, reflecting the larger structural and functional 

diversity of ribose-containing molecules over deoxyribose-containing molecules. The method 

differentiates between isomers that slowly interconvert on the NMR chemical shift time scale. 

The second most frequent topology with 27 occurrences is topology e (6 linearly arranged 

carbons). Topology e includes 12 aldohexoses, comprising the common monosaccharides 

glucose and galactose, serving both as energy sources and as structural building blocks in the 

cell. An advantage of NMR-based topology analysis is that quantitative chemical shift 

information at each carbon site is available. Aldohexoses detected here generally exhibit a 5 - 10 

ppm 13C chemical shift increase in the C1 or C4 positions (or both) compared to 

monosaccharides. Since these positions are the common glycosidic linkage sites with other 

molecular groups, the unknown aldohexoses might be part of larger chemical structures, such as 

polysaccharides (whereby the oxygens involved in these linkages divide the carbons into 

separate spin systems that are not connected by TOCSY cross-peaks). Certain amino sugars, 

such as N-acetylglucosamine and N-acetylmuramic acid present in the cell lysate in four 

different forms, share the same topology as the aldohexoses (topology e). The third most 

frequent topology with 24 occurrences is topology i (three linearly arranged carbons). Topology i 

is adopted by seven alanine-like compounds, and topology a includes two diaminopimelic-acid 

like topologies. Because the prevalent glutamate, alanine, diaminopimelic acid, N-

acetylglucosamine and N-acetylmuramic acid form the basic building blocks of the 
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peptidoglycan cell wall of E. coli, these topologies might belong to cell wall fragments.98 

Knowledge of metabolite topologies provides an ideal basis for further characterization. Since 

NMR 13C chemical shifts with their high sensitivity to substituents are obtained simultaneously 

with the topologies, they should assist further chemical structure determination of selected 

mixture components. The presence of substituents derived from 13C chemical shifts can be 

corroborated by additional NMR experiments that display additional correlations, for example, to 
31P, 15N, and 1H nuclei. 

 

 A uniformly high level of 13C enrichment is important for the method to work. Low 13C 

enrichment levels will reduce the number of fully, i.e. consecutively, 13C-labeled spin systems, 

which is required for the extraction of complete spin system information from CT-TOCSY 

traces. If the fraction of 13C labels at all sites is 0 !  f !  1, then the fraction of fully labeled 

molecules is fN, where N is the number of spins. Hence, the number of molecules that contribute 

to complete TOCSY traces decreases exponentially with N, which is accompanied by a 

corresponding drop in sensitivity. If the enrichment level is biochemical pathway related, as is 

typical for mammalian cells, f can be close to zero 0 for certain sites and impede the 

measurement of complete carbon traces by this approach.  

 

 The resolution power resulting from the combination of consensus trace clustering with 

homonuclear 13C CT-TOCSY spectroscopy produces a unique and exhaustive set of carbon 

topologies of components of a mixture of ultrahigh complexity as demonstrated here for a 

uniformly 13C-labeled cell lysate. Such ÒtopolomicalÓ information should prove powerful for the 

exploration and establishment of new biochemical pathways and interactions involving 13C-

labeled endogenous and exogenous metabolites. Uniform 13C-labeling of many organisms, such 

as bacteria, yeast and plants, is now readily available and, hence, this NMR strategy can give 

broad access to the complex chemical information necessary for a systems biological 

understanding of their function.  
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CHAPTER 4 

 

IDENTIFICATION OF METABOLITES BY CUSTOMIZED  

NMR DATABASE  

 

4.1 Introduction 

 

A primary goal of metabolomics is the identification of all mixture components with high 

accuracy. Retrieval of such information from 1D NMR spectra alone is often challenging.39 This 

is because of two factors: (1) the high frequency of peak overlaps impairs compound 

identification from individual peaks, and (2) the lack of connectivity information between peaks 

that belong to the same compound limits the combined use of NMR information from multiple 

nuclei that belong to the same molecule. As a consequence, even minor changes in chemical 

shifts between the mixture and database spectra can cause ambiguities in component annotation.  

 

 The use of 2D NMR spectra can overcome some of these issues. For the matching of 2D 

NMR spectra against database information a number of different strategies have been proposed. 

2D 1H-13C HSQC spectra can be matched cross-peak by cross-peak against database entries.31, 82, 

83, 99 Although the resolution is increased by the introduction of the indirect 13C dimension, the 

lack of connectivity information between the different 1H-13C pairs belonging to the same 

molecule causes similar types of challenges for peak annotation and metabolite identification as 

in 1D NMR. Connectivity information between resonances from different parts of a molecule is 

available in 1H-1H TOCSY spectra collected at long mixing times.32  

 

 In Chapter 3, we expanded this strategy to uniformly 13C-labeled metabolites by the use 

of 13C-13C constant-time-TOCSY91 (CT-TOCSY) spectroscopy. Application to uniformly labeled 

E. coli extracts allowed the determination of carbon topologies of all detectable metabolites.89 

Because the topologies could be determined without any database information, this approach is 

not limited to the characterization of mixture components that are already catalogued. On the 

other hand, for those mixture components that are present in metabolite databases, the ability to 
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directly identify them from 13C-13C CT-TOCSY would further enhance the utility of this 

approach. Since TOCSY traces only correlate resonances that belong to the same spin system, 

for molecules with multiple spin systems or multiple isomeric forms that are in slow exchange, 

they yield only part of the entire 1D 13C spectrum.  Therefore, a query against NMR databases 

that consist of the full 1D NMR spectra of metabolites leads to matches that are imperfect, 

carrying the risk of false interpretations. Moreover, depending on the matching algorithm used, 

often molecules with a large a number of resonances are returned since they have a higher 

chance to match the resonances of the query trace. Presently, none of the current public NMR 

databases sorts spins into individual spin systems or slowly exchanging isomers for separate 

queries. To meet this demand, a metabolite database is introduced here, which is specifically 

geared toward the query of 13C TOCSY traces with the goal to optimize the matching 

accuracy.100  

 

 A customized metabolomics NMR database, TOCCATA, is introduced, which uses 13C 

chemical shift information for the reliable identification of metabolites, their isomeric states and 

spin systems. TOCCATA, whose information was derived from the BMRB and HMDB 

databases and the literature, currently contains 463 compounds and 801 spin systems, and it can 

be used through a publicly accessible web server. TOCCATA allows the identification of 

metabolites in the submillimolar concentration range from 13C-13C TOCSY experiments of 

complex mixtures, which is demonstrated for a carbohydrate mixture, an E. coli cell extracts and 

an amino acid mixture, all of which are uniformly 13C-labeled.100 

 

4.2 Materials and Methods 

 

4.2.1 Computational Methods  

 

Consensus trace determination from 2D 13C-13C CT-TOCSY spectrum was explained previously 

(Section 3.2.1). 
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4.2.2 Sample Preparation  

 

 The carbohydrate mixture of uniformly 13C-labeled glucose was purchased from Sigma-

Aldrich, and fructose, galactose, and ribose were purchased from Cambridge Isotope 

Laboratories, Inc. An NMR sample was prepared by dissolving these carbohydrates in D2O, each 

with a 10 mM final concentration.  

 

 A uniformly 13C-labeled algal amino acid mixture, purchased from Sigma-Aldrich, was 

prepared by dissolving 0.5 mg mixture in 2 ml D2O. The resulting suspension was centrifuged 

and the supernatant was used for measurements. 

 

 The E. coli NMR sample preparation was explained previously (Section 3.2.2). 

 

4.2.3 NMR Experiments and Processing  

 

2D 13C-13C CT-TOCSY91 data sets of the E. coli cell lysate and the carbohydrate mixture were 

collected with 576 N1 and 2048 N2 complex data points for 47 ms FLOPSY-16 mixing92 at 800 

MHz proton frequency with a 110 pm 13C spectral width at 25 ¡C. 2D 13C-13C CT-TOCSY data 

set of amino acid mixture was collected with 512 N1 and 2048 N2 complex data points, with 38 

ms FLOPSY-16 mixing at 700 MHz proton frequency with 110 pm 13C spectral width at 25 ¡C. 

The NMR data were zero-filled to 2048 (N1) and 8192 (N2), apodized using shifted sine-bell 

windows, Fourier transformed, phase and baseline corrected using NMRPipe,78 and converted to 

a Matlab-compatible format for subsequent processing and analysis. 

 

4.3 Results and Discussion 

 

The new database, which is termed TOCCATA (TOCSY Customized Carbon Trace Archive),100 

was primarily derived from the BMRB31 and HMDB99 metabolomics databases and presently 

contains 463 compounds. From these 463 compounds, 263 contain a single spin system and 

adopt a single isomeric state. Therefore, only for this subset of compounds, there is a perfect 

match possible between a 1D 13C TOCSY trace and the 1D 13C spectrum. 163 compounds 
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consist of more than one spin system in a single (isomeric) state; 29 compounds consist of a 

single spin system in multiple states; and 8 compounds consist of multiple states and multiple 

spin systems.  

 

 The TOCCATA database is structured as follows. First, the chemical shifts of the 463 

compounds were subdivided into their individual isomeric states, which were then further 

subdivided into individual spin systems. Groups of 13C spins are considered to belong to separate 

spin systems, if they are separated by at least one noncarbon atom, such as an oxygen (e.g., O-

glycosidic bond in lactose), a sulfur (e.g., methionine), or a nitrogen (e.g., N-glycosidic bond in 

adenosine). While this does not exclude the possible existence of small 13C-13C J-couplings 

between spins that belong to neighboring spin systems, the magnetization transfer in 13C-13C 

TOCSY experiments at mixing times used here (<50 ms) is essentially negligible.  This 

definition of the spin systems yielded a total of 801 different spin systems. A specifically 

designed web portal at http://spinportal.magnet.fsu.edu/toccata/webquery.html allows querying 

of the database either by using a list of 13C chemical shifts of a given spin system or by 

uploading a 13C TOCSY trace, such as a 13C consensus TOCSY trace. The trace can be peak-

picked interactively and subsequently queried against the database.  

 

 The BMRB metabolomics database includes NMR spectra of compounds at different pH 

values and solvents. Since pH and solvent may result in NMR peak shifts, only NMR data of 

compounds dissolved in H2O/D2O at pH 7.4 were included in TOCCATA. For some metabolites 

not present in the BMRB, such as ribose, the 13C NMR chemical shifts were extracted from the 

HMDB [it should be noted that the HMDB spectra had been recorded at a slightly lower pH (pH 

7.0); no pH correction was applied to the resulting chemical shifts].   

 

 The chemical shift assignments of all compounds of TOCCATA were performed 

manually by extracting spectral information from the BMRB, HMDB, and the literature.101 102 103 
104 105 106 107 108 After the assignment of all resonances of a given compound, they were grouped 

into the different isomeric states and spin systems. In addition, the assignments were also used to 

determine the peak multiplet patterns for every carbon resonance in the databank. In a uniformly 
13C-labeled compound with all protons decoupled, a 13C multiplet provides the number of 
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directly bonded 13C atoms. A primary, secondary, tertiary, or quaternary carbon possesses a 

multiplet with intensity ratios of 1:1, 1:2:1 (or 1:1:1:1), 1:3:3:1 and 1:4:6:4:1, respectively. 

Inspection of multiplet patterns along the ! 2 detection dimension in the CT-TOCSY spectrum 

has proven useful for the independent validation of the top matches returned by database query 

(Section 3.4).  

 

 The idea of complex mixture analysis by 13C-13C CT-TOCSY NMR and subsequent 

database searching using TOCCATA is depicted in Figure 4.1. In order to identify the 

components of a mixture consisting of uniformly 13C-labeled metabolites (lysine, galactose " -

pyranose, and galactose #-pyranose in the case of Figure 4.1) giving rise to the 1D 13C NMR 

spectrum depicted at the top of the figure, a 13C-13C CT-TOCSY spectrum at a sufficiently long 

TOCSY mixing time is collected (e.g. $mix = 47 ms), which is deconvoluted into consensus traces 

(blue spectra) that represent individual 13C spin systems as described previously (Chapter 3). 

When queried against TOCCATA, the identities of the underlying metabolites are returned. 

Figure 4.2 shows a screenshot of the user interface of the TOCCATA web server.  Users can 

manually enter (e.g. by copy and paste) a chemical shift list into the Peak List text box, and 

submit it for TOCCATA query. Alternatively, a user can directly upload a 13C TOCSY 

(consensus) trace as a file in a two-column ASCII format (where the first column represents the 

frequencies in parts per million (ppm) and the second column the spectral intensities in arbitrary 

units). The trace is then displayed in the web server so that it can be manually peak-picked using 

the peak-picking button. For each peak multiplet, the center frequency should picked (even in 

case it has zero intensity, such as in the case of a doublet or quartet). The selected peak list can 

be interactively edited by clicking on the spectrum: a peak is added to the list if it is not yet in the 

peak list, and a peak is removed if the peak is already contained in the peak list.  
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Figure 4.1. Schematic representation of the deconvolution and TOCCATA database querying 
based on 2D 13C-13C CT-TOCSY spectrum of complex metabolite mixtures. The method is 
illustrated in the figure for a model mixture composed of lysine and galactose. The resulting 
deconvoluted 1D 13C TOCSY consensus traces belong to (from left to right): lysine, galactose ! -
pyranose, and galactose " -pyranose. They are identified by querying each of these traces against 
the 13C TOCSY databank TOCCATA. 
 
 
 2D CT-TOCSY spectra are typically performed on a finite spectral range (e.g. between 0 

and 110 ppm) in order to minimize off-resonance effects on TOCSY transfers. To take this into 

account during the TOCCATA query, the web server allows users to specify the spectral width 

for which the database query should be performed by specifying the most downfield and most 

upfield ppm values. This eliminates potential mismatches arising from 13C resonances not 

detected in the TOCSY experiment, but which are present in the database. Ideally, the number of 

query peaks is identical to the number of resonances of the best matching spin system. However, 

this is not always the case (e.g., because a peak was missed in the query trace or two chemical 

shifts were assigned to different multiplet components of the same resonance). To facilitate the 
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analysis of mismatches, the web server allows the user to specify a maximally tolerated 

mismatch difference (Mmax) between the number of query peaks and the number of resonances of 

all possible matches. If the user is confident that all query peaks were correctly identified, then a 

mismatch parameter Mmax = 0 should be entered (default value). As a rule, if a mismatch is 

detected, the user is advised to inspect the NMR raw data to identify the origin of the mismatch. 

 

 An important property of NMR chemical shifts is their proper referencing. Ideally, the 

chemical shifts are referenced against standard compounds, such DSS or TMS. In the cases 

where no standard was used, the web server permits the user to enter a chemical shift value 

(default 0.00 ppm) in order to reference a spectrum by uniformly increasing or decreasing the 

chemical shifts of all metabolite signals in the spectrum by the entered ppm value. To find the 

minimum root-mean-square-deviation (rmsd) for every metabolite, the TOCCATA matching 

algorithm performs an automated alignment within an interval of +/-0.5 ppm and then applies a 

weighted matching algorithm79 to find the best matching peak pairs from the query list and the 

database. Finally, the average chemical shift rmsd between the input and database peak pairs is 

calculated and used as a criterion to select the best match, which is displayed on the screen (Fig. 

4.2). 

 

 In our experience, the database query is most accurate when the Mmax = 0 and rmsd < 

0.12 ppm (default values). If no database entries satisfy the above criteria, the query returns a 

Òno matchÓ statement. With remarkably few exceptions, the chemical shift lists extracted from 

the TOCSY traces of the sugar mixture, the amino acid mixture, and the E. coli cell lysate have 

only one match satisfying these criteria, which are the correct ones. When multiple matches are 

returned, they are rank-ordered according to increasing rmsd values and displayed in groups with 

identical mismatch. Concise information about the number of isomeric states and spin systems of 

a compound is displayed for the top (currently 4) returns (Fig. 4.2). In addition, their expected 

multiplet patterns are displayed for direct comparison with the multiplet patterns of the 

experimental input data. In our experience, the use of the multiplet pattern as a Òtie-breakerÓ 

resolves the vast majority of ambiguities.   
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Figure 4.2. Screenshot of TOCCATA web server user interface. A 1D 13C trace of interest can 
be uploaded and interactively peak-picked (red diamonds) with the corresponding chemical 
shifts displayed in the "Peak List". Querying of this peak list against TOCCATA returns the best 
matching compound (in this case D-galactose) with the chemical shift RMSD before and after a 
uniform shift of -0.004 ppm was applied. A mismatch number M = 0 indicates that the number of 
query peaks and database peaks for D-galactose were the same. The 13C chemical shifts of D-
galactose are listed together with their multiplet fine structure (11 = 1:1 doublet, 121 = 1:2:1 
triplet, 1111 = 1:1:1:1 quartet, 1331 = 1:3:3:1 quartet, etc.) for validation. 
 
 
 The first application shows the performance of TOCCATA for a carbohydrate mixture 

consisting of uniformly 13C-labeled fructose, glucose, ribose, and galactose in D2O. Each of 

these carbohydrates was present in solution either in two (glucose, galactose) or three (fructose, 

ribose) isomeric forms whereby each isomer constitutes a single 13C spin system. Consensus 

trace clustering of the 13C-13C CT-TOCSY spectrum yielded the traces shown in Figure 4.3. Each 

of these traces were peak-picked as shown by red triangles and queried against TOCCATA, 
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which resulted in the correct identification of each of the 10 isomers present in the mixture with 

the query results compiled in Table 4.1. For each hit (see Table 4.1), M is returned (whereby M !  

Mmax where Mmax can be entered on the web server) as well as the rmsd between the query and 

the database chemical shifts.  For the carbohydrate mixture of Figure 4.3, the rmsd values are all 

< 0.12 ppm, and the M values are all zero, reflecting that the number of input peaks queried was 

equal to the number of matched database peaks. With the selection criteria Mmax = 0 and rmsd < 

0.12 ppm, unique and correct matches were found for all the carbohydrate traces. The column 

ÒShiftÓ shows how much the input data were shifted by the TOCCATA matching algorithm to 

find the minimum rmsd between input and database peaks. The Shift values show small 

variations indicating that there is no optimal universal shift for all traces. This is not unexpected 

as each metabolite responds individually to the specific conditions of the mixture. 

 
 
Table 4.1. TOCCATA query results of deconvoluted 1D 13C TOCSY traces of carbohydrate 
mixture shown in Figure 4.3. 
 RMSDa Mb Shiftc  RMSD M Shift 
fructose ! -furanose 0.016 0 0.019 ribose ! -furanose 0.080 0 0.060 
fructose ! -pyranose 0.020 0 0.019 ribose ! -pyranose 0.030 0 0.015 
fructose " -furanose 0.015 0 0.024 ribose " -furanose 0.119 0 0.033 
glucose ! -pyranose 0.013 0 0.023 galactose ! -pyranose 0.011 0 0.019 
glucose " -pyranose 0.010 0 0.022 galactose " -pyranose 0.018 0 0.013 
a Root-mean square difference (in units of ppm) between the input and databank chemical shifts. 
b Integer mismatch parameter between the number of input and databank chemical shifts. 
c Amount by which the input chemical shifts were uniformly moved (in ppm) so that the RMSD 
with respect to the databank chemical shifts is minimized. 
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Figure 4.3. Deconvolution and TOCCATA database querying of 2D 13C-13C CT-TOCSY 
spectrum of carbohydrate mixture. The resulting deconvoluted 1D 13C TOCSY traces belong to: 
fructose ! -furanose (1A), fructose ! -pyranose (1B), fructose " -furanose (1C), glucose ! -
pyranose (2A), glucose " -pyranose (2B), ribose ! -furanose (3A), ribose ! -pyranose (3B), ribose 
" -furanose (3C), galactose ! -pyranose (4A) and galactose " -pyranose (4B). 
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 Application of consensus trace clustering to the 13C-13C CT-TOCSY of uniformly 13C-

labeled E. coli cell lysate yielded 112 metabolite carbon topologies each corresponding to a 

unique 13C TOCSY trace (Chapter 3). We queried each of these traces against TOCCATA using 

the criteria Mmax = 0 and rmsd < 0.12 ppm, which led to the identification of 36 metabolites 

corresponding to 43 spin systems or isomeric states (Table 4.2). Out of the 36 metabolites, 34 

have at least one topology for which a single match was returned. For the other 2 metabolites, the 

query returned 2 matches where one of the returns could be safely discarded: in one case because 

the expected multiplet pattern did not agree with the experimental one and in the other case 

because of a large rmsd difference between the best and second-best hit. In addition, if a 

molecule consists of multiple spin systems, one expects to detect all other spin systems of the 

same molecule, which should be used as an additional criterion for the verification of the identity 

of a compound. For instance, spermidine consists of two 13C spin systems containing 4 and 3 

spins, which were detected independently in the CT-TOCSY and turned out to be best hits in the 

TOCCATA query. 

 

 Some metabolites in Table 4.2 demonstrate the capability of TOCCATA to differentiate 

and detect metabolites with very similar chemical shifts. For example, maltose exists in both ! - 

and " -isomers with each state consisting of 2 glucose spin systems connected by a ! (1! 4) bond. 

While the first glucose populates the !  state, the second glucose can adopt both the !  and the "  

state (! - and " -maltose). This renders the chemical shifts of the first glucose very similar in the 

two states. CT-TOCSY analysis yields 3 unique consensus traces for maltose. TOCCATA query 

showed that one trace belongs to the first glucose of both ! - and " -maltose, while the other two 

traces correspond to the second glucose of ! - and " -maltose. NAD+ and NADP+ represent 

another example. These two metabolites are very similar in structure and chemical shift (the only 

difference is that in NADP+, the ribose group attached to the adenine base is phosphorylated at 

the 2' position). Three consensus traces could be identified for NAD+ and NADP+ within the 

spectral range of the CT-TOCSY. According to TOCCATA query one of them corresponds to 

the ribose rings attached to the nicotinamide group in both NAD+ and NADP+. The other two 

traces correspond to the ribose rings attached to the adenine groups of NAD+ and NADP+, 

respectively. These examples illustrate that by treating the chemical shifts of different spin 
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systems separately, the capability to distinguish between different molecules and their isomeric 

states can be enhanced by identifying them through their most distinct (unique) spin systems.  

 
 
Table 4.2. Metabolites identified in E. coli cell lysate by querying against the TOCCATA 
database. The numbers in parentheses correspond to the query results of different metabolite 
states or spin systems. Parameters RMSD, M, Shift are defined as in Table 4.1. 
 RMSD M Shift  RMSD M Shift 
Valine 0.044 0 0.085 Lysine 0.016 0 0.089 
Glutathione red. (1) 0.016 0 0.084 Aspartate 0.041 0 0.093 
Glutathione red. (2) 0.042 0 0.037 Glucose 0.011 0 0.104 
Glutathione ox.   (1) 0.006 0 0.079 Cysteine 0.052 0 0.159 
Glutathione ox.   (2) 0.008 0 0.085 Isoleucine 0.027 0 0.074 
Coenzyme A (1) 0.014 0 0.053 ! -Glycerol phosphate 0.026 0 0.047 
Coenzyme A (2) 0.031 0 0.061 Inosine 0.026 0 0.107 
Coenzyme A (3) 0.072 0 0.090 Threonine 0.034 0 0.100 
Glutamate 0.016 0 0.137 N(! )-Acetyl-ornithine 0.110 0 0.103 
Malate 0.006 0 0.089 N-Acetyl-glutamate 0.072 0 0.057 
Maltose (1) 0.066 0 0.070 N(! )-Acetyl-lysine 0.086 0 0.144 
Maltose (2) 0.090 0 0.039 2-Aminoadipic acid 0.016 0 0.089 
Maltose (3) 0.090 0 0.088 N-Acetyl-alanine 0.003 0 -0.011 
Maltose (4) 0.088 0 0.081 2-Aminobutyric acid  0.041 0 0.069 
Proline 0.031 0 0.091 Gluconate 0.014 0 0.062 
Adenosine 0.045 0 0.144 NAD+   (1) 0.047 0 0.110 
Leucine 0.037 0 0.066 NAD+   (2) 0.069 0 0.181 
UDP-GlcNAc 0.035 0 0.053 NADP+ (1) 0.118 0 0.216 
Ethanolamine 0.024 0 0.037 NADP+ (2) 0.101 0 0.056 
Phenylalanine 0.015 0 0.110 Spermidine (1) 0.078 0 0.143 
Serine 0.030 0 0.096 Spermidine (2) 0.039 0 0.164 
Galactose 0.013 0 0.101 Uridine 0.046 0 0.105 
Methionine 0.025 0 0.081 Putrescine 0.026 0 0.110 
red. (reduced) 
ox.  (oxidized) 
 
 
 To compare the TOCCATA with other current 13C chemical shift web servers, we 

submitted the 43 E. coli cell lysate 13C consensus TOCSY traces unambiguously identified by 

TOCCATA to the BMRB31, COLMAR79 80 and the HMDB99 databases for 1D 13C querying. The 

correct hit rates for BMRB (with a ÒC RangeÓ parameter of 0.15) and COLMAR were 71% and 

76%, respectively, and the one for HMDB (with a Ò13C Shift ToleranceÓ parameter of 0.15) was 

significantly lower. It should be noted that unlike the HMDB, the BMRB and COLMAR 
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databases were derived from the same experimental spectra. Overall, this comparison illustrates 

how the accuracy of compound identification is substantially enhanced when using the 

customized TOCSY trace database TOCCATA. 

 

 The results of application of the TOCCATA query to 13C consensus TOCSY traces of an 

amino acid mixture (Fig. 4.4 and CT-TOCSY spectrum in Fig 4.5) are summarized in Table 4.3, 

which shows that TOCCATA query always identified the correct compound as a clear top match, 

when using the same criteria as above (Mmax = 0 and rmsd < 0.12 ppm). These relatively strict 

selection criteria together with multiplicity and completeness analysis prevented the occurrence 

of false positive hits in all applications reported here.  

 
 
Table 4.3. TOCCATA query results of 13C TOCSY traces of amino acid mixture of Figure 4.4. 
Parameters RMSD, M, Shift are defined as in Table 4.1. 
 RMSD M Shift  RMSD M Shift 
Alanine 0.056 0 0.126 Lysine 0.023 0 0.142 
Valine 0.072 0 0.129 Leucine 0.064 0 0.123 
Threonine 0.080 0 0.181 Isoleucine 0.068 0 0.118 
Serine 0.037 0 0.174 Glutamate 0.034 0 0.218 
Proline 0.027 0 0.152 Aspartate 0.066 0 0.182 
Phenylalanine 0.025 0 0.181 Arginine 0.032 0 0.131 
 
  
 As metabolomics databases continue to grow the chances that two entries have very 

similar NMR properties will also increase. This requires highly accurate database query tools, 

such as TOCCATA, for the unambiguous identification of mixture components. While 

metabolomics studies with uniformly 13C-labeled samples are not yet widespread, the ease and 

reliability of interpretation should provide additional motivation for this type of approach. As 
13C-labeling of whole organisms, such as bacteria, yeast, and plants, is becoming increasingly 

common, the emergence of a wealth of new chemical and biological information including both 

natural product chemistry and metabolomics can be expected. While TOCCATA presently 

contains >800 spin systems, there is ample room for expansion, as the cell lysate example clearly 

demonstrates, by adding 13C chemical shift information from a wide range of sources, including 

existing NMR databases, the chemical literature, and NMR experiments of new compounds.  
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Figure 4.4. Deconvolution and TOCCATA database querying of 2D 13C-13C CT-TOCSY 
spectrum of amino acid mixture. The resulting deconvoluted 1D 13C TOCSY traces belong to: 
alanine (1A), valine (1B), threonine (1C), serine (1D), proline (2A), phenylalanine (2B), lysine 
(2C), leucine (2D), isoleucine (3A), glutamate (3B), aspartate (3C) and arginine (3D). 
 
 
 In addition to the analysis of 2D 13C-13C TOCSY spectra, TOCCATA can also be used to 

analyze 2D 13C-13C COSY spectra after the user has established complete chemical shift lists of 

each spin system from a ÒCOSY-walkÓ between direct-neighboring 13C spins. Application of 

TOCCATA to 2D 13C-1H HSQC-TOCSY spectra works only in exceptional cases: because 

TOCSY transfer in 2D 13C-1H HSQC-TOCSY experiments is mediated by 1H spins, the presence 

of nonprotonated carbons leads to qualitatively different 1H-TOCSY and 13C-TOCSY transfer 

traces. Therefore, for the analysis of 2D 13C-1H HSQC-TOCSY and 2D 1H-1H TOCSY spectra, a 
1H TOCSY database derived in a fashion analogous to TOCCATA will be needed. 

 



! 92 

 
Figure 4.5. 2D 13C-13C CT-TOCSY spectrum of amino acid mixture. 
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CHAPTER 5 

 

CONCLUDING REMARKS  

 

Accurate identification of all metabolites is one of the most critical steps of metabolomics. 

Metabolite identification is performed in two steps. In the first step, the metabolite mixture is 

deconvoluted into its individual components and in the second step, each metabolite is identified 

from metabolite databanks. Currently both steps are quite involving and their performance can be 

hampered in practical situations. In this thesis, new approaches are introduced to improve 

metabolite identification by multidimensional NMR spectroscopy.  

 

 In Chapter 2, novel strategies have been described for the deconvolution of complex 

chemical mixtures at natural abundance in a reliable, efficient, and automatable fashion. The 

DeCoDeC approach permits the determination of 1D 1H TOCSY trace of individual components, 

while the 3R DeCoDeC method extracts 2D 13C-1H HSQCs of individual components, which 

serve as useful fingerprints for database queries and as entry points to chemical structure 

determination.  

  

 In Chapter 3, DeCoDeC method is adapted to analysis of 13C labeled samples. This 

enabled detection of significant number of metabolites because of large chemical shift dispersion 

of 13C spin and high resolution provided by constant-time spectroscopy. Carbon backbone 

structure (topology) for each DeCoDeC 13C TOCSY trace is obtained by combining short and 

long mixing time magnetization transfer information. Topology is particularly useful to identify 

uncatalogued metabolites, which comprise ~95% of the metabolome universe. Expansion of 

catalogued metabolites by this technology can further improve information obtained from 

metabolome analyses.  

 

 Unambiguous identification of components in complex metabolite mixtures is a key step 

for their biological interpretation. In Chapter 4, we introduced the TOCCATA database, which is 

customized for the identification of isomeric states and spin systems of metabolites from 13C 

TOCSY spectra that yields database query results with unprecedented accuracy. Together these 
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new tools open up the prospect to enable routine yet accurate analysis of natural abundance and 

uniformly 13C enriched metabolomics samples. 

 

 Although this is not part of the thesis, metabolite identification by multidimensional 

NMR must be combined with quantification. Developments in quantification by 2D NMR are 

still ongoing. The difficulty arises from variability of cross-peak intensities due to multiple 

factors such as uneven magnetization, non-uniform relaxation, J-couplings, evolution times and 

mixing times.81 So far, the majority of 2D NMR quantification studies have focused on 

heteronuclear experiments, in particular 13C-1H HSQC. Quantification approaches by HSQC can 

be divided into two categories. The first category generates calibration curves for each 

metabolite by using its own standard.81 109 This approach is quite labor intensive, since it requires 

preparation of many mixture standards. Furthermore, quantification is only limited to metabolites 

having internal standards. The detection limit of this approach is at the sub-mM level. The 

second and more convenient approach aims at minimizing variability in cross-peak intensities by 

using pulse sequence modifications.110 86 The detection limit is about ten fold higher than the 

first strategy.  

 

 Homonuclear 2D NMR experiments, in particular 2D 1H-1H COSY, 2D 1H-1H TOCSY 

and 2D 1H-INADEQUATE have also been proposed for quantification.111 112 These approaches 

also require calibration curves for each metabolite. The detection limit is in the hundreds of µM. 

 

 So far all proposed 2D NMR quantification techniques are for natural abundance 

samples. While metabolomics studies with uniformly 13C-labeled samples are not yet 

widespread, the ease and reliability of interpretation, as shown in Chapter 3 and 4, should 

provide additional motivation for this type of approach. As 13C-labeling of whole organisms, 

such as bacteria, yeast, and plants, is becoming increasingly common, the emergence of a wealth 

of new chemical and biological information including both natural product chemistry and 

metabolomics can be expected. Future work is to develop a strategy for quantification of 13C 

labeled metabolites by 2D NMR, which is compatible with the techniques that were developed in 

the thesis. Combination of accurate metabolite identification and quantification will enable us to 

apply NMR to many relevant biological questions. 
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