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ABSTRACT OF THE DISSERTATION 

 

Metabolic Profiling of Primary and Secondary Biosynthetic Pathways in Angiosperms: 

Comparative Metabonomics and Applications of Hyphenated LC-NMR and LC-MS 

 

by 

 

Kayla Anne Kaiser 

 

Doctor of Philosophy, Graduate Program in Chemistry 

University of California, Riverside, March 2012 

Cynthia K. Larive, Chairperson 

 

 

The goal of this dissertation was to advance plant metabonomics through 

optimization of biological experimental design, sampling and sample preparation, data 

acquisition and pre-processing, and multivariable data analysis.  The analytical platform 

most employed for comparative metabonomics was nuclear magnetic resonance (NMR).  

Liquid-chromatography (LC) coupled to NMR and mass spectrometry (MS) extended 

metabolic profile coverage from primary into secondary metabolic pathways.  

Comparative profiling of tissue extracts by LC-MS and complementary analyses by 

NMR were performed to establish metabolite identity and quantify responses to low-

oxygen stress using the model Angiosperm, Arabidopsis thaliana. 

Angiosperms, or flowering plants, constitute the most diverse and numerous 

group of land plants, and the most commercially important, producing an estimated 

200,000 small molecule metabolites through conserved primary metabolism and 

divergent secondary pathways.  No single metabolic profiling experiment has been able 

to quantify metabolite abundance over the relevant dynamic range (spanning seven orders 

of magnitude) and across the necessary structural diversity (chemical space coverage 



 xiii 

exceeds all known synthetic molecules).  Challenges in plant metabolic profiling also 

arise through inherent limitations in methods (availability of diverse solid-phases, 

solvents, pure standards), instrument performance (reproducibility, robustness, speed, 

sensitivity), and data management (pre-processing, modeling, data basing and sharing).   

The field of plant metabolic profiling has grown steadily over the past two 

decades, although it is still considered an emerging area of research.  Comparison of 

methods for sample preparation provided a foundation for one-dimensional NMR-based 

comparative metabonomics.  Signal overlap was alleviated by liquid-liquid extraction 

(LLE), solid-phase extraction (SPE), and liquid chromatography (LC).  A combined 

approach involving ultraviolet-visible absorption spectroscopy (UV-Vis), NMR, MS, and 

tandem MS (MS/MS) was used for dereplication. 

Results are presented illustrating the ability of one-dimensional NMR combined 

with multivariable data analysis (MVDA) to quantify responses of a model plant to a 

biological problem of fundamental and practical relevance: cellular respiration under 

oxygen-limited conditions.  The suitability of LC-NMR and LC-MS for dereplication is 

highlighted.  Profiling of secondary metabolites by UPLC-MS combined with MVDA 

was undertaken for comparison with NMR-based comparative metabonomics.  Efforts 

toward quantitative targeted analyses, hurdles and solutions, are highlighted.  

 

 

SUPPLEMENTARY MATERIALS: 

 

Appendix A: NMR-based Primary Metabolite Database 

 

Appendix B: NMR & MS-based Secondary Metabolite Database



 xiv

TABLE OF CONTENTS 

 

Acknowledgements iv 

 

Copyright Acknowledgements x 

 

Abstract of the Dissertation xii 

 

Table of Contents xiv 

 

List of Figures xix 

 

List of Tables xxxiii 

 

Chapter One: Introduction to Metabonomics and Metabolic Profiling 

1.1   Metabolic Profiling: Methods & Approaches ……………………………..  5 

 1.1.1 Definition of Metabolic Profiling …………………………………  5 

 1.1.2  Goals of Metabolic Profiling Experiments …………………..……  7 

 1.1.3  Metabolic Profiling: Past and Present ……………………………..  9 

 

1.2   Challenges in Plant Metabolic Profiling ………………………….……….  12 

 1.2.1  Dynamic Range of Metabolite Measurements …………………….  13 

1.2.2  Obtaining a Valid, Representative Sample ……………………..…  14 

 1.2.3  Replicates and Variability …………………………………..……..  15 

 1.2.4  Standards for Assessment of Recovery and Quantitation ……..…..  19 

 1.2.5 Intact Tissue Measurements versus Tissue Extracts ………..…….. 20 

 1.2.6 Protein Precipitation and Quenching of Metabolic Activity ……… 23 

 

1.3   Data Acquisition ………………………………………………………….. 24 

 1.3.1 NMR-specific Considerations ………………………………………  25 

 1.3.1.1  1D 
1
H NMR as a Survey or Fingerprinting Technique ….. 30 

 1.3.1.2 One-Dimensional 
1
H NMR for Quantitation ….............….  32 

 1.3.1.3  Two-Dimensional NMR ………………………………..… 33 

 1.3.1.4  Requirements for Quantitative NMR Measurements ……..  37 

 1.3.1.5  Water Suppression ………………………………...………  38 

 1.3.2 Liquid Chromatography Experiments ……………………………… 40 

 1.3.2.1  Chromatography of Plant Extracts ………………………..  42 

 1.3.2.2  Chromatographic Detectors ……………………………….  45 

 1.3.2.3  Electrospray Ionization Mass Spectrometry ………….…... 47 

 

1.4   Post-Acquisition Processing ………………………………………..……..  52 

 1.4.1  Apodization ……………………………………….……………….  53 

 1.4.2  Phasing and Baseline Correction ………………..………………...  54 



 xv

 1.4.3  Selection of Integral Regions …………………………...…………  57 

 1.4.4  Peak Alignment …………………………...………………………. 60 

 1.4.5  Normalization ……………………………….…………………….  60 

 1.4.6  Centering, Scaling and Transformation ……….…………………..  64 

 

1.5   Turning Information/Data into Knowledge ……………………………….  66 

 1.5.1  Multivariate Data Analysis ……………………………..…………  66 

 1.5.2  Assigning Metabolites to Peaks …………………………..……….  69 

 1.5.3  Univariate Data Analysis ………………………………………….  71 

 1.5.4  Pathway Visualization …………………………………………….. 73 

 

1.6   Motivation ………………………………………………………………… 75 

 1.6.1  Population Growth, Food Security ………………………………... 75 

 1.6.2  Climate Change and Sustainability ……………………………….. 77 

 

1.7   References …………………………………………………………………  83 

 

Chapter Two: Tissue Extraction for Comparative Metabonomics in Arabidopsis 

2.1  Introduction ……………………………………………………………….. 103 

 2.1.1  Arabidopsis thaliana: A Useful Weed for Systems Biology ……. 104 

2.1.2  Motivation and Goals for an Extraction Comparison ……………. 105 

 

2.2  Experimental Methods ……………………………………………………… 108 

2.2.1  Reagents and Solutions …………………………………………… 108 

2.2.2  Sampling and Sample Preparation ………………………………… 109 

 2.2.2.1  Equipment ………………………………………………… 109 

 2.2.2.2  Plant Cultivation ………………………………………….. 110  

 2.2.2.3  Harvesting ………………………………………………… 111 

 2.2.2.4  Preservation ………………………………………………. 112 

 2.2.2.5  Establishment of Tissue Extraction Methods……………… 112

 2.2.2.6  NMR Data Acquisition …………………………………… 116 

 2.2.2.7  Post-acquisition Processing ………………………………. 116 

 2.2.2.8  Multivariate Statistical Data Modeling …………………… 117 

 

2.3  Results and Discussion ……………………………………………………. 118 

 2.3.1  Stability of Extracts ………………………………………………. 118 

 2.3.1.1  Matrix-Free Estimations of Metabolite Stability …………. 118 

 2.3.1.2  Stability Studies Using Extracts ……………………………121 

 2.3.2  Effect of Initial Tissue State ………………………………………. 126 

 2.3.3  Effect of Solvent pH ……………………………………………… 128 

2.3.4  Effect of Solvent Composition: Acetonitrile/Aqueous,  

Aqueous, Acidified Aqueous……………………………………… 130 



 xvi

2.3.5  Effect of Solvent Composition: Methanol/Aqueous,  

Acetonitrile/Aqueous, Methanol/Aqueous /Chloroform ………….. 136 

2.3.6  Refinement of Protocol to Enhance Lipid Removal ………………. 140 

 2.3.7  Principal Components Analysis of Extraction Reproducibility …… 144 

 

2.4  Conclusions …………………………………………………………………. 148 

 

2.5  References ……………………………………………………………….. 150 

 

Chapter Three: Hypoxia in Whole Seedlings: Inquiry into Primary Metabolism 

3.1  Introduction: Metabolic Adjustments under Low Oxygen ……………..… 157 

 3.1.1  Importance of Oxygen for Life on Earth …………………………. 157 

 3.1.2  Arabidopsis and Systems Biology: Cross-Validation …………….. 161 

 3.1.3 Time Points for Growth, Stress, Harvest, and Recovery ………….. 165 

 3.1.4 Replicates and Variability …………………………………………. 168 

 3.1.5 Justification for Choice of Analytical Technique ………………… 169 

 

3.2  Experimental Section …………………………………………………….. 170 

3.2.1  Sample Preparation ……………………………………………….. 170 

3.2.2  NMR Data Acquisition …………………………………………… 172 

3.2.3  NMR Data Processing …………………………………………….. 172  

3.2.4  Selection of Integral Regions ……………………………………... 173 

 3.2.4.1  Nontargeted Metabonomics ………………………………. 173 

 3.2.4.2  Targeted Quantitative Analysis …………………………….174 

` 3.2.5  Spectral Editing ……………………………………………………. 175 

 3.2.6 Scaling and Normalization ………………………………………… 176 

 3.2.7 Unsupervised Data Evaluation …………………………………….. 177 

3.2.8  Supervised Statistics……………………………………………….. 178 

3.2.9  Integrating “-omic” Datasets ……………………………………….179 

 

3.3  Results and Discussion ……………………………………………………. 182 

 3.3.1  Multivariate Data Analysis of NMR-based Metabolic Profiles ….. 183 

 3.3.2  Univariate Analysis of NMR-based Metabolite Profiling Data ….. 190 

 3.3.3 Insights from GeneChip Measurements ……………………………193 

 3.3.4 Pathway Modeling ………………………………………………… 194 

 3.3.4.1  Sucrose Catabolism, Glycolysis and Fermentation ……….. 196 

 3.3.4.2 Fermentation Pathways ……………………………………. 200 

 3.3.4.3  Transaminases: Route for Protein Catabolism ……………. 201 

 3.3.4.4  TCA Cycle and Related Reactions ……………………….. 205 

 

3.4 Conclusions ……………………………………………………………...… 212 

 

3.6  References …………………………………………………………………. 215 



 xvii

 

Chapter Four: Micrometabolomics of hypoxic seedling roots and shoots of 

Arabidopsis 
 

4.1  Introduction ……………………………………………………………..… 227 

 

4.2  Experimental Methods ……………………………………………………. 229 

 

4.3  Results and Discussion …………………………………………………… 231 

 4.3.1  Multivariate Data Analysis of NMR-based Metabolic Profiles ….. 231 

4.3.2 Univariate Analysis of NMR-based Metabolite Profiling Data ….. 241 

 4.4.3  Insights from GeneChip Measurements ……………………………245 

 4.4.4 Pathway Modeling ………………………………………………… 246 

 4.4.4.1  Central Carbon Metabolism ………………………………. 250 

 4.4.4.2  Nitrogen Metabolism ……………………………………… 260 

 4.4.4.3  Cellular Amino Acid Metabolic Processes ………………. 266 

 

4.5  Conclusions ………………………………………………………………. 273 

 

4.6  References ………………………………………………………………… 275 

 

Chapter Five: LC-NMR and LC-MS Structural Elucidation of Arabidopsis 

Secondary Metabolites 

 

5.1  Introduction to Plant Secondary Metabolism ……………………...……… 281 

 5.1.1  Combinatorial, Plasticity, Dynamic Range …………………..…… 281 

 5.1.2  Metabolomics and Metabolic Profiling ……………………..……. 282 

 5.1.3  Challenges in Chemical Space Exploration ………………………. 283 

 

5.2  Experimental Approach …………………………………………………… 287 

 5.2.1  Plant Growth ……………………………………………………… 289 

5.2.2  Tissue Extraction ………………………………………………….. 290 

 5.2.3  Enrichment of Secondary Metabolites via SPE Capture ………….. 290 

 5.2.4  Chromatographic Separation ……………………………………… 291 

 5.2.5  Loop Storage Triggered via UV Absorbance and On-line NMR …. 293 

 5.2.6  NMR Acquisition …………………………………………………. 295 

 5.2.7  ESI-qTOF Mass Measurements ………………………………..…. 295 

 5.2.8  MS/MS Fragmentation ……………………………………………. 296 

 5.2.9  Dereplication and Databasing ……………………………………... 297 

 5.2.10  Simulations and Standards ……………………………………….. 298 

 

5.3  Results …………………………………………………………………… 299 

 

5.4  Discussion ……………………………………………………………...….  313 



 xviii 

 5.4.1  Coverage of Chemical Space by SPE Capture ………………….… 313 

 5.4.2  Method Portability using BEH C18 Chromatography Columns …. 316 

 5.4.3  UV Absorbance ………………………….………………….…….. 317 

 5.4.4  Suitability of LC-NMR for Exploratory Analysis …………..…….. 318 

 5.4.5  Role of Mass Spectrometry in Structural Analysis ………….……. 318 

 5.4.6  On-line and Off-line Measurements: Automating Analyses ……… 319 

 5.4.7  Data Management for Dereplication ………………………………. 320 

 

5.5  Conclusions …………………………………………………………..…… 321 

 

5.6 References …………………………………………………………………. 323 

 

Chapter Six: LC-MS study of hypoxic Arabidopsis 

6.1  Introduction …………………………………………………….………… 331 

 

6.2  Experimental Approach …………………………………………………… 337 

 6.2.1  Preparation of Plant Material ………………………….………….. 337 

 6.2.2  Tissue Extraction ………………………………………………….. 339 

 6.2.3  SPE Enrichment …………………………………………………… 339 

6.2.4  Chromatography ………………………………………………….. 341 

 6.2.5  UV Absorbance…………………………………………………….. 345 

 6.2.6  MS (TOF) Mass Measurements ………………….…………..….… 345 

 6.2.7  Data Pre-processing ……………………………………………..... 346 

 6.2.8  MarkerLynx Multivariate Data Analysis ……………………….… 346 

  

6.3  Results …………………………………………………………………...… 347 

 

6.4  Discussion ……………………………………………………………….. 353 

 

6.5  Conclusions ……………………………………………………………….. 357 

 

6.6  References ………………………………………………………………… 359 

 

 

Chapter Seven: Concluding Remarks & Future Directions  

7.1 Conclusions ………………………………………………………………. 362 

 

7.2 Future Work ……………………………………………………………… 363 

 



 xix

LIST OF FIGURES 

 

FIGURE          PAGE 

 

Figure 1.1 ………………………………………………………………………... 8 

Metabolic profiling by 1D 
1
H NMR records snapshots of molecular phenotype allowing 

identification and relative quantification of resonances generated by abundant metabolites 

in human urine (A) and tissue extracts of Neurospora crassa (B), Arabidopsis thaliana 

(C), and Oryza sativa (D).   

 

Figure 1.2 ……………………………………………………………..………… 17 

Strategy for evaluating the robustness of metabolic profiling methods through the use of 

replicates. 

 

Figure 1.3 …………………………………………………………………………  18 

Standardized analysis design for large-scale metabolomics studies. 

 

Figure 1.4 ……………………………………………………………………….… 22 

Mass spectrometry imaging schemes used in plant metabolic profiling.  (A) MALDI is 

coupled to TOF, images are collected by a CCD.  (B) Each timepoint recorded is an 

extracted ion image.  False colors are applied for visualization.  Composite images of 

biological interest are presented. 

 

Figure 1.5 ……………………………………………………………………...… 26   

NMR basics (a) energy level diagram for a spin ½ nucleus in magnetic field (Bo) shows 

quantization (Equation 1.1) of low (α) or high (β) energy states. Ensembles of nuclei (b) 

can be represented by a bulk magnetization vector (M) which points along the positive z-

axis, parallel to Bo. The precessional frequency (ν) of a nucleus also increases with 

increasing magnetic field strength, responsible for dispersion of resonances at high field 

(Equation 1.2).  At equilibrium, the lower energy state (α, with Bo) is more populated. 

The population difference between states increases with increasing magnetic field 

strength and decreases with increasing temperature (Equation 1.3). 
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NMR spectrum of 7 d old Arabidopsis seedling root extract divided into “bins” of width 

0.02 ppm generally covers the width occupied by a single resonance or spectral feature.   

 

Figure 1.7 …………………………………………………………….…………… 34  

DQF-COSY (Bruker cosydfphpr) spectrum resulting from SPE-enrichment of ~1.8 g DW 

Arabidopsis thaliana (Col-0) seedling (7 d old) tissue.  Delay (d1) of 1.5 seconds was 

used between scans; the water resonance was attenuated by presaturation using a pl9 

value of 50 dB. 
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TOCSY (Bruker mlevphpr) spectrum resulting from SPE-enrichment of ~1.8 g DW 

Arabidopsis thaliana (Col-0) seedling (7-d-old) tissue.  A delay (d1) of 2 seconds was 

used between scans.  The water resonance was attenuated by presaturation using a value 

of pl9 of 50 dB.  The mixing time (d9) was 80 ms. 
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DOSY spectrum for SPE-enriched ~1.8 g DW Arabidopsis thaliana (Col-0) seedling (7 d 

old) tissue measured with the Stimulated Echo experiment (Bruker stebpgp1s) using 

bipolar gradients. 

 

Figure 1.10……………………………………………………………………….. 41 

Popularity of analytical platforms for plant metabolomics.  Record count determined 

using Web of Knowledge on July 11, 2011 searching by topic (TS = X AND metabol* 

AND plant) where X was gas chromatography, liquid chromatography or NMR. 

 

Figure 1.11……………………………………………………………………….. 44 

LC separation of Arabidopsis thaliana secondary metabolites detected by UV absorbance 

at 254 nm.  Method migration does not cause loss of chromatographic resolution.  (A) 

UPLC gradient method, (B) UPLC chromatogram, (C) HPLC-NMR chromatograms.  

Collection and reinjection reveals instability of plant secondary metabolites, underscoring 

the utility of on-line data collection. 
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HPLC-DAD of C18-SPE-enriched liquid culture medium of Xiphidium caeruleum root.  

UV absorbance between 323-326 nm is considered a hallmark of hydroxycinnamic acids, 

a class of diverse secondary metabolites commonly attributed with antifungal activity.  

Detection by DAD facilitates class discrimination in complex mixtures. 

 

Figure 1.13……………………………………………………………………….. 47 

Schematic of UPLC-ESI-MS interface, called the source, site of rapid soft ionization of 

plant metabolites.  Sensitivity and quality of metabolite information can be tuned by 

adjusting temperatures, voltages, and flow rates as labeled.  Embedded table adapted 

from Waters, Inc. 
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Schematic of Q-TOF micro ion optics used in this research.  After exiting the UPLC, ions 

are formed in the ESI source and guided by the RF lens to the ion guide or selector 

(quadrupole analyzer) connected by a hexapole collision cell to a mass analyzer (TOF) 

and MCP detector.   
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Figure 1.15……………………………………………………………………….. 51 

Interrogation of a single chromatographic peak by CID MS/MS on subsequent injections 

of an Arabidopsis seedling extract using collision voltages of (A) 0 eV (B) 10 eV (C) 15 

eV (D) 30 eV. 

 

Figure 1.16……………………………………………………………………….. 63 

Normalization to (A) constant sum or (B) tissue dry weight.  Bioreplicates are 

represented by individual bars (N = 5).  Arabidopsis seedling root control (RC) tissue 

extracts are in black, hypoxia-treated root extracts (RH) are in grey.  Shown is the 

aliphatic region of NMR spectrum occupied by organic and amino acid β and γ proton 

resonances using integrals for targeted quantitative analysis. 

 

Figure 1.17……………………………………………………………………….. 74 

Output from MapMan can express each transcript as a different box.  Boxes are arranged 

according to pathways, with each box representing an individual gene.  Blue indicates the 

transcript level decreases, yellow indicates the transcript level increases, white indicates 

no change in transcript level in response to biological treatment or no transcript detected.  

A color bar with corresponding log2 fold change is at upper right. 
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A functional block diagram of metabolism in a eukaryotic cell.  Although metabolic 

details are omitted, the diagram emphasizes the small number of connections between the 

blocks. 

 

Figure 2.1…………………………………………………………………………. 113  

A single pool of five-week-old Arabidopsis rosette leaves was used for optimization of 

storage conditions, extraction solvents, and refinement (clean-up) steps.  The effect of 

lyophilization was compared against wet tissue.  Wet tissue was stored at -20 
o
C or -80 

o
C to evaluate the effect of storage on 

1
H NMR metabolome.  Primary extraction solvents 

included acidified D2O, D2O/CD3CN (50/50), D2O/CD3OD (75/25), and 

D2O/CD3OD/CDCl3 (1/2.5/1).  Secondary sample clean-up steps included secondary 

extraction with CDCl3, silica gel, or a simple dehydration and reconstitution in D2O 

buffer.  This last step can be followed with addition/removal of CDCl3 for additional lipid 

removal in increasingly complex mixtures. 
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Stability of succinate and pyruvate in aqueous reconstitution buffer at low or neutral pH.  

No appreciable loss of signal intensity was noted for either metabolite over the 

observation period.  Relative standard deviation (RSD) of replicate measurements (N=3) 

is shown below each condition of the legend. 
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Figure 2.3…………………………………………………………………………. 123 

Stability of N. crassa extracts at 298.2 K in our extraction solvent (continued previous 

page) [acetate-buffered 1:1 (v/v) acetonitrile-d3:deuterium oxide at pD 5] over a 140 

minute period reveals differences between whole-culture and conidial isolates.  Presented 

are expansions of three regions of our NMR spectra; Aliphatic (1-3 ppm), Carbohydrate 

(3-6 ppm), and Aromatic (6-9 ppm).  Metabolite abbreviations: valine (Val), ethanol 

(EtOH), threonine (Thr), alanine (Ala), arginine (Arg), ornithine (Orn), lysine (Lys), 

glutamate (Glu), glutamine (Gln), pyruvate (Pyr), succinate (Succ), γ-aminobutyric acid 

(GABA), choline (Cho), glucose (Glu), trehalose (Tre), adenosine (Ade), fumarate 

(Fum), tyrosine (Tyr), histindine (His).  Solvent abbreviations: acetonitrile-d2 (ACN), 

water-d (HOD), Spectra are stacked with the earliest recorded time point on top for each 

group.  Because of the greater abundance of metabolites in whole culture samples, one 

spectrum was acquired every 5 min over a period of 140 min.  Signal-to-noise for 

trehalose resonances exceeded 300.  Shown here is one spectrum measured every ten 

min.  For hyphal isolates, less material was presented per sample and therefore each 

spectrum shown here represents signal averaging for 10.5 min over a period of 140 min.  

The factor w in each equation for time (t) represents the time for the sample to defrost 

from -80
o
C and for manual shimming on the sample prior to executing the first 

experiment, typical values for w were 15 min. 
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Schematic of the metabolite extraction strategies compared in this work. The rosette 

leaves of two 10 cm x 10 cm plots of Arabidopsis thaliana (growth stage 6.00) were 

pooled and homogenized under liquid nitrogen to quench intracellular enzymatic activity. 

Each analytical replicate was derived from 100 mg of either wet (2-9) or lyophilized 

tissue (1), homogenized by micropestle directly in a microcentrifuge tube in the presence 

of 700 µL of the extraction solvent indicated containing 100 µM TMSP-d4. Extracts were 

clarified by centrifugation, after which 650 µL of supernatant was analyzed by 
1
H NMR 

for strategies 1-7. In the strategies labeled 8 and 9, the primary extraction solvent was 

evaporated under vacuum and metabolites were reconstituted in 700 µL of secondary 

solvent as indicated. After centrifugation, the extract was transferred to either (8) an 

NMR tube for immediate analysis or (9) a new centrifuge tube. A tertiary refinement step 

was added to strategy 9, where a liquid-liquid extraction was performed by addition, 

agitation and removal of CDCl3 prior to centrifugation, transfer to an NMR tube, and 

analysis. 
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Effect of initial tissue state: lyophilized tissue (a,c) is compared with wet tissue (b,d) 

when extracted under constant conditions. 
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Figure 2.6………………………………………………………………………... 129 
1
H NMR spectra of primary extracts in 50/50 CD3CN/D2O obtained using (a) neutral or 

(b) low pH solvents. An expansion reveals (c) neutral pD improves resolution of Gln and 

Glu, whereas (f) low pD improves resolution of glycolytic end-product pyruvate (d, g) 

and TCA cycle intermediate succinate (e, h). 
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Comparison of 50/50 CD3CN/D2O (a,g), buffered D2O (b,g), or perchloric acid in D2O 

(c,i) as extraction solvents for 
1
H NMR metabonomics of mature A. thaliana leaf tissue. 

Spectra of a sucrose standard spiked into the corresponding extraction buffer (d, f, h) are 

presented for comparison. 
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Stability of sucrose in (a) acetonitrile-buffered D2O and (b) perchloric acid.  (c) Over a 

duration as brief as 30 min, acid-catalyzed cleavage of sucrose (�) and corresponding 

production of monosaccharides glucose (�) and fructose (�) can be clearly observed 

and quantified with one-dimensional 
1
H NMR. 
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Comparison of mixed solvent systems (a,d) CD3OD/D2O, (b,e) CD3CN/D2O, and (c,f) 

CD3OD/D2O/CDCl3 for extraction of metabolites from leaves of mature A. thaliana 
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1
H NMR spectra of primary extracts resulting from a biphasic solvent system containing 

CD3OD, D2O, and CDCl3. Although these spectra are from analytical replicates of a 

single A. thaliana rosette tissue sample, the extracts do not have a uniform composition 

demonstrated by the different intensities of the resonances at 2.69 and 2.70 ppm. 
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1
H NMR spectra of refined extracts resulting from (a,d) 50/50 CD3CN/D2O extraction 

was performed at low pD and compared to (b,e) drying of the primary extract under 

vacuum with reconstitution in D2O, and (c,f) liquid-liquid extraction with CDCl3 

following drying and reconstitution in buffered D2O. 
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Principal Components Analysis (PCA) scores plot of selected 
1
H NMR spectra recorded 

in this study reveals unsupervised classification of samples according to the nature of the 

solvent in which the NMR spectrum was acquired. Each NMR spectrum is represented as 

a single point in principal component space.  
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Figure 2.13………………………………………………………………………… 147 

Loadings plot corresponding to clusters observed in scores (Figure 2.12).  It can be seen 

that regions of high variability such as 1.3 ppm and 3.1 ppm are responsible for 

segregating samples.  Regions that distinguish samples according to extraction solvent 

occupy the same integral regions as glutamine (α, 3.79 ppm; β, 2.13 ppm; δ, 2.7 ppm) 

and citrate (2.71 ppm) as well as fumaric acid (6.55 ppm).  

 

Figure 2.14………………………………………………………………………… 148 

An explained variance plot corresponding to the scores (Figure 2.12) and loadings 

(Figure 2.13) plots presented for the storage/extraction comparison dataset.  The first 

principal component explains 50.6% of the variance.  Two principal components are 

sufficient to explain 66.8% of the variance. 

 

Figure 3.1………………………………………………………………………….. 161 

Metabolites and pathways that can be probed by 
1
H NMR-based metabolic profiling.  

Pathways are highlighted to emphasize the predominant cycles, sources, and sinks. 

 

Figure 3.2………………………………………………………………………….. 164 

Experimental design to study the effect of hypoxia stress on seedlings of the model plant 

Arabiodopsis thaliana using a combined mRNA and metabolite profiling approach.   

 

Figure 3.3………………………………………………………………………….. 167 

Anaerobic glycolysis provides NAD
+
 via coupling with malate dehydrogenase or 

activation of lactate dehydrogenase. In plants, the decreased cytosolic pH following 

anoxia is correlated with increased pyruvate decarboxylase activity, catalyzing the 

conversion of pyruvate to acetaldehyde, which is consumed by alcohol dehydrogenase to 

produce ethanol and simultaneously regenerate NAD
+
. 
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1
H NMR spectra of direct tissue extracts.  Resonances of sugars, organic and amino acids 

appear highly overlapped.  Two hour control (2NS) and 2 hour hypoxia (2HS) stress are 

distinct from 9 hour control (9NS), 9 hour stress (9HS), and 9 hour stress after 1 hour 

recovery (1R). 
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PCA of 
1
H NMR spectra (binned into 427 variables) of 19 plant extracts is reduced to a 

two-dimensional scores plot, revealing the variables responsible for clustering of samples 

according to duration of oxygen deprivation stress treatment. 

 

Figure 3.6………………………………………………………………………….. 186 

PCA of 
1
H NMR spectra (binned into 427 variables) of 19 plant extracts is reduced to a 

two-dimensional loadings plot revealing integral regions varying significantly.  

Directionality indicates covarying resonances. 
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Figure 3.7………………………………………………………………………….. 187 

Plotting eigenvalue on the y-axis and eigenvector on the x-axis gives an explained 

variance plot.  Our scores and loadings plots account for 67.4% of the variance in the 

original dataset. 

 

Figure 3.8………………………………………………………………………….. 188 

The PCA model was cross-validated by recalculating PCs utilizing only 12 variables, 

those which had been indicated by the loadings plot to explain the variance in the dataset.  

This is to check for false positives. 

 

Figure 3.9……………………………………………………………………...…... 189 

The PCA model was cross-validated by recalculating PCs excluding 12 variables, namely 

those indicated by the loadings plot to explain the variance in the dataset.  This is to 

check for false negatives. 

 

Figure 3.10 ………………………………………………………………………... 192 

Average relative metabolite abundance in extracts representing Arabidopsis seedlings 

(N=3-4) for hypoxia controls and treatments.  Two hour control and stress (2NS, 2HS) 

are compared with nine hour control and stress (9NS, 9HS)  and nine hour stress followed 

by one hour recovery (9+1).  Standard deviations among bioreplicates are shown as y-

error bars.  Significant differences are clear in lactate and succinate.  Ala is shown on a 

different scale due to its abundance, which would have dwarfed all other observations. 
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Metabolic adjustments under oxygen deprivation.  Metabolites, enzymes, and 

intermediates are shown.  The primary rate-limiting step of glycolytic flux occurs at 

PPDK, the process generates one molecule of ATP.  Pyruvate undergoes fermentation via 

LDH to lactate, transamination to become alanine, dehydrogenated yielding acetyl-CoA 

which can enter the TCA cycle, or decarboxylated to acetaldehyde and dehydrogenated 

via ADH to ethanol, regenerating NAD
+
 for reentry into glycolysis.  The oxoglutarate 

dehydrogenase and succinate dehydrogenase are highly favored processes for ATP 

generation, leading to production of succinate.  NAD
+
 may be regenerated via malate 

dehydrogenase or malic enzyme.  Glutamic acid dehydrogenase can consume excess 

cellular protons, forming GABA, which may be a key substrate along with alanine for 

maintaining a balance between carbon and nitrogen metabolism. 
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MapMan outputs with normalized relative transcript abundance shown as a signal-log2-

ratio (SLR) to scale for dramatic changes in abundance.  A SLR of +2, corresponding to a 

4-fold induction, is shown in blue while a SLR of -2, corresponding to a 4-fold decrease 

is a yellow shade. 

Panel (a) shows 2HS/2NS whole seedling total mRNA while panel (b) shows 2HS/2NS 

whole seedling immunuopurified (IP) mRNA (see Figure 3.2) illustrating the strong 

induction of transcripts encoding proteins associated with fermentative pathways. 
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MapMan outputs with normalized relative transcript abundance shown as a signal-log2-

ratio (SLR) to scale for dramatic changes in abundance.  A SLR of +2, corresponding to a 

4-fold induction, is shown in blue while a SLR of -2, corresponding to a 4-fold decrease 

is a yellow shade. 

Panel (a) shows 9HS/9NS whole seedling total mRNA while panel (b) shows 9HS/9NS 

whole seedling immunuopurified (IP) mRNA (see Figure 3.2) illustrating the strong 

induction of fermentative pathways, including catabolism of specific aliphatic and 

aromatic amino acids.  The dramatic coverage of yellow indicates translational repression 

across a range of processes, with induction of specific pathways. 
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Scores plot resulting from PCA using a covariance matrix.  Inputs to the model were 

NMR spectra binned to 0.02 ppm bin widths, excluding regions occupied by solvents and 

carbohydrate constituents of growth medium.  Open symbols are control conditions and 

closed symbols show the effect of 2 h of argon treatment on roots (circles) and shoots 

(triangles). 
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Loadings plot indicates variables that contribute to the segregation observed in the scores 

plot in the comparison of the root and shoot metabolome. 

 

Figure 4.3……………………………………………………………………….…. 235 

Explained variance plot demonstrating that a single component accounts for 73.4% of the 

variance in the dataset, while the first two components together explain 84.1% of the 

variance. 

 

Figure 4.4………………………………………………………………………..… 236 

Scores plot resulting from PCA using a covariance matrix for roots under hypoxia stress 

and control conditions.  Inputs to the model were NMR spectra binned to 0.02 ppm bin 

widths, excluding regions occupied by solvents and constituents of growth medium.  

Open symbols are control conditions and closed symbols show the effect of 2 h of Ar 

treatment on roots (circles). 
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Loadings plot indicates the variables that contribute most to the segregation observed in 

the scores plot for roots under hypoxia stress and control conditions.  PC1 represents 

mostly the biological variance whereas the treatments are distinguished along PC2. 
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Explained variance plot demonstrating that a single component accounts for 37.1% of the 

variance in the roots only dataset, while the first two components together explain 61.2% 

of the variance. 
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Figure 4.7……………………………………………………………………….…. 239 

Scores plot resulting from PCA using a covariance matrix for shoots under stress and 

control conditions.  Inputs to the model were NMR spectra binned to 0.02 ppm bin 

widths, excluding regions occupied by solvents and constituents of growth medium.  

Open symbols are control conditions and closed symbols show the effect of 2 h of Ar 

treatment (hypoxia stress) on shoots (triangles). 

 

Figure 4.8……………………………………………………………………….…. 240 

Loadings plot indicates variables that contribute to the segregation observed in the scores 

plot for shoots under hypoxia stress and control conditions.  PC1 and 2 together represent 

the difference between treatments. 
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Explained variance plot demonstrating that a single component accounts for 68.6% of the 

variance in the shoots dataset, while the first two components together explain 88.4% of 

the variance. 
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Average relative metabolite abundance in extracts representing Arabidopsis seedlings 

(N=10) for controls (C) and hypoxia treatments (H).  Root control and hypoxia stress 

(RC, RH) are compared with shoot control and hypoxia stress (SC, SH).  Standard 

deviations among bioreplicates are shown as y-error bars.  Significant differences 

between hypoxia and control are clear in Ala, while significant differences between 

organs are clear in Asn.   
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NMR spectra of samples representing each treatment (intensity x 2).  Expanded to 

facilitate discussion of nitrogen metabolism and amino acid metabolic processes.  Shoots 

under control (A) and low oxygen stress (B) are distinct from roots under control (C) and 

hypoxic conditions (D). 
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Utilization of substrates for ATP generation in aerobic and anaerobic conditions involves 

carbohydrate flux through glycolysis and generation of substrates for maintaining redox 

balance for mitochondrial electron transport via the TCA cycle.  Fermentatative pathways 

terminating in Ala, lactate, acetate, formate, or ethanol are common responses to oxygen 

deprivation in Eukaryotes. 
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Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling 

cell-types.  Reactions catalyzed by the reactions in glycolysis are shown where an 

adenylate is a necessary cofactor.  In these heatmaps, yellow indicates that the transcript 

is not present (or present at low or nondetectable levels) and red indicates transcript is 

present.  For each transcript, the control condition is shown in the left panel and the 2 h 

hypoxia-stressed condition is shown at right. 

 

Figure 4.14 …………………………………………………………………..…… 253 

Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling 

cell-types.  Reactions catalyzed by the reactions in the TCA cycle are shown, additionally 

steps where an adenylate is a necessary cofactor are indicated.  Yellow indicates that the 

transcript is not present (or present at low or nondetectable levels) and red indicates 

transcript is present.  For each transcript, the control condition is shown in the left panel 

and the 2 h hypoxia-stressed condition is shown at right. 
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NMR spectra of extracts (intensity x 1) representing seedlings (A, B, D, E) and growth 

medium (C).  This expansion provides a basis for discussion of carbohydrate metabolic 

processes.  Shoots under control (A) and low oxygen stress (B) are distinct from roots 

under control (D) and hypoxic conditions (E).  The predominant sugar in tissue extracts is 

glucose, followed by fructose whereas the medium contains a large excess of sucrose and 

trace amounts of other sugars. 
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NMR spectra of samples representing each biological treatment (intensity x 5) expanded 

to facilitate discussion of tricarboxylic acid cycle (TCA) intermediates.  Shoot (A) and 

root (B) control tissue extracts provide scant information on TCA cycle due to severe 

overlap in the region occupied by methylene protons.  Citrate (C), isocitrate (D), 2-

oxoglutarate (E), succinate (F), and pyruvate (I) occupy this crowded region.  Resonances 

of fumarate (G) and malate (H) are also not observable in Arabidopsis tissue extracts. 

 

Figure 4.17………………………………………………………………………… 262 

Metabolic pathways involved in nitrogen metabolism.  Pathways of nitrogen assimilation 

and the GABA shunt are highlighted as they relate to the TCA cycle and glycolysis.  Our 

metabolite observations together with transcription profiling indicated that the 

fermentation pathways, transamination and dehydrogenases. Succinate semialdehyde 

(SSADH), 2-oxyglutarate (GDH), and glutamate (GAD) dehydrogenases are all involved 

in the generation of the metabolic coupling intermediate NADH and the energy storage 

and transport molecule ATP. 
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Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling 

cell-types.  Reactions catalyzed by the reactions in the nitrogen assimilation pathway are 

shown.  Yellow indicates that the transcript is not present (or present at low or 

nondetectable levels) and red indicates transcript is present.  For each transcript, the 

control condition is shown in the left panel and the hypoxia-stressed condition is shown 

at right. 
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NMR spectra of samples representing each treatment.  Expanded to facilitate discussion 

of aromatic amino acids and secondary metabolites.  Shoots under control (A) and low 

oxygen stress (B) are distinct from roots under control (C) and hypoxic conditions (D). 

 

Figure 5.1………………………………………………………………………….. 286 

General skeleton of a flavonol, which generates resonances by magnetically equivalent 

first-order coupled protons at the 2’,6’ and 3’,5’ positions.  The C8 and C6 positions also 

contribute resonances to the aromatic reigon, but are more upfield.  The ring enclosed by 

C5-10 is called the A ring.  The heterocyclic ring enclosed by C2-4 is called the C ring.  

The ring enclosed by C1’-6’ is called the B ring.  Numbering for cinnamic acid skeletons 

is shown also 
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HSQC (hsqcetgpsi2) spectrum of SPE-enriched ~1.8 g DW Arabidopsis thaliana (Col-0) 

seedling (7 d-old) tissue shown in black/red.  The HSQC of K37R is overlaid in blue with 

its assigned resonances labeled.  The HSQC spectra were acquired with a 1000 µs 

dephasing gradient to spoil first-order coherence and a J[H-C] is set to 158 Hz.   

 

 

Figure 5.3 …………………………………………………………………………. 301 

HMBC (hmbcgplpndqf) spectrum shown in black and HSQC spectrum shown in green 

yield complementary information. The HMBC experiment was optimized for visualizing 

long-range coupling while suppressing one-bond correlations.  The HSQC spectrum of 

K37R standard is overlaid for comparison in pink. 
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LC chromatogram of superextract wherein UV absorbance at 254 nm triggered 

automated peak trapping of plant natural products. Numbers of the sampled peaks are 

assigned here with retention time in min listed below each peak number. 
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On-flow pseudo-2D spectrum in (lc2wetdc) using WET solvent suppression of HOD and 

ACN-d2 resonances via shaped pulses with 
13

C decoupling. 

 

 



 xxx

Figure 5.6………………………………………………………………………….. 305 
1
H NMR spectrum (wetdc) using WET solvent suppression and 

13
C decoupling of a 

natural product isolated from 7-d-old seedlings of Arabidopsis thaliana.  Chemical shifts 

listed above resonances have been reported referenced to acetonitrile-d2 in water.  This 

NMR spectrum corresponds to peak 13 in the chromatogram shown in Figure 5.3 which 

elutes at 54.84 min.  Assignments correspond with numbering scheme in Figure 5.6. 
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Structure of kaempferol-3,7-O-dirhamnoside, K37R, common name Kaempferitrin and 

exact mass of molecular ion predicted by ACD/Labs.  Fragmentation patterns are labeled.  

Initial loss of the glycone at the C3 position leaving the charge on the singly substituted 

flavonol glycoside (Y0) is followed by a loss of the glycone at the C7 position, leaving 

the charge on the aglycone (Y1).  Loss of a terminal rhamnose is recognizable by mass 

difference of 147 Da.  Numbering of the glycones is shown, extending the numbering 

scheme to include double and triple prime sites.  The protons on C6’’ and C6’’’ are 

characteristic of rhamnose substituents. 
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MS/MS Fragmentation pattern of UPLC fraction corresponding to peak 13, putatively 

assigned via HPLC-NMR to the identity K37R, under zero (D), ten (C), fifteen (B) and 

thirty (A) electron-Volts (eV) of acceleration voltage.  In source fragmentation is 

sufficient to observe loss of the C3 O-linked rhamnose (Y0).  As greater collision energy 

is applied, the molecular ion ([M-H]
-
) is no longer the dominant peak.  The aglycone (Y1) 

is observed via loss of the C7 O-linked rhamnose.  Loss of 147 Da is observed indicating 

terminal rhamnose groups. 
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1
H NMR spectra of metabolites recorded using automated LC-NMR peak selection using 

absorbance at 254 nm. 
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Aromatic region of 
1
H NMR spectra recorded on Arabidopsis extracts enriched by solid-

phase extraction by discovery polyamide (DPA 6S), crosslinked polystyrene (ENV+), 

hydrophilic-lipophilic balanced copolymer (HLB), and monofunctional C18 (MFC18) 

showing selectivity for different components based on differences in structure.  Sorbent 

structures are presented in Figure 5.11 for comparison.  A non-SPE treated sample is 

presented for comparison (Mock). 
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Solid-phase extraction (SPE) sorbent polymeric structures.  A portion of each is shown 

for comparison of structural similarities and differences.   
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Arabidopsis seedling extract (A) without SPE-enrichment is compared with the 1D 
1
H 

NMR spectral quality obtained when using HLB for secondary metabolite enrichment 

(B).  Optimization of elution conditions: 100% MeOH (C), 80% MeOH (D), 50% MeOH 

(E), 20% MeOH (F), and 0% MeOH in H2O (G) indicated that a strong solvent is 

necessary to elute the metabolites of interest from the cartridge.  Regions occupied by 

resonances of Arabidopsis secondary metabolites kaempferol (K), quercetin (Q), 

isorhamnetin (I), and sinapate (S) are indicated, although chemical shifts will vary 

slightly depending on substitution patterns.  
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Chapter One 

Introduction to Metabolic Profiling 

Contains excerpts from Metabolic Profiling; Kayla A. Kaiser, Christiana E. Merrywell, 
Fang Fang, and Cynthia K. Larive in NMR Spectroscopy in Pharmaceutical Analysis; 
Ulrike Holzgrabe, Iwona Wawer, and Bernd Diehl, Eds.; Elsevier: San Diego, CA, 2008; 
pp. 233-268.  Spectra presented in Figure 1.1 are unpublished data (A) and from (B) “Use 
of ¹H NMR to measure intracellular metabolite levels during growth and asexual 
sporulation in Neurospora crassa”, James D. Kim, Kayla A. Kaiser, Cynthia K. Larive, 
and Katherine Borkovich, Eukaryotic Cell, Volume 10, Number 6, Pages 820-831, 2011, 
(C) “A comparison of metabolite extraction strategies for 1H NMR-based metabolic 
profiling using mature leaf tissue from the model plant Arabidopsis thaliana”, Kayla A. 
Kaiser, Gregory A. Barding, Jr. and Cynthia K. Larive, Magnetic Resonance in 
Chemistry, Volume 47, Issue S1, Pages S147-S156, 2009, and (D) “Differential 
Metabolic Regulation Governed by the Rice SUB1A Gene during Submergence Stress 
and Identification of Alanylglycine by 1H NMR Spectroscopy”, Gregory A. Barding, 
Takeshi Fukao, Szabolcs Béni, Julia Bailey-Serres, and Cynthia K.Larive, Journal of 
Proteome Research, Electronic publication available Nov 11 2011. 
 

The research presented in this dissertation addresses current issues in the analysis 

of plant metabolism.  The post-genomic era is densely populated with databases reporting 

the results of “-omic” studies, aiming to measure the complement of a particular type of 

biomolecule within a cell, tissue, organ or organism.  Accordingly, metabolomics is the 

attempt to identify and quantify all endogenous small molecule metabolites in an 

organism or biofluid sample.  In this work, metabolomic approaches as well as more 

targeted metabolic profiling were applied to study an “-omic” model system, the 

flowering plant (Angiosperm) Arabidopsis thaliana.  The fundamental question: 

Analytically, can we acquire representative metabolite data that is biologically relevant 

and informative?  Vascular plants have evolved over the past 160 million years and 

contain genetic programming that can be tapped with the latest advances in molecular 

biology. These include high-throughput transcriptome analyses of temporally and 



 2 

spatially regulated genes that are nearly 10 years ahead of metabolomics in terms of 

standardization and publicly-available resources.  We aimed to provide information 

regarding cellular processes through the identification and quantitation of small 

molecules (< 800 Da) present within a whole plant or organ. In this manner, our goal was 

to perform comparative studies to reveal dynamic changes in the metabolome in response 

to environmental perturbation.   These methods are applicable to studies of plants with 

different genetic makeup (i.e. ecotypes or mutants) as well as different plants or other 

organisms. 

The instrumentation at our disposal for small molecule analysis is high-resolution 

nuclear magnetic resonance (NMR) spectroscopy.  NMR spectroscopy has been shown to 

illuminate the identity and quantity of chemical nuclei present in a homogeneous liquid 

sample, such as an extract of either fresh or dried plant material.1  An alternative 

approach, particularly useful when it becomes impractical to study mixtures at the 

working concentrations necessitated by NMR, is to separate components of the complex 

mixture by chromatography with detection by mass spectrometry (MS), a more sensitive 

analytical technique.  Although MS can inform structural hypotheses, gas-phase ions are 

distinctly different than solvated endogenous metabolites extracted from intracellular 

compartments of plant cells, and molecular identity is not always readily established.  MS 

also suffers from difficulties in establishing quantity, since instrument drift and fouling 

are common over the course of a large-scale metabolomics experiment.  In studies of 

targeted metabolites, such problems are overcome by synthesis of a labeled internal 

standard, which becomes impractical when the goal of the experiment is to quantify as 



 3 

many endogenous molecules as possible in a given sample.  Approaches that grow the 

organism under study on isotopically labeled media, or in the presence of a labeled 

biosynthetic precursor to one specific pathway are gathering momentum but as with other 

“omic” studies systems biology experiments can be as expensive as $1000 per sample.  

One approach employed dual labeling using Trp2H5 and Trp13C11
15N2 in WT and a T-

DNA activation-tagged line affecting a MYB-domain transcription factor responsible for 

regulating anthocyanin biosynthesis.2  Excised leaves of 8 wk old Arabidopsis were 

immersed in a solution containing the isotope for 24 h in the light to ascertain relative 

quantitation of a number of metabolites in secondary pathways, yielding an average 

relative standard deviation (RSD) of 25% (4 – 45%). 

The goal of this dissertation is to consider both analytical best practices in method 

development prior to conducting a large metabolomic experiment, then to dig deeply 

enough into the data to contribute to the knowledge of the biological community, which 

was accomplished through the following objectives: 

 

Objective 1: Establish by comparative metabolomics a protocol for tissue preparation, 

with high reproducibility and robustness, yielding stable solutions for analysis by 1H 

NMR (Chapter 2). 

 

Objective 2: Demonstrate using a severe biological perturbation (hypoxia to anoxia) that 

transcriptomic, translatomic and metabolomic data can be integrated for identification of 

reconfigured biological processes for survival of cellular energy crisis (Chapter 3). 
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Objective 3: Observe unique responses of aerial (shoots) and subterranean (roots) organs 

to ephemeral stress (hypoxia) by alleviating spectral crowding via pH adjustment and 

observing conditions for qNMR to improve experimental outcomes (Chapter 4). 

 

Objective 4: Identify compounds for which standards are unavailable by chromatographic 

resolution of individual molecules and structural elucidation by 1H NMR and MS/MS 

(Chapter 5). 

 

Objective 5: Compare secondary metabolite profiles following severe perturbation 

(anoxia) using UPLC-MS and XCMS software for data post-processing (Chapter 6). 

 

 The first part of this introductory chapter presents an overview of metabolic 

profiling, discusses challenges, and presents the state-of-the-art in this emerging field.  

This is followed by a discussion of the motivation for working in plants and studying the 

problem of low oxygen (hypoxia/anoxia) stress and its metabolic consequences.  

Predominantly NMR was used in this work (Chapters 2-5), therefore the majority of the 

discussion in this chapter will focus on issues related to NMR-based metabolic profiling.  

Minor consideration will be given to MS since it was employed for comparison (Chapters 

5-6). 
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1.1   Metabolic Profiling: Methods & Approaches 

Metabolic profiling lies at the intersection of analytical chemistry and biological 

investigations. It has proven to be a useful approach for annotating genes of unknown 

function,3, 4 unraveling the effects of metabolic engineering to facilitate network 

discovery,5, 6 to arrive at a better understanding of plant physiology,7, 8 for natural product 

discovery,9, 10 chemical ecology,11, 12 and taxonomic classification of plants.13 

In this dissertation, existing metabolomic methodologies were adapted to 

specifically address questions of interest in survival of low oxygen (hypoxia/anoxia) 

stress using the model plant Arabidopsis thaliana.  Living systems aim to maintain 

homeostasis during periods of stress.  Applying a widely targeted approach, we hoped to 

observe significant metabolic changes in pathways that had not been previously 

reported.14  This chapter will serve to articulate challenges in metabolic profiling, 

describing in detail analytical challenges, instrumental considerations, and post-

acquisition processing considerations, critical to consider if one wants to acquire a 

meaningful dataset.  Next, this chapter will articulate the ways and means by which 

“straw is spun into gold” whereby cleaned matrices of data are subjected to classification 

and interpretation for biological relevance.  Finally, this chapter will provide a foundation 

and motivation for the study of plants under low oxygen conditions. 

 

1.1.1  Definition of Metabolic Profiling 

Metabolic profiling involves the identification and quantification of specific 

endogenous metabolites.  A single metabolic profile can be thought of as a snapshot of 
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the metabolic state of an organism at a given moment.  Comparison of metabolite profiles 

can reveal distinguishing features between distinct genotypes and differences between 

stressed and control plants.  Metabolic profiling often focuses on single classes of 

compounds (such as polar lipids, isoprenoids, carbohydrates, amino acids) or members of 

a particular metabolic pathway (glycolysis, trichloroacetic acid (TCA), branched-chain 

amino acid biosynthesis, urea cycle).  Because of its quantitative and selective nature, 

metabolic profiling is most useful for hypothesis testing.  For example, a metabolically 

engineered petunia was found to produce more phenylpropanoids, compounds that give 

rise to floral color and fragrance.15  These traits lend an advantage for plant fitness (i.e. 

transfer of genes to subsequent generations through production of seed) because they 

enhance plant-pollinator interactions.      

A related field is metabolomics, sometimes called metabonomics.16  Although 

some authors attempt to distinguish between these terms, they are used interchangeably 

in this dissertation to describe the identification and relative quantification of all 

endogenous metabolites present in an organism or biofluid sample.  Metabolomic 

investigations are particularly useful when the effect of a genetic transformation,5, 17 

disease state,18 biotic or abiotic environmental stimulus,18, 19 or administration of a small 

molecule20, 21 is unknown or affects multiple biochemical pathways.  The goal of 

metabolomic investigations is typically a general understanding of the organism’s 

response to a perturbation. Therefore these experiments typically do not focus on a 

specific pathway or metabolite class.  Metabolomic data is sometimes merely qualitative, 

in these cases it is termed metabolic fingerprinting, and the dataset is used for the 
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unsupervised classification of samples or the generation of predictive models to describe 

the difference between several states of an organism.22  Metabolic fingerprints of several 

organisms are presented in Figure 1.1.  

Metabolomics and metabolic profiling are still undergoing standardization in 

methodology and data handling.  Recommendations have been made for minimum 

criteria to accept measurements23 and reporting of associated metadata.24  The current 

state of the art will be summarized here as it pertains to the works included in this 

dissertation.  Methods and approaches will be explored with respect to experimental 

outcomes.   

 

1.1.2   Goals of Metabolic Profiling Experiments 

Quantitative experiments can be carried out in two distinct modes: absolute and 

relative.  An experiment aimed at absolute quantitation is considerably more challenging, 

owing to the fact that for most techniques, analytes with equal concentrations give 

different detector responses.  This is not the case for NMR, where the signal is directly 

proportional to the number of nuclei giving rise to a resonance, assuming the data has 

been acquired with appropriate care. This makes NMR an excellent tool for quantitative 

comparisons of metabolite levels.   
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Figure 1.1.  Metabolic profiling by 1D 1H NMR spectroscopy records snapshots of molecular phenotype 
allowing identification and relative quantification of resonances generated by abundant metabolites in 
human urine (A) and tissue extracts of Neurospora crassa (B), Arabidopsis thaliana (C), and Oryza sativa 
(D).   
 

More commonly, the objective of metabolic profiling experiments is the 

discovery of one, or more, measured variables whose values can be used to distinguish  
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between two populations, classically deemed “case” and “control.”  This experimental 

design fits the binary class discrimination type, which has been employed in mainstream 

biology and medicine for many years.25  In this type of analysis absolute quantitation is 

not required and the signals in each case can be reported relative to the signals in each 

control either as a difference (case – control) or as a ratio (case/control) as long as the 

two datasets are acquired under identical conditions.26  The approach of reporting 

metabolite fold changes has also been used in conjunction with liquid chromatography 

with electrospray ionization coupled to a quadrupole time-of-flight mass spectrometer 

(LC/ESI-QTOF-MS) in the characterization of secondary metabolites in seed extracts.27 

 

1.1.3 Metabolic Profiling: Past and Present 

 An engaging history of the word metabolism is afforded by Bing28 elsewhere, 

some of which will be presented here.  The father of the study of metabolism is generally 

recognized as the Italian physician and physiologist Sanctorius.  His studies were 

published in 1712, which describe an experiment performed on himself.  He sat on a 

chair mounted to a large balance after eating a meal, waited several hours, then 

determined that his weight became gradually lighter.  He conducted many more 

experiments, but his study of metabolism was limited to “balance experiments.”  These 

were based solely on mass change, but his work lead to more thought about the constant 

flux of living organisms. 

 A famous paper by Schwann, a German physiologist, was the first to propose that 

all organisms are composed of cells.  It was published in 1839, using the word 
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metabolische to describe the fluctuating nature of the molecules constituting a cell.  A 

German chemist, Liebig, was the first to use the word metabolism in 1842.   The 

publication of a textbook by Foster in 1878 solidified the use of the word metabolism as 

the study of chemical change in cells. 

 The specific study of amino acid fluctuations was published in 1913 using a 

variety of titrations for quantitation.29 The Nobel Prize in Medicine was awarded in 1922 

to Meyerhof for identifying the relationship between the consumption of oxygen and the 

metabolism of lactic acid in muscle tissue.  In 1925, Meyerhof continued his studies of 

metabolism, constructing pathways for glycolysis.  The Nobel Prize in Medicine in 1953 

was awarded to Krebs for his elucidation of the TCA cycle.  For a comprehensive 

summary of Krebs’ contributions to the field of metabolism, the reader is directed 

elsewhere.30  

Metabolic profiling was carried out as early as 1969 by MS31 and issues relating 

to analysis of biofluids by NMR32 were reported in 1978 leading to studies of intact cell 

metabolism33 by 1984.  Work by Vandergreef, Tanaka, and Nicholson in the 1980s using 

soft-ionization MS, gas chromatography (GC) mass spectrometry, and NMR, 

respectively, may have been the birth of metabolomics.  A metabolic control theory was 

published in 1985, wherein Derr defined the metabolome as the metabolic composition of 

a cell.  Several areas of study ending in “omics” were born out of the human genome 

project, conducted between the years 1989 and 2003.  These include genomics, 

proteomics, transcriptomics, and metabolomics.34   
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A useful discussion of the merits and drawbacks to the primary analytical 

platforms for metabolic profiling (NMR and MS) is provided by Robertson,16 who states 

in conclusion  

“most groups who are seriously pursuing metabonomics [sic] are currently 

or soon will be using both platforms.”   

A review of recent literature and our direct experience shows this statement to be true.35, 

36  Although some purveyors of metabolic profiling champion either NMR or MS as 

superior, and encourage exclusive use of one or the other, these scientists seem to be in 

the minority.  Therefore, consideration of both analytical platforms will be given in this 

dissertation. 

The journal Metabolomics, considered the gold standard for reporting in our field, 

outlined the metabolomics discovery process (pipeline) in 2005 consisting of the 

following stages: experimental design, instrumentation optimization, data gathering, data 

analysis/modeling, and finally model cross-validation.37  In our experience, the robust 

statistical treatment of data, projection of that data onto biochemical pathways, and 

generation of biological conclusions are the ultimate aims and often the most challenging 

aspects of a metabolic profiling experiment.  Each of these steps and their importance in 

determining the quality/integrity of measurements in plant metabolomics will be 

considered in turn.  Alternative workflows are used by others.37-39  One inherent 

challenge in metabolomics is that it is cross-disciplinary; successful studies require 

innovation in handling and analysis of complex mixtures, biochemical sample 

preparation, and interpretation of results by chemometrics and databasing.40 
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Quality is more difficult to quantify in metabolomics experiments due to a 

difference of opinion in what constitutes a “metabolite” versus a “signal” in a large 

dataset, and whether “signal” quantity is equivalent with experimental quality.  A current 

view is that quality metabolomic data is acquired in a form which maximizes the dynamic 

range of the instrumentation (each has inherent limitations) in such a way that provides 

an accurate reflection, when measured at the bulk level, of what is happening at the 

cellular level when a biological event (treatment) occurs.  Challenges to achieving this 

desired outcome are presented in the following section.  This review focuses primarily on 

NMR spectroscopy with minor consideration of LC-MS; these techniques were used in 

subsequent chapters for analytical and biological studies. 

 

1.2  Challenges in Plant Metabolic Profiling 

 Challenges in plant metabolic profiling arise from biological, analytical, and 

technical sources.  In this section, what is known about the dynamic range of metabolite 

concentrations is discussed to lead to the understanding that it is not currently analytically 

possible to carry out metabolomics in a single experiment.  Considerations in sampling 

and number of replicates in experimental design are covered in detail.  Quantitative 

analysis poses a greater number of constraints on the experimental design, and various 

approaches are outlined here as they relate to the original work conducted for this 

dissertation.  Alternative approaches for intact tissue measurements and preparation of 

tissue extracts are discussed briefly, more consideration is given to the latter as the 

subject of Chapter 2. 
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1.2.1  Dynamic Range of Metabolite Measurements 

 Although metabolic pathways are largely conserved across organisms, it is 

difficult to find published values for average in vivo metabolite concentrations even for 

common model biological systems such as Escherichia coli (bacterium), Saccharomyces 

cerevisiae (fungus), Caenorhabditis elegans (invertebrate), Drosophila melanogaster 

(insect), and Rattus norvegicus (vertebrate).  The concentration data reported for 63 

metabolites in Bacillus subtilis,
41 obtained using MS, indicates that the range of 

metabolite abundance spans five orders of magnitude, but the majority of metabolites 

measured (~83%) span only two orders of magnitude.  It has been proposed that plant 

metabolites span seven orders of magnitude,24 from plant hormones present in trace 

amounts to C and N transport compounds such as sucrose and asparagine, respectively, 

that are found at much higher levels.  

Quantitative 1H NMR has demonstrated an achievable dynamic range of greater 

than 300:1, which potentially allows a large number of metabolites to be sampled 

quantitatively by this technique in a single experiment.42  This is demonstrated by Moing 

et al.,43 who report concentrations of 17 metabolites in extracts of Arabidopsis thaliana 

rosette leaves (60 d) over a wide range of concentrations (0.02 – 25.21 mg / g DW).  

Quantitation by NMR was shown to be linear and correlated well with other standard 

methods, including enzymatic assay and high-pressure liquid chromatography (HPLC) 

determinations for selected metabolites.  In a study comparing two stationary phases to 

characterize penicillin fermentation broth extracts using LC-MS, the authors report 
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absolute concentrations of 19 metabolites (in mg/L) via external calibration and standard 

addition,44 where concentrations spanned a similarly wide range (0.2-700 mg/L).  

LC-MS based metabolite profiling revealed a limit of detection between 1 and 10 

µg/L.44  In this technique, the analyte response is dependant on the ionization yield of the 

sample the ESI source and ion saturation of the electron multiplier detector.  Detector 

saturation is independent of the analyte, whereas ionization in the ESI source depends on 

the analyte structure and concentration as well as the sample matrix.  About half of the 

nearly 200 metabolites studied in antibiotic fermentation broths by Preinerstorfer et al.44 

showed a linear range over four orders of magnitude. 

 

1.2.2  Obtaining a Valid, Representative Sample 

Care needs to be taken in deciding what constitutes the sample.  In plant studies, a 

sample may consist of one leaf, many leaves from one plant, a single whole plant, or a 

homogenous pool of leaves from many plants.  Growth media will have a metabolic 

consequence, as well as access to water, temperature, light availability, light cycles or 

humidity.  Natural diurnal and seasonal variations in metabolic profiles have been 

observed across organisms of all kingdoms: bacteria, fungi, plants,45 and animals.46  

These factors can be somewhat controlled by careful experimental design.47  For example 

in plant studies, planting and harvesting at regular time intervals can average out 

variations in the growth environment if the resulting tissues are pooled.48   
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1.2.3   Replicates and Variability 

The term replicate is often used in the literature without indication of what type of 

replicate was conducted in the experiment. A machine replicate means that a single 

identical sample was analyzed multiple times by the same instrument.  For NMR 

experiments, there is little variability (on the order of 1% using a high-purity standard49) 

between machine replicates and for this reason machine replicates are not typically 

measured.  In an interlaboratory comparison of identical urine samples using NMR, 

errors arose from factors such as efficiency of water suppression and it was discovered 

that different acquisition parameters were used.50  When identical acquisition parameters 

were used, the differences fell to 1%.   

For LC-MS experiments precision was determined by repeated measurement of 

standard mixtures at three concentration levels.  Precision was below 10% RSD for a 

majority of metabolites and greater than 10% RSD for between 5-30% of metabolites, 

depending on the solid phase and pH of the mobile phase used for the chromatographic 

separation.  These parameters were determined using a training set of 36 metabolites.44 

An analytical replicate is a single homogenous sample subjected to the complete 

analytical protocol, including the sample preparation procedure.51  In particular, the 

efficiency and reproducibility of extraction must be determined for each set of metabolic 

profiling experiments when evaluating samples that require extraction steps.52  It is 

difficult to estimate the magnitude of variation caused by sample preparation because it 

depends on the protocol, the sample under investigation, and the care taken by the 

experimenter who prepares the sample for analysis. Variation between analytical 
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replicates has been minimized through the use of automated sample handling.49  An 

advantage of NMR analysis of biological fluid samples is that minimal sample 

preparation is required, limiting the error contributed by sample manipulations.   

For LC-MS analysis sample preparation tends to be more involved to protect the 

integrity of the instrumentation and provide reliable results.  A commonly used technique 

for sample cleanup and enrichment of target molecules is solid-phase extraction (SPE).  

For ten commonly used post-harvest fungicides, which were detected in the matrix of 

plant material via SPE enrichment prior to separation and detection by LC-MS, the intra- 

and inter-day RSD ranged between 2-23% (n = 6).53  In another study, enrichment of 

glucosinolates was achieved using SPE in extracts of broccoli seeds54 prior to structural 

characterization by direct-infusion ESI-MS and distortionless enhancement by 

polarization transfer (DEPT) NMR experiments.55 

          Biological replicates are samples derived from separate organisms in which an 

attempt has been made to control all possible sources of biological variability such as 

genotype, age, diet, growth environment and even the phase of an organism’s diurnal 

cycle at the time of sampling. To evaluate the robustness of the metabolic profiling 

experimental design, biological replicates can be split into analytical replicates and 

assayed several times to constitute machine replicates (Figure 1.2).  It is essential that the 

variation between analytical replicates be less than between biological replicates.56  For 

example, Fiehn et al.57 estimated that the analytical variance was ~8% using GC/MS for 

metabolic profiling of plant extracts whereas the biological variance was estimated at 26-
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56%.  As with analytical variability, the biological variability depends on many factors 

and should be established for each experiment.  

 

 

Figure 1.2  Strategy for evaluating the robustness of metabolic profiling methods through the use of 
replicates.  

 

The question of sample size has been addressed rigorously by Dobbin and 

Simon,58, 59 who conclude that there is no “rule of thumb” for how many replicates are 

necessary.  Instead, the authors propose the use of formal calculations based on several 

parameters: the goals of the experiment, whether pooling is employed in the sampling 

procedure, and the relative magnitudes of different sources of variability.  Although their 

calculations are applied to data from microarray experiments, the data from microarrays 
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and metabolic fingerprints is comparable in their degree of complexity and high 

dimensionality.  In plant studies, samples from several plants are often combined to 

average inherent biological variability.60, 61  In one such study, it was found that up to 

30% of the major metabolites varied significantly in tomato fruit from plants grown 

under identical conditions.62  

When devising the analysis sequence, samples should be randomly analyzed to 

avoid any unrelated effects due to systematic instrument changes.  In addition, measures 

should be taken to control analytical performance deterioration.  The use of an internal 

standard helps to compensate for such effects, but metabolomic studies by their nature 

limit the effectiveness of this approach due to the great diversity of analytes measured.  

An alternative to an internal standard is to use a quality control (QC), which is a pool of 

all samples reflecting a global picture of all analytes present in the samples.6, 63, 64  This 

QC sample should be placed in the sequence outlined in Figure 1.3 adapted from van der 

Greef et al.6  QC samples should be injected each 3-5 hours.64  The QC sample can be 

spiked with an internal standard (STD).63 

 

 

Figure 1.3  Standardized analysis design for large-scale metabolomics studies.  Calibration standards 
(STD) in a mixture allow quantification of specific metabolites.  Biological calibration samples (QC) 
correct for intrabatch temporal trends and interbatch differences.  Samples are randomized with respect to 
run order and batch. 
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Multivariate data analysis (post-acquisition) should reveal a tight cluster among 

QC samples to establish absence of systematic bias.  Also included in the analytical 

sequence is a mixture of standards (STD) in the absence of matrix for the purposes of 

ensuring instrument integrity.  Anecdotal evidence suggests the first few injections on an 

LC-MS system do not provide reproducible results.  It is recommended that the first 

batch of samples not be considered, because subsequent injections of the biological 

matrix are required to attain reproducibility.63 

 

1.2.4   Standards for Assessment of Recovery and Quantitation 

 Internal or external standards are used in NMR metabolic profiling experiments to 

provide a chemical shift reference and for purposes of absolute quantitation. Care is 

required in measurements where the goal is quantitation, especially as the resonances of 

most NMR reference standards are due to isolated nuclei with long relaxation times.  In 

theory, any compound can be used as an NMR standard providing it is chemically stable, 

does not interact with sample components and produces a resonance that does not overlap 

with those of the sample.  Because of the complexity of spectra obtained for biological 

samples, the later requirement practically limits the choice of reference compounds. For 

1H NMR experiments sodium trimethlysilyl propionate-d4 (TSP-d4) or sodium 2,2-

dimethyl-2-silapentane-5-sulfonate-d6 (DSS-d6) are common standards since they 

produce a single well-resolved resonance at a frequency well-removed from the signals 

produced by most organic compounds.65-68  Tryptophan, phenylalanine and fumarate 
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were spiked into flower nectar samples for absolute quantitation via 1D NMR using 10 

mg + 0.01 µg of internal standard and the method of standard addition.69, 70 

 When TSP is to be used as a concentration reference, care needs to be taken to 

ensure that atmospheric moisture is not absorbed by the TSP when its mass is initially 

recorded.  One strategy to avoid such accuracy errors is to use commercially available 

TSP in D2O stored in small volume ampules that can be utilized immediately after 

opening.71 TSP has also been shown to adsorb to glass surfaces over time, resulting in 

significant losses in its effective solution concentration.72 

 Adequate coverage of chemical space using a mixture of L-tryptophan, L-

phenylalanine, p-coumaric acid, caffeic acid, sinapic acid, benzoic acid, quercetin, 

kaempferol, rutin, trans-resveratrol, naringenin, chlorogenic acid, trans-cinnamic acid, 

isorhamnetin, ferulic acid and tomatine was useful to monitor the quality of the 

chromatogram and reproducibility of retention times throughout the runs and to aid in 

metabolite identification in strawberry and tomato.73  Absolute quantitation by LC-MS is 

typically achieved using stable isotope-labeled internal standards.74 

 

1.2.5   Intact Tissue Measurements versus Tissue Extracts 

Metabolic profiling studies of specific tissues are often performed using tissue 

extracts rather than whole tissues because extracts provide much of the same information 

as whole tissues, but yield much better resolved NMR spectra than can be obtained by 

high-resolution magic angle spinning (HR-MAS).  By spinning the sample at the magic 

angle (54.7o), spectral broadening due to dipolar interactions and susceptibility 
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differences within the sample are minimized.  So-called magnetic resonance spectroscopy 

(MRS) has been useful in plant75 and mammalian76 biology for intact tissue studies, 

although it was not employed in this work.   

There are many methods available for extracting metabolites from tissues and 

preparing them for NMR analysis, but perchloric acid extractions are among the most 

widely utilized.77, 78  Although most water soluble metabolites are recovered by this 

extraction method, hydrophobic metabolites such as lipids are lost.  In cases where these 

hydrophobic metabolites are of interest, an organic solvent such as chloroform can be 

used to extract the tissue pellet remaining after perchloric acid extraction.  Combining the 

data from these two extraction methods has been shown to represent a more complete 

picture of an organism’s metabolic profile.77  One important disadvantage of perchloric 

acid extraction is that this strong oxidizing acid can react with some metabolites, leading 

to altered and potentially misleading metabolic profiles.  As an alternative, tissues may be 

extracted using an aqueous buffer or a mixed solvent such as water/acetonitrile. As it is 

very difficult to establish quantitative recoveries, most metabolic profiling studies that 

use tissue extracts rely on relative quantitation in comparing sample groups.  An 

optimized sample preparation protocol for NMR-based metabolomics using Arabidopsis 

thaliana
79 is presented in more detail in Chapter 2. 

Intact-tissue MS (Svatoš et al.)80 is an emerging alternative to solvent extraction 

followed by LC-MS.  Arabidopsis leaves, petals and sepals have been examined using 

this method. In the liquid-extraction for surface analysis (LESA) method, solvent 

containing a MALDI matrix and internal standard is spotted onto tissue, which is struck 
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with a laser to generate ions.  Ions are detected by time of flight (TOF) MS.  Ions are 

injected into the mass analyzer with similar kinetic energies and separated in a drift tube 

with lighter singly charged ions (low mass-to-charge ratio, m/z) arriving early and 

heavier singly charged ions arriving later (Figure 1.4), encountering a series of 

transducers prior to image collection by a charged-couple device (CCD).   

Images in time are analogous to extracted ion chromatograms (EIC) in LC-MS 

analysis.  False colors can be applied for visualization.  Mass resolution on the order of 

200-300 ppm and mass accuracy within 0.5 Da has been achieved with this approach.  A 

synthetic organic fluorescent dye (Cy-3) is used to confirm quality of spotting, in tissues 

that are photosynthetic the autofluorescence of chlorophyll is captured to confirm tissue 

is not damaged in sample preparation.  The laser can be rastered across the sample to 

achieve surface coverage and can operate either in focused (high-resolution) or unfocused 

mode (total imaging). 

 

Figure 1.4  Mass spectrometry imaging schemes used in plant metabolic profiling.  (A) MALDI is coupled 
to TOF, images are collected by a CCD.  (B) Each time point recorded is an extracted ion image.  False 
colors are applied for visualization.  Composite images of biological interest are presented. 

 

laser 

drift 
tube 

sample 

ions � e- 

e- 
� hν 

image (CCD) A B 

time 
(TOF) 

m/z (false color) 
 

small   large 



 23 

1.2.6   Protein Precipitation and Quenching of Metabolic Activity 

A common method for removing proteins from tissue extracts is via precipitation 

by an organic solvent such as acetonitrile or methanol.  In metabolic profiling 

experiments, it is important that the protein precipitation process does not cause 

excessive loss of small molecule metabolites.  More studies have been conducted in 

mammalian systems, with some work in worms and fungi.  Comprehensive studies in 

plants are still needed and experiments to evaluate extract stability are recommended for 

any proposed metabolomic study.  Using mammalian serum, loss of metabolites was 

minimized by optimizing the organic solvent to plasma ratio as well as rate of solvent 

addition, with the best results obtained when organic solvent is added slowly over several 

hours to allow the metabolite-plasma protein binding equilibria time to adjust.81
 

Heat treatment (50oC or 90oC for between 2-30 minutes, once or repeatedly) has been 

proposed82, 83 as an alternative to precipitation by organic solvent (acetonitrile or 

methanol) and/or low pH in extracts and biofluids.  When comparing a variety of 

techniques for sample preparation for metabolite profiling of human serum, a Bradford 

assay revealed that acetonitrile-treated serum samples contained 6% residual protein 

while methanol and ethanol reduced residual protein to 2 and 4%, respectively.  Heat 

treatment alone was insufficient for complete precipitation of proteins, inadequately 

quenching metabolic activity, but when combined with methanol, the metabolic profile 

was reproducible and contained the most “features” of all sample preparation techniques 

compared to analysis with nanoLC-ESI-MS in positive mode. 
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1.3    Data Acquisition  

Once the sample has been prepared for analysis, consideration must be paid as to 

how to interrogate it.  One significant benefit of NMR is that it is a non-destructive 

technique, making replicate analyses possible to obtain structural as well as quantitative 

information.  LC-MS-based metabolic profiling, although destructive, yields quantitative 

analyses and provides structural information about analytes by in-source fragmentation or 

collision-induced dissociation tandem mass spectrometry (MS/MS).  The following 

section will treat NMR and LC-MS separately to discuss considerations that apply to 

plant metabolite profiling and comparative metabolomics. 

 After experimental design parameters have been determined and sample 

preparation has been optimized to address the biological question under investigation, 

analytical data collection can begin.  As with many biological experiments, the amount of 

tissue available for analysis is limited either by the nature of the species under 

investigation (clinical samples are limited, research animals/plants tend to be of small 

size) and the difficulty in time and space associated with production of biological 

material (access to facilities for growth/cultivation are limited as well as the technical 

skill involved in preparing tissue practically limits the amount of tissue that can be raised 

by one researcher/technician).  Therefore optimizing sensitivity on the analytical side 

becomes of critical importance to record datasets that can withstand statistical evaluation 

of metabolite abundance and can inform the investigator of changes in metabolite 

abundance related to the applied biological treatments (i.e. stress). 
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1.3.1  NMR-specific Considerations 

Elegant primers on NMR are available elsewhere,84-87 for the purposes of this 

chapter several terms will be defined as pertaining to this work.  In the NMR experiment 

a population of spins is split into quantized energy levels by an external magnetic field 

(Bo).  Spin is a property of atomic nuclei introduced to explain spectroscopic observations 

in the presence of a magnetic field, generally limited to nuclei with odd numbers of 

nuclear particles.  Many biologically relevant nuclei possess spin, e.g., 1H, 13C, 15N, 31P.   

The “spin” or spinning charge in an external magnetic field possesses angular 

momentum like a spinning bicycle tire.  When perturbed, it will spiral around equilibrium 

rather than swinging through it like a pendulum (oscillator).  This process is called 

precession, and the precessional frequency of a nucleus depends first on its identity 

(magnetogyric ratio, γ) and its local electronic and magnetic environment.  The 

dispersion of resonant frequencies among nuclei in a sample can be increased by 

applying a stronger external magnetic field (Bo).  The basics of NMR are shown in Figure 

1.5, which illustrates an energy level diagram, a representation of a nuclear spin, and the 

fundamental equations which relate the aforementioned parameters (γ,Bo) to practical 

considerations of relevance to metabolomics, such as sensitivity. 

Figure 1.5a summarizes the Stern-Gerlach experiment, which demonstrated that 

nuclear spin (½) is quantized (Equation 1.1) into low (α) or high (β) energy states. At 

equilibrium, the lower energy state (α, with Bo) is more populated.  This can be called a 

“spin excess,” which is small at room temperature, hence limiting the sensitivity of the 

NMR experiment.  Even if there is only a small spin excess, with a large number of 
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nuclei in a sample the precession will become visible.  Ensembles of nuclei (Figure 1.5b) 

can be represented by a bulk magnetization vector (M) which points along the positive z-

axis, parallel to Bo. The precessional frequency (ν) of a nucleus also increases with 

increasing magnetic field strength, responsible for dispersion of resonances at high field 

(Equation 1.2).  The population difference between energy states increases with 

increasing magnetic field strength and decreases with increasing temperature (Equation 

1.3). 

The energy gap between states also increases with Bo for a spin ½ nucleus such as 

hydrogen, allowed precessional directions are either forward (also called +1/2, lower 

energy, α state), which is more populated than the alternative, reverse (also called -1/2, 

higher energy, β state) at thermal equilibrium.  The populations of these states behave 

according to Boltzmann’s distribution, the small difference in energy between the two 

spin states that gives rise to nearly equal populations is what limits sensitivity. 

 

Figure 1.5 NMR basics (a) energy level diagram for a spin ½ nucleus in magnetic field (Bo) shows 

quantization (Equation 1.1) of low (α) or high (β) energy states. Ensembles of nuclei (b) can be represented 
by a bulk magnetization vector (M) which points along the positive z-axis, parallel to Bo. The precessional 

frequency (ν) of a nucleus also increases with increasing magnetic field strength, responsible for dispersion 

of resonances at high field (Equation 1.2).  At equilibrium, the lower energy state (α, with Bo) is more 
populated. The population difference between states increases with increasing magnetic field strength and 
decreases with increasing temperature (Equation 1.3). 
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Radio Frequency (RF) irradiation (B1) is applied as a pulse delivered to a coil 

surrounding the sample containing NMR-active atomic nuclei.   When the frequency of 

incident radiation matches the precessional frequency of the nuclei under investigation, 

called the Larmor frequency, absorbance of energy (resonance) occurs.  Pulses used in 

this work cause equalization (π/2, 90o) or inversion (π, 180o) of populations of spins.  

Applying a discontinuous pulse (gradient, G) across the sample can encode the spatial 

position of a nucleus in an ensemble of spins.  Shaped pulses (p) can be used to excite 

only a specific range of precessional frequencies.  “Spin gymnastics” in the form of a 

series of well-timed and power-optimized pulses can be applied to nuclei such that 

specific transitions between the energy levels are achieved by pulse sequences.  It is 

important to optimize the parameters used by pulse sequences to maximize the 

experimental signal-to-noise (S/N) in the experiment. 

After the RF pulse, as the population of nuclei reestablishes equilibrium, an 

alternating current is induced in the coil around the sample due to the coherence 

generated in the precessing spins. This free induction decay (FID) contains information 

regarding the electronic/magnetic environment of the nuclei in the sample, which is 

digitized and recorded in the time-domain as it decays.  The time-domain data is 

converted to the frequency-domain spectrum via Fourier transformation.  Nuclei which 

experience a relatively large amount of electron shielding are more isolated from the 

effect of the Bo field, and their resonances are found at lower frequencies (upfield) in the 

NMR spectrum.  Deshielded nuclei, which can also be called electron deficient, 
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experience a downfield shift to higher frequencies in the spectrum.  In this way, chemical 

shift provides indirect structural information.   

The resonant frequencies exhibited by a sample can also be informative regarding 

the position of nuclear spins in molecules and the nature of their connectivity.  Just as 

two stir bars engage each other if positioned proximally, neighboring spins influence the 

number of fine energy levels (multiplicity) a given spin will exhibit.  For two neighboring 

spin ½ nuclei which are electronically different and connected by a chemical bond, said 

to be first-order coupled, the resonances of each nucleus will be split into two peaks, 

centered around the chemical shift representative of the electronic environment each 

respective nucleus. The spacing between the peaks is the coupling constant, J. If more 

than two dissimilar spin ½ nuclei are coupled, the multiplicity will be equal to the 

number of neighboring spins plus one (n + 1) under the conditions of first-order coupling.  

Two neighboring nuclei which are in similar electronic environments such that the 

difference in their chemical shifts is on the same order as their coupling constant will 

exhibit strong coupling, resulting in distorted intensities often containing more peaks than 

expected by the n + 1 rule.   

Because the precession frequencies of nuclei are in MHz (106 per second), and in 

solution small molecules undergo rotation about single bonds about 1010 per second, a 

signal intensity proportional to the number of chemically equivalent nuclei is observed 

for protons bound to a freely rotating carbon.  In cases where rotation is restricted, 

protons bound to the same carbon may be magnetically inequivalent. 
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The NMR experiment, as with any absorption spectroscopy, can be quantitative 

where the system is calibrated, either using a calibration curve or by comparison of 

integrals for the unknown sample against a standard of known concentration.  The 

intensity of the spectral features, recorded when nuclei have had enough time to fully 

reestablish equilibrium populations between transient scans, can be useful to assign 

nuclei to molecules in simple mixtures based on ratios of the integrated areas of 

resonances. 

Taken together, the information from an NMR experiment (chemical shift, 

multiplicity, integral ratios) can inform us about molecular structure.  Nuclei from two 

different molecules in a complex mixture may generate NMR signals with the same 

chemical shift (accidental equivalency).   Depending on the goal of the experiment, this 

may or may not be a problem because intensity is additive.88  Two-dimensional (2D) 

NMR techniques can be used to further explore molecular connectivity and to disperse 

overlapping signals through a second orthogonal dimension.  Spectral overlap is a 

complicating factor in any metabolomic experiment, and spectral deconvolution88-90 is 

commonly applied. 

The rate of spin-spin relaxation and magnetic field inhomogeneity contribute to 

spectral linewidths, therefore time spent shimming the magnet pays dividends in 

resolution.91, 92  For measurements in high field magnets, line widths below 2.5 Hz at 

half-height for the chemical shift reference TMSP-d4 spiked into a plant extract indicate 

that magnetic field homogeneity is acceptable for acquisition of a one-dimensional (1D) 

proton spectrum, although 0.7 Hz is attainable. 
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Signal averaging in NMR is commonly used to improve the spectral S/N ratio 

(S/N) and for purposes of phase cycling to reduce spectral artifacts, but at the expense of 

sample throughput.  Depending on the amount of tissue available and the number of 

samples in a dataset, reasonable compromises between recycle time (time per scan) and 

number of scans to achieve adequate S/N for quantitative interrogation must be found on 

a case-by-case basis.  Using a recycle time of 3 seconds for illustration, Table 1.1 

provides values for S/N as it relates to number of scans (NS) which can be co-added 

provided that the sample is stable over the total experiment time.   

 

Table 1.1 Improving S/N (S/N) requires compromise between sensitivity and total experiment time.  
Experiments lasting more than two hours for 1H NMR metabolomics may be considered too costly in terms 
of instrument time, where a survey spectrum is more important for fingerprinting and lead generation.   

 
Relative 

S/N (S/N) 

Number of 

 scans (NS) 

Total 

 experiment time 

1 1 0.05 min 

2 4 0.20 min 

4 16 0.80 min 

8 64  3.20 min 

16 256 12.8   min 

32 1024 51.8  min 

64 4096 6.82   hr 

128 16384 13.6     hr 

256 65536 2.28     d 

 

 

1.3.1.1  1D 
1
H NMR as a Survey or Fingerprinting Technique 

For a first-pass inspection of the dataset or when a change in relative levels is 

assessed as a function of a perturbation, it is sufficient to acquire spectra under steady 

state conditions.93  The time between pulses can be less than 5 times the spin-lattice 
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relaxation time, T1, (on the order of 0.5-3 seconds for most metabolite resonances).94  

Although resonance intensity will be reduced if recycle times < 5 T1 are used, signal 

averaging can more than compensate for the loss in intensity if the total experiment time 

is kept constant.   

A small portion of the 1H NMR spectrum resulting from Arabidopsis root extract 

is presented in Figure 1.6, integrated over non-targeted 0.02 ppm intervals.  The resulting 

integral intensities and corresponding chemical shifts are inputs for chemometric 

modeling. Resonances from the same multiplet are often distributed between multiple 

“bins,” contributing to the redundancy and a large number of correlated variables in the 

resulting data matrix.   

 

Figure 1.6  NMR spectrum of 7-d-old Arabidopsis seedling root extract divided into “bins” of width 0.02 
ppm generally covers the width occupied by a single resonance or spectral feature.   
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Multivariate statistics can be applied to a dataset of “binned” spectra representing 

different biological treatments or sample handling conditions to identify spectral regions 

of high variance.  Such variance may be contributed by small deviations in chemical shift 

due to differences in pH between samples, and can be reduced by buffering or titrating 

the pH of each sample to a defined value prior to analysis.  More useful is when a 

metabolite, responding differently to the treatment or handling condition under 

investigation, is identified by comparing fingerprints to each other.  By using multivariate 

statistics combined with a spectral fingerprint provided by 1H NMR spectroscopy, 

molecular signatures can be recognized with corresponding magnitude and direction of 

variance with respect to treatment. 

 

1.3.1.2 One-Dimensional 
1
H NMR for Quantitation 

Spectral overlap complicates integration but regions can usually be found for tens 

of metabolites where overlap is not a significant problem.  Requirements for quantitative 

NMR measurements will be more thoroughly explained in Section 1.3.1.4.  Integrated 

areas of metabolites in stressed or treated tissue extracts are compared with respective 

controls, to provide relative quantitation.   

Another advantage in NMR-based metabolite analysis is that all but the smallest 

metabolites (succinate, pyruvate, glycine, etc.) give rise to more than one resonance in 

the spectrum.  These can be quantitatively evaluated separately for internal cross-

validation of resonance assignments as well as calculated fold changes.  For example, γ-

aminobutyric acid (GABA) has three distinct methylene resonances at 3.01, 1.89, and 
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2.28 ppm for the α, β, and γ protons, respectively.  To compliment internal cross-

validation, it is possible to use homonuclear or heteronuclear 2D NMR experiments to 

establish connectivities between 1H and/or 13C nuclei in a metabolite, depending on the 

type of experiment selected.  A few are described in the following section. 

 

1.3.1.3 Two-Dimensional NMR 

 Considerations for 2D experiments are similar to those of 1D proton NMR.  

Depending on the nature of the experiment, specific consideration should be given to 

calibration of pulses.  2D NMR increases the effective spectral resolution by spreading 

information over two dimensions. Because of the greater dispersion of 13C spectra, 

heteronuclear 1H-13C spectra can provide much greater resolution than a 1D 1H 

spectrum.85,95 

 An experiment which can be useful for metabolomics specifically is the 

Homonuclear 2D J-resolved (2D J-Res) spectrum, wherein the chemical shift in the direct 

dimension is decoupled from its multiplicity in the indirect dimension.19, 20, 96, 97  By 

taking a projection at an angle (45o) one can obtain a decoupled proton spectrum.  This 

reduces spectral overlap,98 and 1D projections of 2D J-Res experiments can yield 

quantitative information about metabolites in the sample. 

 Proton-proton correlation experiments such as COrrelation SpectroscopY (COSY) 

and TOtal Correlation SpectroscopY (TOCSY) are generally useful to assign or confirm 

molecular assignments to resonances observed in 1D proton spectra.  In particular the 

double-quantum filtered (DQF) - COSY is recommended in cases where severe crowding 



 34 

obscures crosspeaks near the diagonal.  An additional advantage of this pulse sequence is 

that it can be carried out on samples containing large amounts of water (90% H2O, 10% 

D2O).  Presaturation together with the DQF ensure the suppression of the solvent 

resonance.  A DQF-COSY spectrum of Arabidopsis seedling extract is presented in 

Figure 1.7. 

 

Figure 1.7  DQF-COSY (Bruker cosydfphpr) spectrum resulting from SPE-enrichment of ~1.8 g DW 
Arabidopsis thaliana (Col-0) seedling (7 d old) tissue.  Delay (d1) of 1.5 seconds was used between scans; 
the water resonance was attenuated by presaturation using a pl9 value of 50 dB. 
 

  
 The phase-sensitive TOCSY (Bruker mlevphpr) spectrum is an efficient way to 

establish correlations within spin systems such as aliphatic side chains and sugar rings.  

During the TOCSY spin-lock (MLEV-17 in the experiments reported in this dissertation) 

the spins “see” only B1 as the effective field; therefore their chemical shift differences 

become negligible and the spin systems are all higher order, leading to cross peaks 

between all protons within a spin system.  A short spin lock (30 ms) approximates a 
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COSY spectrum, while longer times result in the total correlation.  In Figure 1.8, a 

mixing time of 80 ms was used.   

 

 

Figure 1.8  TOCSY (Bruker mlevphpr) spectrum resulting from SPE-enrichment of ~1.8 g DW 
Arabidopsis thaliana (Col-0) seedling (7 d old) tissue.  A delay (d1) of 2 seconds was used between scans.  
The water resonance was attenuated by presaturation using a value of pl9 of 50 dB.  The mixing time (d9) 
was 80 ms. 

 

Diffusion-Ordered SpectroscopY (DOSY) is a pseudo 2D technique wherein 

nuclei are phase encoded by a gradient pulse according to their spatial position within the 

sample.  After an incremented delay, the phase of the magnetization is decoded by 

application of a second gradient pulse.  The magnetization is fully recovered if the 

nuclear position remains constant with respect to the direction of the applied gradient.  

Signal intensity will vary depending on the degree of diffusion that has taken place 

during the delay.99  The pseudo-2D DOSY spectrum plots chemical shift on the direct 
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dimension and diffusion coefficient in the indirect dimension.  DOSY has been applied to 

the analysis of plant extracts.100, 101  It is generally possible to use DOSY to assign 

resonances to molecules, based on the idea that all protons connected to the same 

molecule should have identical diffusion coefficients, however in our experience it is not 

useful for extremely crowded spectra, especially when the small molecules of interest 

have similar diffusion coefficients (Figure 1.9). 

 

 

Figure 1.9  DOSY spectrum for SPE-enriched ~1.8 g DW Arabidopsis thaliana (Col-0) seedling (7 d old) 
tissue measured with the Stimulated Echo experiment (Bruker stebpgp1s) using bipolar gradients.  
 

 This chapter summarizes considerations for “Methods” in metabolomics and 

metabolic profiling, which will be applied in Chapters 3-6.  Thus far we have seen how 

NMR can be applied for intact mixture analysis.  Taken together, the information 
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supplied by 1D and 2D NMR experiments cooperatively establish metabolite quantity 

and identity. 

 

1.3.1.4  Requirements for Quantitative NMR Measurements 

Careful selection of NMR data acquisition parameters is required to produce the 

best possible data for the system being studied and it is essential that all datasets are 

acquired with the same parameter set if any direct quantitative comparison is to be 

made.65, 102, 103  Important parameters to consider in optimizing experiments are the 

excitation pulse width, receiver gain, acquisition and relaxation times and solvent 

suppression parameters, which are addressed in greater detail in the following section. 

Because sample ionic strength can vary significantly among biological samples, it is 

advisable to tune the probe for each new sample.  Similarly, it is common practice to 

optimize field homogeneity by shimming91 on each sample to achieve a minimum 

standard established by the laboratory for quality, often specified by the line width at half 

height of a prominent singlet resonance, typically that of the internal standard. Equally 

important is the linewidth at the height of the 13C satellite peaks, indicative of baseline 

resolution.  

If several magnets are available, the magnet with the highest field strength should 

be employed for metabolic profiling analyses.  Bertram et al.104 recorded the metabolic 

profile of urine on four NMR spectrometers (250MHz, 400MHz, 500MHz, 800MHz) and 

reported the expected increase in spectral resolution and S/N with field strength. The 

greater dispersion of high field magnets can facilitate resolution of resonances that would 
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be overlapped at lower field strengths. In addition, because NMR sensitivity increases as 

Bo
3/2, higher field instruments can reduce the experimental time or increase spectral S/N. 

 Relative quantitation is often sufficient in metabolic profiling studies, though 

there are cases in which the absolute concentration of a metabolite is desired. 

Quantitative analysis requires spectra measured with adequate digital resolution, a 

repetition time sufficient for relaxation of the signals of interest, and with a high S/N 

ratio.  For example, to be 99% certain that the measured integral falls within + 1% of the 

true value, a S/N ratio of 250 is required.65   Proper post-acquisition processing of the 

NMR spectrum can also affect the reliability of quantitative data. The spectrum must be 

appropriately apodized, properly phased and baseline corrected, and integration limits 

carefully selected.105  However, the major challenge in quantitative metabolic profiling is 

ensuring that the resonances of the metabolite and the quantitation standard are fully 

relaxed.  This can be accomplished by setting the recycling time to at least five times the 

longest T1 relaxation time of the resonances of interest.  This is not always a practical 

approach since metabolites are typically present at low concentration and lengthy data 

acquisitions may be required to obtain adequate S/N ratios.  In such cases, a shorter 

repetition time can be used and a T1 correction factor applied to the resulting integrals.65 

 

1.3.1.5   Water Suppression 

 Most biologically-derived samples require some method of suppressing the water 

resonance to obtain high quality 1H NMR spectra.  NMR spectrometers have analog-to-

digital converters with a limited dynamic range, making it difficult to digitize and detect 
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metabolite resonances in the presence of an intense solvent signal.  Incomplete water 

suppression can also produce baseline roll and phase distortions that hinder quantitative 

measurements.  The simplest methods of solvent suppression are those that rely on 

selective saturation of the solvent resonance during the recycle delay.  More sophisticated 

techniques include WET (water suppression through enhanced T1 effects) which utilizes 

selective excitation of the solvent followed by dephasing gradients and WATERGATE 

which uses gradient tailored excitation.60, 65, 67  

Arabinar et al.66 compared five water suppression techniques for robustness, 

repeatability, sensitivity, and practicality in the analysis of urine samples. The pulse 

sequences evaluated can be separated into two groups, those that leave the intrinsic water 

signal intact: WET and ES (excitation sculpting using a double-pulsed field gradient 

echo), and those that incorporate selective saturation of the solvent resonance: NOEPR 

(NOESY pulse train with presaturation during the recycle delay and mixing time), ESCW 

(ES with continuous wave on-resonance saturation), and ESWGL (ES with adiabatic 

frequency modulation).  WET was the least effective at suppressing the water resonance 

and produced a baseline distortion that covered a fairly broad chemical shift range. ES 

and NOEPR were more effective than WET at suppressing the solvent resonance but 

produced baseline distortions in the spectral region around the water chemical shift (4.5 – 

5.3 ppm).  The best results were achieved when excitation sculpting was combined with 

selective saturation using either continuous wave (CW) or adiabatic frequency 

modulation.  The spectra produced by these methods showed excellent water suppression, 
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flat baselines, and high reproducibility and were amenable to automated spectral 

processing. 

 

1.3.2  Liquid Chromatography Experiments 

The field of plant metabolic profiling continues to develop, aided by innovative 

approaches to sample preparation and analysis as well as developments in 

instrumentation.  Figure 1.10 presents a timeline of records available through Web of 

Knowledge when a topic (TS) search string encompassing metabolism, metabolite, 

metabolomics, etc. (metabol*) is used together with “plant.”  Publication records were 

restricted by the predominant analytical techniques: GC, LC and NMR.  Milestones in 

instrumentation or database/methods infrastructure are labeled.  

Growth throughout the post-genome era is clearly observed.  From this graph it 

appears over the last decade a majority of publications utilized LC (grey bars).  This is 

likely due to the diversity of solid phase supports available combined with the ubiquity of 

the instrumentation and ease of quantitation.  Alternative chromatographic approaches 

utilize GC (black bars), however it is more cumbersome in sample preparation and may 

suffer from bias because GC relies on a derivatization step prior to analysis, whereas for 

LC (coupled to ESI-MS) derivatization is not necessary.  The reliability of GC retention 

indices and establishment of databases 
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Figure 1.10  Popularity of analytical platforms for plant metabolomics.  Record count determined using 
Web of Knowledge on July 11, 2011 searching by topic (TS = X AND metabol* AND plant) where X was 
gas chromatography, liquid chromatography or NMR.   

 
 
for plant-specific analyses boosted popularity of GC-MS particularly for those in the 

Arabidopsis community 106, 107 facilitating rapid dereplication.  Dereplication is the 

process of determining which observed signals of known molecules, potentially novel 

compounds, including those that have not yet been described in the literature or have not 

yet been reported for the organism under study.  Retention indices and databases 

cataloging observed mass-to-charge ratios of plant extracts shorten the length of time it 

takes to assign known metabolites to observed signals in raw data.  The effect of 

metabonomics as a terminology may result in NMR (white bars) being underrepresented 

in this figure.  Notably, ultra high pressure liquid chromatography (commercialization of 
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UPLC)108 may further popularize LC.  Already, methods for non-targeted and targeted 

analyses by UPLC-MS have been biologically informative.64, 73, 109-111 

 

1.3.2.1 Chromatography of Plant Extracts 

Optimal LC conditions for efficient separation of structurally similar compounds 

is often not possible using a single type of chromatographic column.  Peak widths 

between 0.5 and 1.5 minutes have been reported using reversed phase (RP) HPLC with a 

column 15 cm in length (4.6 mm diameter) packed with particles of 3 µm diameter 

operating at a flow rate of 0.4 mL/min.  Because UPLC peaks are narrow, a fast MS 

analyzer like TOF must be used so that the peaks can sufficiently sampled.  Peak widths 

of 20-30 s allowed for at least 15 datapoints across each chromatographic peak (baseline-

to-baseline) to ensure reliable characterization of target compounds.53  It is not unusual to 

use three columns with orthogonal separation characteristics in parallel for metabolomics 

studies.112  Attention should be given to the effect of mobile phase properties such as 

buffer concentration, organic modifier, and gradient slope on resolution of metabolites. 

For HPLC isocratic separations at 5, 10, 20, 30, and 50% organic can be a starting 

point if little is known about the behavior of the desired compounds. Chromatographic 

methods typically involve a linear gradient.  The use of a guard column and adequate 

washing and equilibration between subsequent injections is of critical importance to 

reduce run-to-run carryover and to preserve column lifetime.  One UPLC column used 

for method development withstood 399 injections of 372 plant samples before it was 

compromised.   
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In metabolomic or metabolic profiling studies employing liquid chromatography, 

UPLC is recommended to minimize peak widths, thereby enhancing chromatographic 

resolving power.63  UPLC gradient method development is faster than HPLC by a factor 

of 2-8 and dropped the average analysis time of one analyte by 1/3.113  Solvent 

consumption is minimized (5-18 times lower), owing to shorter equilibration times 

between runs, proving more ecological and cost effective analyses.113  UPLC has 

demonstrated superior reproducibility in retention time and peak area, increasing 

sensitivity by a factor of 1.5-2.  A method developed based on the work of Wolfender109 

using UPLC for this work was ported to HPLC and shown in Figure 1.11 are the resulting 

UV chromatograms (254 nm) of Arabidopsis extracts enriched by mixed-mode 

hydrophilic-lipophilic balanced (HLB) SPE in the content of secondary metabolites.  

Note that total experiment time increases approximately three-fold when the method is 

migrated from UPLC to HPLC.  HPLC, although more time intensive, allows for eight-

fold higher loading, ideal for loop storage in our LC-NMR exploratory study (Chapter 5).  

UPLC was used for method development and rapid screening for a biological study 

(Chapter 6). 
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Figure 1.11  LC separation of Arabidopsis thaliana secondary metabolites detected by UV absorbance at 
254 nm.  Method migration does not cause loss of chromatographic resolution.  (A) UPLC gradient 
method, (B) UPLC chromatogram, (C) HPLC-NMR chromatograms (black).  Collection and reinjection 
(pink) reveals instability of plant secondary metabolites, underscoring the utility of on-line data collection.  
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1.3.2.2  Chromatographic Detectors 

Typically LC eluent flows post-column through a non-destructive detector 

(UV/Vis absorbance or refractive index) before encountering a destructive detector (MS 

or CLND).  UV and/or visible light absorbance can be monitored at one or multiple 

wavelengths.  Ideally, for plant metabolomics a diode-array detector (DAD) records full 

spectral information, which produces a 2D chromatogram.  Taking a trace along the y-

axis, an absorption spectrum at any given point in time is extracted.  Taking a trace along 

the x-axis yields an extracted wavelength chromatogram, which shows the absorbance at 

a given wavelength as the various components of the original mixture are eluted.  Figure 

1.12 shows an example for molecules secreted by Xiphidium caeruleum, a plant related to 

the ornamental kangaroo paw, separated on a C18 column following enrichment on a C18 

SPE cartridge.  When a DAD is employed prior to MS/MS or NMR characterization, it 

gives the researcher a “handle” with which to enter the secondary metabolome in a 

targeted way, including diverse molecules with a conserved structural motif. From this 

information we can approach structure elucidation with the hypothesis that the molecules 

contain one of the following groups: caffeic, ferulic, sinapic, p-coumaric, and 

isoferulic.114  In secondary metabolism, because it covers such a large part of chemical 

space, it is useful to restrict the analysis in one dimension.  While UV-Vis absorption is 

one approach for classification of metabolites, single-ion monitoring can also provide this 

information, and a more careful examination of the mass spectrometric considerations 

and recommendations for plant analyses are provided in the following section.   
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Figure 1.12  HPLC-DAD of C18-SPE-enriched liquid culture medium of Xiphidium caeruleum root.  UV 
absorbance between 323-326 nm is considered a hallmark of hydroxycinnamic acids, a class of diverse 
secondary metabolites commonly attributed with antifungal activity.  Detection by DAD facilitates class 
discrimination in complex mixtures. 
 

 

 

 

Coupling LC to MS requires desolvation and ionization.  Ionization efficiency 

was compared between electrospray ionization (ESI), atmospheric pressure chemical 

ionization (APCI), atmospheric pressure photoionization (APPI), and ESI in negative ion 

mode was found to provide the highest sensitivity for flavonoids, one type of secondary 

metabolite synthesized in planta that will be the focus of later chapters (5, 6).  The 

material covered here will involve ESI only. 
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1.3.2.3 Electrospray Ionization Mass Spectrometry 

Electrospray mass spectrometers have as many as 14 tuning parameters.  If 

adjusted through a range of 10 values, optimum tune settings must be found out of 1014 

possible combinations.37  Since it is practically impossible to perform such an exhaustive 

search to produce the ideal set of parameters, general recommendations for plant 

metabolites are presented in this section.  

In electrospray ionization (Figure 1.13), mobile phase from the LC column enters 

through the probe and is pneumatically converted to an electrostatically charged aerosol 

spray.  The solvent is evaporated from the spray by means of the desolvation heater.  The 

resulting ions are drawn through the sample cone aperture into the ion block, from which 

they are extracted into the mass analyzer.  Generally, compounds of less than  

 

 
 
Figure 1.13 Schematic of UPLC-ESI-MS interface, called the source, site of rapid soft ionization of plant 
metabolites.  Sensitivity and quality of metabolite information can be tuned by adjusting temperatures, 
voltages, and flow rates as labeled.  Embedded table adapted from Waters, Inc. 
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1000 Da produce singly charged molecular ions ([M-H]-).  The source (enclosed in 

Figures 1.13 and 1.14 by a dotted line) can be tuned to fragment ions within the ion block 

or to form primarily molecular ions.  Positive ion formation may be enhanced by 

introducing 0.1 to 1% formic acid in the sample solution.  Negative ion operation may be 

enhanced by addition of 0.1% to 1% ammonia to the sample solution. Waters 

recommends acid should not be used in negative ion mode, however some have found 

that 0.1% formic acid is preferable.115 

The cone gas reduces the intensity of solvent cluster ions and solvent adduct ions.  

Flow rates are typically 100-300 L per hour.  The purge gas is not necessary for most ESI 

applications, but it can help reduce acetonitrile adducts.  The source temperature is 

typically 100 oC for 50/50 ACN/H2O at flow rates up to 50 µL/min.  Higher 

temperatures, up to 150 oC are necessary for solvents at higher flow rates and greater 

water content. 

The capillary voltage is usually optimal at 3.0 kV.  Positive ESI is usually within 

2.5-4.0 kV while negative is usually best between 2.0-3.5 kV.  High flow rates may 

optimize this voltage as low as 1 kV.  A sample cone voltage between 25-70 V will 

produce ions for most samples.  The cone voltage should be optimized between the range 

15-150 V.  The extractor cone voltage should be between 0-5 V.  Higher voltages may 

induce fragmentation. 

A schematic of the quadrupole time-of-flight (Q-TOF) instrument used in this 

research is presented in Figure 1.14. Ions generated in the source are transferred to the 

quadrupole analyzer MS1 via the independently pumped RF lens.  After leaving the 
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quadrupole analyzer the ions flow into the orthogonal time-of-flight analyzer MS2.  The 

ion beam is focused into the pusher by the acceleration, focus, steer and tube lenses.  The 

pusher directs a section of the beam towards the reflectron, which then focuses ions back 

to the detector.  As ions travel from pusher to detector they are separated in mass 

according to their flight times, since they enter the field-free region of the reflectron with 

similar kinetic energies, causing ions of highest mass to charge ratio (m/z) to arrive last. 

 

 
Figure 1.14  Schematic of Q-TOF micro ion optics used in this research.  After exiting the UPLC, ions are 
formed in the ESI source and guided by the RF lens to the ion guide or selector (quadrupole analyzer) 
connected by a hexapole collision cell to a mass analyzer (TOF) and MCP detector.   
 
 
 
 

The pusher operates up to 30 kHz, full spectra are recorded every 33 microseconds.  If 
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Probe 

ESI 
Source 

RF Lens 

Quadrupole 
Analyzer 

Hexapole 
Collision Cell 

Hexapole 
Transfer Lens 

Reflectron 

MMSS11  ((QQuuaaddrruuppoollee  MMSS))  

MMSS22  ((TTOOFF  MMSS))  

Pusher 

MCP 
Detector 

Effluent  
from  
UPLC 



 50 

the host PC will be the sum of 30,000 individual spectra recorded by the MCP.  The TOF 

performs parallel detection of all masses at very high sensitivity and acquisition rates.  

This is of particular advantage when coupled to fast chromatography, like UPLC. This 

configuration can be quite compact, a benchtop model has a 0.86 m2 footprint. 

Although LC/MS is rarely used for full structure characterization, LC-MS/MS can 

be used to determine the occurrence of known compounds as well as being suitable for 

quantitative analysis.  An experiment employing collision induced dissociation (CID) 

using extract of whole Arabidopsis seedlings was used to generate structural hypotheses 

regarding the identity of the substance in Figure 1.15, tentatively assigned as a phenolic 

choline ester.116  

It is possible to get structural information from the fragmentation pattern of 

compounds by tandem MS.117  Selectivity can be achieved in complex mixture analysis 

by employing multiple reaction monitoring (MRM) for coeluting analytes of different 

m/z ratios.  Single reaction monitoring (SRM) can reduce the dwell time to 10 ms per 

scan, with a pause of 5 ms necessary for adjustments from one transition to another.  

Switching between positive and negative mode can be employed in conjunction with 

reaction monitoring with a cycle of 2-3 seconds for one cycle being the time necessary to 

measure all transitions including settling times and pauses between transitions.     

The advantages of NMR and MS, as well as considerations when planning a plant 

metabolomic (nontargeted) or metabolic profiling (targeted) experiment, have been 

presented.  At this point, the experiment would be carried out in accordance with the 
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Figure 1.15.  Interrogation of a single chromatographic peak by CID MS/MS on subsequent injections of 
an Arabidopsis seedling extract using collision voltages of (A) 0 eV (B) 10 eV (C) 15 eV (D) 30 eV. 
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analyses.118-120  In this work, such techniques were applied to an NMR-based 

metabolomics dataset acquired with comparison of metabolic snapshots acquired at 

various time points of low oxygen stress and recovery described in Chapter 3, Section 

3.1.2.  Our goal was to translate raw data into statistically robust metabolite information 

through post-acquisition processing as will be described in the following section.  This 

can be thought of as a step to facilitate pattern recognition or dimensionality reduction 

 

1.4   Post-Acquisition Processing  

In NMR-based metabolomics, after careful collection of a dataset having a 

sufficient number of replicates (Figure 1.2) there are many processing steps including 

apodization, phasing, baseline correction, alignment, integration, scaling and 

normalization, that can be applied to aid in the extraction of quantitative and 

metabolically relevant information.  LC-MS processing involves many of the same steps; 

baseline correction, retention time alignment or retention index calculation, mass-to-

charge alignment or exact mass correction, peak integration, scaling and normalization.  

Processing routines should be employed in a context-dependent manner and there is no 

single method that can be used for all metabolic profiling and metabolomics 

experiments.121   

Although some software packages incorporate these processing steps into 

automated routines, to achieve the best quantitative data possible it is useful to consider 

the effect of each step on the integrity of the dataset.  As discussed in earlier sections, the 

NMR spectrum or LC-MS chromatogram of most biological samples is complex, 
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containing many overlapping and/or broad signals.  If sampling and acquisition strategies 

for improving resolution have not been employed, or have been less successful than 

anticipated, some degree of deconvolution may be applied post-acquisition.   

This section will be devoted to a discussion of post-acquisition processing based 

on 1D 1H NMR dataset as the simplest example.  LC-MS post-processing is still 

experiencing rapid growth, with the open-source platform XCMS becoming one of the 

best resources for academics.122  Commercially-available databases (DBc), such as 

Know-It-All (Bio-Rad, NMR DBc 1,060 Cmpds, MS DBc 199,000 Cmpds) and 

Chenomx (NMR DBc 300+ Cmpds) are available, which provide spectra for comparison 

with samples.123  Fully automated signal deconvolution and assignment of signals to 

metabolites has not yet been realized.  Multiplatform approaches involving a large 

number of samples can be outsourced for nonbiased data handling.123 

 

1.4.1   Apodization 

Theoretically, the NMR FID has an infinite duration in the time domain, although 

in practice signals are collected for a finite time.  Often the acquisition time is set to allow 

the signal to decay into the noise (roughly 3 x T2*, where T2* is the time constant for loss 

of transverse magnetization in an inhomogeneous magnetic field). However, there are 

circumstances in which acquisition times shorter than 3 x T2* are used, for example in 2D 

NMR experiments or when the goal is to enhance the spectral S/N.  In such cases, 

apodization of the FID by multiplication with a function (often called a window function) 
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can be used to force the FID intensity to zero and reduce distortions that would be 

produced by the Fourier transformation of a truncated FID.  

One of the most commonly used apodization functions is an exponential decay 

which can enhance S/N at the cost of increased line width and poorer resolution.  In the 

best case, the exponential decay function is on the same order of the resonance T2
*, and in 

this case no real loss of resolution occurs.  Resolution can become an issue in NMR 

spectra of complex biological samples, consisting of thousands of resonances, where 

overlapping peaks are already evident.  In a study in which the NMR acquisition and 

processing parameters including pulse flip angle, number of scans, and amount of 

exponential apodization were optimized for the metabolomic analysis of rat urine, it was 

found that the best compromise between increased S/N and broadened resonances was 

achieved by minimizing the use of apodization and maximizing the number of scans.105  

For 1H NMR spectra, the line broadening factor applied should generally not exceed 

natural linewidths of the metabolites of interest, 1.0 Hz was most often used in this work.   

 

1.4.2  Phasing and Baseline Correction 

Zero and first-order phase errors are introduced into the NMR spectrum by 

mismatch between the receiver and reference signal phases and by precession of 

magnetization during the short delay required for pulse ring down prior to the start of 

acquisition.  These errors are corrected by a process called phasing which can be carried 

out manually by visual inspection of the results of the phase correction or using an 

automated routine.  Although automated phase correction is preferred for analysis of 
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large data sets and may be more reproducible than manual adjustment, the results 

obtained should be carefully evaluated especially for spectra that do not have flat 

baselines or contain a significant residual solvent resonance, as these features can hamper 

automated phasing routines.  

Baseline correction can also be applied manually by inspection of the baseline in 

a region free of resonances or using automated routines.  The goal of this correction is a 

flat spectral baseline with a zero offset so that resonance integrals reflect the true peak 

intensity without distortion from integration of the underlying baseline.  The digital 

signal processors and digital filters in most modern NMR spectrometers avoid the 

baseline distortions created by analog filters and have diminished, but not completely 

eliminated, the need for post-acquisition baseline correction.124   

Another important consideration specific to metabolic profiling is that perceived 

baseline distortions may actually result from residual protein resonances present in the 

biological sample.125  One classical solution to this problem is to subtract a spectrum 

measured for a sample containing only protein from the spectrum of a solution containing 

the protein and the analytes of interest.126  Although it is not really practical to prepare an 

identical protein-only blank for most biological samples, deGraaf et al. effectively 

accomplished this using a process called “diffusion-sensitized” 1H NMR spectroscopy.127  

In this approach, spectra of rat plasma are measured using an NMR diffusion pulse 

sequence with gradient amplitudes large enough to eliminate the rapidly diffusing small 

molecules and generate a reference spectrum containing only the resonances of the 

macromolecules present in the sample.  This spectrum was subtracted from the standard 
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single pulse NMR spectrum measured for the same plasma sample, yielding a baseline-

corrected spectrum which could subsequently be used for quantitation.127  Excellent 

correlation was obtained between the two methods for most of the major metabolites 

including acetate, alanine, creatinine, β-hydroxybutyrate, glucose, lactate and valine.  

Regression analysis of the results produced by both methods yielded a straight line with a 

correlation coefficient of 0.9989, a slope of 0.978 and an intercept of 0.054 mM.  

A purported advantage of NMR-based metabolomic experiments is that there is 

little interlaboratory variability.16  The combined effect of apodization, phasing and 

baseline correction is a determining factor of whether this statement is true.  On behalf of 

the German Federal Institute of Materials Research and Testing, Malz and Jancke105 

attempted interlaboratory validations of quantitative NMR data.  In a 1999 trial, it was 

found that the results differed by up to 100% between labs when analyzing a simple five 

component reference mixture.  The poor agreement was found to be caused by 

differences in the acquisition and processing procedures used in each laboratory.  In the 

2005 trial, the cooperative mandated the use of a 30o pulse, collection of 32k data points, 

and a relaxation delay of 20 s.  The data were then zero filled to 64k points and apodized 

by line broadening equivalent to 0.3 Hz.  Phase and baseline corrections were performed 

manually, as was the definition of integral regions.  In the second trial, the maximum 

uncertainty was found to be 1.5%, corresponding to a confidence interval of 95%.  A 

similar interlaboratory comparison was conducted56 using rat urine, although the goal of 

the experiment was a more qualitative identification of biomarkers for hydrazine-induced 

toxicity.  Interestingly, it was found in this study that the biomarkers identified were not 
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different whether baseline correction and phasing were conducted manually or 

automatically.   

 

1.4.3   Selection of Integral Regions 

 It is well known that the accuracy of integrals depends on digital resolution as 

well as on the appropriate selection of integration limits.128  It is relatively simple to 

achieve adequate digital resolution either by acquisition of sufficient data points or by 

extending the number of points in the FID through zero-filling or linear prediction. In 

practice, selection of integral regions can be more of an art. Since NMR resonances have 

Lorentzian line shape, much larger integral regions are required than for data sets with 

Gaussian peaks.  For a Lorentzian peak with a width at half-height of 0.5 Hz, integration 

regions set at 3.2 Hz or 16 Hz on either side of the resonance would include 

approximately 95% or 99% of the peak area, respectively.  Note that this analysis does 

not include the 13C satellites which account for an additional 1.1% of the intensity of 

carbon-bound protons in samples containing 13C at natural abundance.  Use of a fixed 

integration interval is impractical since line widths vary from resonance to resonance and 

selection of integral regions sufficiently wide to capture >95% of the resonance intensity 

is not feasible in most metabolic profiling experiments because of the complexity of the 

spectra produced by biological samples.   For actual samples resulting from tissue 

extracts, such wide integral regions may not be possible due to resonance overlap.  

One approach to the problem of resonance overlap is to use curve fitting to obtain 

peak areas.129  Methods for automated peak recognition and metabolite identification have 
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been developed by industry: AstraZeneca,130 GlaxoSmithKline,131 Merck,125 Hoffman La 

Roche,132 Bristol-Myers Squibb,66 Chemomx,65, 133 Bio-Rad,134 Varian,135 and Bruker.136  

Calculation of peak integrals by fitting procedures has been said to solve overlap 

problems, however some claim that the precision of the resulting integral rapidly 

decreases as peak separation becomes smaller.137  S/N is a critical factor to optimize to 

achieve high quality results from automated fitting routines. 

In a study conducted by Martin,137 results determined by unsupervised peak fitting 

showed superior precision to integration by summation if line width was optimized in the 

peak-fitting integration.  An alternative is to use supervised peak fitting, as described by 

Weljie et al.133 who employed a predictive metabolite library to generate a Lorenzian 

peak shape model of each reference.  This approach, called targeted profiling, is expected 

to become an increasingly common method for spectral deconvolution in datasets 

acquired for purposes of metabolic profiling and it is likely that a complete set of 

reference standards comprising all available characterized metabolites will be 

incorporated into the analysis at the outset of an experiment.131  Other attempts have been 

made to use mathematical approaches to decompose NMR spectra into individual 

components, called independent component analysis138 and molecular factor analysis, but 

these methods have so far failed to produce biochemically relevant results, as the 

biomarkers identified rarely match known metabolites.131 

Many metabolomic experiments employ equidistant binning (Figure 1.6), also 

known as bucketing, in which the NMR spectrum is divided into many small integral 

regions of an arbitrary width; 0.02 ppm was used in this work.  Binning does not 
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necessarily yield direct quantitative information about specific metabolites because bins 

may include intensity from more than one resonance or because a single peak may be 

divided into two or more integral segments.  An advantage to bucketing lies in the 

observation that some resonances display changes in their chemical shift as a result of 

small differences in the sample pH or ionic strength.  The use of relatively wide bins 

allows a resonance to have some deviation in its chemical shift and still lie within the 

same integration region. Although this strategy can simplify the statistical treatment of 

the dataset, the use of larger bins translates into a reduction of the effective spectral 

resolution.  Dieterle et al.132 describe a nonequidistant binning approach that takes into 

account resonance line widths. In this method an average spectrum is calculated using all 

of the measured spectra.  The first derivative of the average spectrum is calculated and 

the borders of the bins defined based on regions of maximum slope.  The application of 

this binning algorithm resulted in more than 3 times the number of integral regions than 

the previously used equidistant binning, with a corresponding increase in effective 

spectral resolution. 

 In LC-MS investigations, the data is converted into retention time-mass pairs 

which are in effect “binned” by a supervised step where a mass window and retention 

time window are defined to account for drift in both mass accuracy and chromatography, 

respectively.  There exist automated routines data cleaning for GC-MS and LC-MS 

which have been of particular use in plant biology.139  
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1.4.4  Peak Alignment 

 1H NMR spectra are typically aligned through the use of a chemical shift 

reference signal, as discussed in section 1.2.5.  However, deviations may arise due to 

variations in the sample matrix and instrumental instabilities that can produce erroneous 

integrals if automated integration routines are employed.   

Peak alignment has been employed by Forshed et al.130 using two recently 

developed genetic algorithms, segment-wise peak alignment (SWA) and peak alignment 

by reduced set mapping (PARS), which were compared to classical bucketing of 

unaligned spectra using principal component analysis (PCA) and partial least squares 

discriminant analysis (PLS-DA) regression analysis.140  The two dedicated peak 

alignment methods produced better class separation in the PCA or PLS-DA scores than 

could be obtained with the bucketed datasets.  The incorporation of a peak alignment 

procedure was also shown to improve the outcomes of a metabolite fingerprinting 

experiment carried out on a set of green tea samples of different type, grade and 

geographical origin.141  The effect of these peak alignment methods on the quantitative 

accuracy of metabolic profiling datasets has not been shown, but it is thought that errors 

would be introduced into peak integrals if the integration is achieved by summation since 

these alignment methods are known to reduce spectral resolution.140   

 

1.4.5  Normalization  

After apodization, phasing, baseline correction, integration, and possibly 

alignment have been carried out, the experimenter is left with a table in which each row 
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represents the data from a given sample and each column corresponds to the integrated 

area of a single resonance or a spectral bin, as discussed in section 1.4.3.  To be able to 

perform quantitative analysis on even a relative basis, most datasets must be subjected to 

normalization.121  Normalization allows data to be directly compared in cases where the 

biological samples are either of unknown/non-uniform amount or unknown/non-uniform 

concentration.  The most commonly used method of normalization, applied in cases 

where there is no a priori knowledge of the biological sample mass or volume, is 

normalization to a constant sum.142  In this method, the sum of each row is calculated (all 

integrals from a sample) and each integral is then expressed as a fraction of the total 

spectral integral.  This normalization approach is often used in conjunction with binning 

integration and is not recommended for metabolic profiling of selected, specific integral 

regions as the sum of all integrals is likely to have more variation when less of the 

spectrum is sampled.  

In cases where the grams of wet or dry weight of solid136 or volume of fluid 

constituting each sample is known, normalizing to these factors can lend more biological 

relevance to the assay.  It has been pointed out that this approach is less biologically 

relevant for metabolic profiling of urine due to the variable nature of urinary volume, and 

it may be more clinically useful to normalize to the time interval between urinary 

excretions and body weight of the organism under study.121  In a comparison using our 

data between sum and mass normalization (Figure 1.16), normalization to a constant sum 

was found to have 26% RSD when trying to quantify metabolites using all integral areas 
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without solvent 40% RSD when trying to quantify metabolites normalizing to tissue dry 

weight (DW).  

Some normalization techniques employed recently in metabolic profiling have 

been influenced by state-of-the-art quantitative biological techniques such as mRNA 

microarrays, perhaps because metabolic profiling datasets are now being combined with 

datasets generated from these types of experiments.143, 144  In this approach the integrated 

area of each chosen metabolite resonance is referenced to the integrated area of a 

“housekeeping” metabolite.121  This method has been applied in gel electrophoresis for 

protein quantitation since the early 1990s145 and more recently in reverse transcription-

polymerase chain reaction (RT-PCR) and gene chip array technologies for quantitation of 

mRNA.  Alternatively, the concentration of a specific metabolite can be determined by an 

independent means, for example by enzymatic assay,146 which can provide a scaling 

factor for the entire spectrum.   

It has been stated that non-weighted linear multivariate pattern-recognition 

techniques, such as PCA, favor more intense resonances and fail to identify biologically 

important compounds that are present in relatively low quantities.  Gipson et al.131 

propose a non-uniform weighting scheme to tease out significant biomarkers which may 

be present at low levels or which have resonances deeply buried in crowded spectral 

regions.  Non-uniform weighting involves a different normalization factor to be used in 

each column and in each row of the table of data as described earlier.  It has been stated 

that non-uniform weighting can aid in binary classification of samples based on  
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Figure 1.16 Normalization to (A) constant sum or (B) tissue dry weight.  Bioreplicates are represented by 
individual bars (N = 5).  Arabidopsis seedling root control (RC) tissue extracts are in black, hypoxia-treated 
root extracts (RH) are in grey.  Shown is the aliphatic region of NMR spectrum occupied by organic and 

amino acid β and γ proton resonances using integrals for targeted quantitative analysis. 
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differences in low-abundance metabolites, however the potential for absolute quantitation 

is lost, therefore it is not recommended for metabolic profiling datasets. 

 Intrabatch drifting and batch-to-batch differences are quite common in LC-MS 

and are caused by a variety of factors, including ion source contamination, instrument 

maintenance between batches, and time between sample preparation and analysis.  In 

large-scale studies (taking months to years to complete), drift can present a significant 

roadblock to achieving good reproducibility.  In targeted compound analysis, calibration 

standards and stable-isotope-labeled internal standards can be employed to achieve the 

required precision and accuracy, however in non-targeted studies the observed responses 

are often of unidentified substances.  Calibration with a QC, as recommended and 

diagrammed by Figure 1.3, is designed to overcome this problem by performing a 

quantitative scaling of responses based on repeated analysis of a biological calibration 

sample (not a standard).4 

 

1.4.6  Centering, Scaling and Transformation 

Centering and scaling are performed on columns of data, represented in this case 

by the integrated area of one resonance or one spectral bin across all samples.  Centering, 

in general, adjusts for differences in the offset between high and low abundance 

metabolites.  Scaling can adjust for differences in the magnitude of the metabolite fold 

change by converting the data into differences relative to a scaling factor.  

Transformations, in general, are nonlinear conversions of the data which aim to correct 

for nonlinear variance or to make skewed distributions more symmetric.147 Mean 
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centering is achieved by subtracting the column mean from each value in the column, 

giving each column of the table a mean of zero.  This is done so that all components 

found by multivariate analyses have their origin at the centroid of the data.    

The most commonly applied scaling technique goes by many names including 

variance scaling, unit scaling, unit variance scaling and autoscaling.  Variance scaling is 

achieved by dividing all the values for a certain variable by the standard deviation for that 

variable.  After variance scaling, all metabolites have a standard deviation of one and 

therefore the data is analyzed on the basis of correlations instead of covariances, as is the 

case with centered data.  Many times, mean centering and variance scaling are performed 

on the same dataset.  Pareto scaling147 uses the square root of the standard deviation as 

the scaling factor.  This has advantages over variance scaling because large fold changes 

are decreased more than small fold changes.  Also, the data does not become 

dimensionless as after mean centering and variance scaling.   

Two types of transformations in common use are the log transformation and the 

power transformation.  Both of these techniques reduce large values more than small 

values, resulting in a pseudo scaling effect.  It can be useful to perform a transformation 

prior to one of the aforementioned scaling methods because these transformations do not 

use a scaling factor with any biological or analytical relevance.  Unfortunately it is not 

clear how transformation and scaling methods influence each other when applied to 

complex metabolic profiling datasets.147  Parsons et al.148 compared variance scaling, 

Pareto scaling, log transformation and mean centering using statistical approaches to 

quantify the effects of the various scaling, centering and transformation processes.  The 
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data compared resulted from metabolic profiling of canine urine, mussel muscle extracts, 

and fish liver extracts analyzed by one- and 2D 1H NMR.  Multivariate statistical 

methods (PCA and ANOVA) were utilized to evaluate the effects of scaling techniques 

upon each data set as a whole instead of treating each resonance or spectral bucket 

individually.  It was found that logarithm transformation improved the binary 

classification accuracy for the mussel and fish tissue extracts, but the use of the log 

transformation and variance scaling had approximately equal classification accuracies for 

the canine urine samples.148 

 

1.5 Turning Information/Data into Knowledge 

Metabolic profiling, metabolomics, and metabonomics have been characterized as 

a five-stage process: experimental design and meta-data capture, data pre-processing, 

cleaned data, turning data to knowledge, and databasing.37, 149  Thus far, this chapter has 

described how to arrive at cleaned data.  Once a clean data matrix has been constructed, 

the data can be queried and/or deposited in a repository for public access.   

 

1.5.1  Multivariate Data Analysis 

Chemometrics, defined as the analysis of chemical measurements with the aim of 

pattern recognition, has played a central role in the development of metabolomics.150  

One way of dealing with overlapping peaks in NMR or LC-MS data, besides spectral 

subtraction and deconvolution by peak fitting, is to spread the data across more 

dimensions by transforming the data matrix into a new coordinate space using a 
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multivariable data modeling technique such as PCA.112  Using this approach, the 

dimensionality of the problem is reduced without losing much of the information.  Using 

a simple example, two observations can be X1 and X2 under conditions 1 and 2.  

Assuming we have a random sample of N observations on X1 and X2, we can find the 

means x  and mean-center each observation (xi = Xi - x ).  Two new variables C1 and C2 

can be created, called principal components, which are linear functions of the original 

variables X1 and X2 as follows: 

C1 = a11 x1 +  a12 x2 (1.4) 

C2 = a21 x1 + a22 x2 (1.5) 

Weighting coefficients (a11, a12, a21 and a22) are chosen such that the variance in C1 is 

maximized, C1 and C2 are orthogonal (uncorrelated), and the sum of the squares of the 

coefficients for each principal component is one.  This can be thought of as a rotational 

operation or matrix transformation such that the new axes are drawn in terms of the 

variance in the dataset rather than just raw intensity values. 

The new variables C1 and C2 are also known as eigenvectors. The variance 

explained by C1 and C2 are known as the eigenvalues.  In this new coordinate space, the 

sum of the variance is preserved, and the lengths of the new axes are proportional to 

standard deviations.  Focus can be made on the column (Q-mode) or row (R-mode) 

space.  The Q-mode eigenvectors are named scores while the R-mode eigenvectors are 

named loadings.151, 152  Often, most of the variability in the data can be explained by a 

few (2-5) components.  In these cases, multidimensional data can be reduced to two 

dimensions by a scatterplot of the first two eigenvectors. The transformed data matrix can 
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be visualized in many ways.153  Clusters of samples according to treatment are generated 

using “scores” and confidence in metabolite assignments are supported by “loadings.”  

Using multivariate data modeling, covarying regions of the NMR spectrum or total ion 

chromatogram can be identified as they relate to biological treatment.  Hypotheses can be 

developed in the way of chemical structures which would satisfy the conditions of 

covarying regions.  Multivariate data analysis is useful as a global way to examine 

clustering and correlations within the entire data set.  

An additional advantage of unsupervised data exploration is that outliers are 

identified.   Loading lengths (corresponding to the magnitude of variance) can indicate 

those rows or columns input to the model which possess excessive variance, for example 

due to poor water suppression or when a contaminant has been introduced to some (but 

not all) samples through the use of shared lab space and equipment, for example the 

speedvacuum.  The position of a sample within a scores plot can reveal if it contains 

covarying integral regions among similar or different treatments. 

Partial least squares (PLS) is an ideal technique for analysis of data sets in which 

the variables are highly correlated and greatly outnumber the samples, as can be the case 

with data generated by NMR-based metabolomics.  In some cases, samples with 

excessive time between extraction and analysis can be identified by PLS, particularly by 

plotting leverages versus standardized residual.  The algorithm we used is based on 

nonlinear iterative PLS algorithm developed by Wold.  The algorithm is designed to 

reduce the number of variables to a set of uncorrelated components.154, 155 
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Hierarchical clustering is another unsupervised method that can be applied to 

samples or variables.156  This analysis is useful to separate treatments or variables into 

groups and examine the overall characteristics of the resulting groups.  For example, 

identical treatments should cluster together.  This is another way to identify outlying 

samples.  In any case, multiple regions occupied by the same metabolite should cluster in 

the same group, provided that there is no overlap of metabolite resonances.  Coregulated 

metabolites will cluster together if a small number of groups (10) is defined at the outset 

of the calculation. 

 

1.5.2  Assigning Metabolites to Peaks 

The problem of assigning chemical signals to metabolites is one of the most time 

consuming aspects of a metabolic profiling experiment.  Even experts in the field are 

reaching the limit at 40-50 metabolites per experiment, adding at a rate of ten per year 

once the obvious signals have been assigned.157  1D NMR spectra or LC-MS 

chromatograms of metabolite standards in a buffered solution designed to imitate the 

tissue extract under investigation are used to build an in-house database specific to each 

plant/tissue/biofluid/extract under study in our lab.  The chemical shifts, multiplicities, 

and J-couplings observed in standards are matched against the molecular data generated 

by the biological samples until each observed NMR resonance and MS fragment is 

assigned.  The limitation of this approach is that it is based on a survey of metabolite 

standards which must be known a priori.   
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Comparison of experimental spectra with literature values is extremely important 

in establishing confidence in assignments.  The development of publicly available 

databases has been slow, but the information shared in these web resources is powerful 

and growing in spurts as new versions are released and new data is uploaded.158  Listings 

of metabolites for different organisms can be found in the KEGG159 and BioCyc160 

databases, which connect individual metabolites to pathways.  General physical and 

chemical properties of metabolites can be found in chemocentric databases such as 

PubChem or SciFinder, the chemical abstracts service (CAS) database.  The human 

metabolite database (HMDB)161 contains more than 7,900 metabolites found in the 

human body and is annotated with chemical, clinical, and molecular biology data.  The 

Golm metabolome database (GMD)162 contains mass spectra and retention index 

metabolite (MSRI) libraries, for 3,362 unique derivatized analytes via GC-MS based 

metabolic profiling.  Another resource for MS-based analyses is the metabolite and 

tandem MS database (METLIN)163 where searches can be compared against a 45,160 

compound library based on mass, charge, and MS/MS constraints.  The most valuable 

resource for NMR-based metabolomics is the Madison Metabolomics Consortium 

Database (MMCD)164 because it is possible to search by NMR chemical shift.  

Combinations of chemical shifts can be inputs, limiting the number of false positive hits. 

The search feature also accommodates searching a range of chemical shift values, 

limiting the number of false negative hits.  
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1.5.3  Univariate Data Analysis  

Since the days of Charles Darwin (1809-1882), biological experimentation and 

pairwise comparisons have been a useful approach for unraveling the mysteries of living 

systems. We can obtain an unbiased estimate of population variance from the sample 

variance by adjusting the number of degrees of freedom lost computing the mean as 

follows.165   
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The sample standard deviation166 (s) is calculated by subtracting each value ( x ) by the 

average of all the values ( x ) for integrated metabolites in plant extracts from 

bioreplicates treated identically.  The denominator contains the number of samples (N) 

minus one to correct the degrees of freedom. 

After taking a global snapshot of the metabolic state of an organism under control 

and stress conditions, with the proper number of observations to provide adequate 

statistical power, a one-by-one treatment of identified and interesting unidentified 

chemical signals logically follows.  When comparing the average metabolite level 

between two biological treatments, it is likely that the metabolites do not have equal 

variance.  Therefore it is more robust to consider the Student’s t-test with two 

independent small normal samples with unequal variances.120  When all available values 

are used, a population standard deviation is calculated, when only a subset of available 

values are used a sample standard deviation is indicated.  In our case, we sample only 

some bioreplicates, therefore population standard deviation is not appropriate. 
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 By extension, the pooled sample standard deviation (spooled )
166 between two 

distributions can be calculated for each integral region under investigation 
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using the sample standard deviation of a sampling of stressed treatments (ss) and the 

sample standard deviation of a sampling of control treatments (sc) with some number of 

bioreplicate measurements of each treatment, Ns and Nc respectively.  A Student’s t-test165 

is performed to evaluate significant differences between control and stressed populations 

for each variable (metabolite).  The calculated t (tcalc) is compared with a table of values 
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according to the number of samples.  Using Excel 2003, tcalc can be converted to p-value 

to establish precise differences for comparisons taking into account the cumulative 

sample variances.  Changes in metabolite levels are ultimately reported analogously to 

microarray experiments, either as fold change or signal-log ratio 

Fold change (FC) = x s / x c (1.9) 

Signal-log ratio (SLR) = log2( x s ) - log2( x c) (1.10) 

where sx is the average of the integrated intensity of the metabolite x among samples (i.e. 

plants subjected to the stress treatment) and cx is the average of the integrated intensity of 

metabolite x among controls (i.e. plants maintained under a control treatment).  SLR is 

applied to reduce the impact of large changes and enhance the impact of more subtle 

changes, which may both be biologically important.   
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1.5.4 Pathway Visualization 

 Orthogonal measurements (transcriptomics vs. metabolomics) can confirm 

biological hypotheses and lead to more complete understanding of biological networks.167  

Visualization tools such as MapMan (Figure 1.17),168, 169 Pathway Tools Omics 

Viewer,160 KaPPA-view,170 rely on pathways obtained from KEGG159 or MetaCyc171 

coordinating transcriptome data in the framework of a functional metabolic pathway 

display allowing comparison between datasets and between organisms.172  One drawback 

to this type of representation is that the standard deviations are not represented, only 

average intensities painted into boxes and color-coded to express the magnitude of the 

variable at a single timepoint.173  It is more challenging to illustrate the effect of a 

treatment over time or a dose dependence, although sometimes multiple boxes are shown 

by each node where each box represents one treatment.  

In some cases is it useful to build a metabolic pathway map containing only 

relevant pathways to emphasize those most central to the biological story that emerges 

from the omic datasets.  This format can be less distracting for the reader because there is 

effectively less noise represented in the same space, but it does not translate as easily 

from one study to another for direct comparisons.  There exist software programs for 

building pathways from scratch, reviewed by Gehlenborg et al.,174 but none of these were 

utilized in this work. Metabolomic investigations are particularly useful for hypothesis 

generation.  For example, results of a non-targeted investigation of dynamic changes in 
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Figure 1.17. Output from MapMan can express each transcript as a different box.  Boxes are arranged 
according to pathways, with each box representing an individual gene.  Blue indicates the transcript level 
decreases, yellow indicates the transcript level increases, white indicates no change in transcript level in 
response to biological treatment or no transcript detected.  A color bar with corresponding log2 fold change 
is at upper right. 

 

metabolite levels in rice foliage over a 24-hour period suggested that bottleneck 

enzymatic steps exist in both carbon and nitrogen metabolism.175 

Comparison between transcript data and metabolite data can also be performed 

manually.  Signal intensities corresponding to each transcript and selected metabolites 

can be compared across sample treatments by dividing the intensity of the signal in the 

stressed sample by the intensity of the signal in its control, yielding a fold change.  The 

transcript fold changes are typically log2 transformed to prevent small fold changes from 

being masked by larger fold changes.  This was not done to the metabolite data since the 
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response of metabolite levels to the stress was less dramatic.  Transcripts encoding 

metabolic enzymes received special consideration and consensus was sought in pathways 

where corresponding enzyme and substrate/products demonstrated significant fold 

changes in response to biological treatment. 

 

1.6 Motivation 

1.6.1 Population Growth, Food Security 

Manuel Benítez was a bullfighter from humble origins who was nearly illiterate.  

On May 20, 1964 he was nearly gored in a fight and became famous overnight in Spain. 

A reporter questioned whether he feared being stabbed by the bull's horns.  His answer 

was this: “Más cornás da el hambre.” Roughly translated, he said "Hunger stabs you 

worse." This statement reveals the connection between food, health, and security.  If an 

impoverished human being is willing to risk death to provide for his family, it can be 

seen that hunger can be a powerful motivating force. 

Human population increases, particularly in flood-prone geographical areas, has 

presented considerable challenges for food producers in Haiti, Bangladesh, Egypt, India, 

Australia, Pakistan, China, Cuba, Brazil, Mexico, South Africa, and even in the United 

States.176  The incidence of flooding has increased 30% in the past 20 years, 2-5% in the 

past year alone.177  By 2020, the United Nations predicts that the human population will 

exceed 7.7 billion,178 nearly a 12% increase over the current population,179 with ninety-

eight percent of population growth occurring in developing countries.180  As many as 450 

million poor farmers, defined as those whose resources (land, water, labor, capital) do not 
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permit a secure livelihood, support 1.25 billion poor hungry people.  In developing 

countries, poor farmers are responsible for producing up to 90% of domestically 

consumed food.  The reality that these farmers are facing is decreased yield due to global 

warming and associated weather instability coupled with a shortage of arable land.   Most 

of the soil with high productivity potential is already under cultivation.  In westernized 

societies, rising social standards increase demand for high-quality foodstuffs.  Dietary 

habits are shifting towards consumption of meat and milk products, causing the demand 

for grain to more than double.  This places even greater need for bolstered crop yields for 

food stability. 

Transgenic crops with improved nutrient profiles may address deficiencies that 

contribute to mortality or poor health in impoverished countries where malnourishment is 

a critical issue.  Health benefits have been attributed to a variety of phytochemicals,181 

which will likely continue to be of interest in the USA, Japan and Europe where the 

market for so-called nutraceuticals is predicted to be large and growing.  Genetically 

engineered plants may serve as factories for pharmaceuticals, an issue which has been 

recently highlighted as a solution for delivery of medicine to “bridge the gap” between 

developed and developing countries.182  A primary bottleneck is quality control, 

representing an opportunity for analytical chemistry to facilitate development.  

Corporations with an interest in agricultural biotechnology are currently 

exploiting metabolic profiling for profit.  On the order of 400,000 chromatograms are 

recorded by BASF per year,183 using both GC and LC coupled to MS.  More than 1.5 

million metabolic profiles have been recorded and interpreted as of September 2009 with 
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annotations accompanying 500-700 of 9000 signals (5-8%), underscoring the need for 

further attention in this area.  Annotation of the metabolome will require expansion of 

analytical methodologies into regions of chemical space previously uncovered.  This calls 

for methods aimed at both discovery (non-targeted) and careful follow-up (targeted) 

studies to elucidate structure, function, and biochemical relationships in plant metabolic 

pathways.  Using tagged libraries of model plant species can facilitate the task of 

annotation, as well as generating leads for agribusiness applications, where the main 

focus of research is to improve yield. 

 

1.6.2 Climate Change and Sustainability 

The “green revolution” of the 1950s, 60s and 70s, which saw increased use of 

irrigation, synthetic fertilizer, hybrid and other improved seeds, and synthetic pesticides 

can no longer compensate for rising demand.  In the 21st century, “sustainable” 

approaches are becoming the standard.  Biotechnology in the form of genetically-

modified organisms has not found acceptance in all countries, however “traditional” 

breeding has begun to yield varieties of cultivated crop plants able to withstand drought, 

flooding, salinity and other abiotic stress, expanding utilization of otherwise undesirable 

land areas.   

Plants possess a great power to harness the sun’s energy, building nutrients and 

essential vitamins out of oxygen, sunlight, carbon dioxide, and minerals in the rainwater 

and soil.  Plants serve as feed for our animals, fuel for our machines, food for our families 

and sources of pharmaceuticals.184  Our quality of life is enhanced by plant-derived 
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perfumes and flavorings, cosmetics and toiletries, materials for sporting equipment and 

transportation, musical instruments and art (pigments, pencils, and photographic film).  

Many of our dwellings are manufactured and decorated with plant-based materials.  The 

clothing we wear for comfort and fashion is made from plants.   

Plants have evolved in parallel with humans for a hundred million years.185  By 

learning about plants, we are learning about ourselves.  Mammals and land plants, like all 

eukaryotic organisms, utilize oxygen in cellular respiration. Taking a bird’s eye view of 

cellular metabolism in eukaryotic cells186 (Figure 1.18) it is clear that a small number of 

key intermediates are generated via catabolism, which can drive work or become 

incorporated into cellular building blocks, ultimately supporting growth and 

reproduction.  In oxygen-limiting conditions, severe hypoxia or anoxia, the cell is 

handicapped in its ability to produce ATP for energy-dependent reactions because of the 

requirement for oxygen as the final electron acceptor in the mitochondrial electron 

transport chain that is coupled with ATP production. Under situations of oxygen 

deprivation, anaerobic energy metabolism can only be generated through substrate level 

phosphorylation requiring key glycolytic intermediates: phosphoenolpyruvate (PEP) and 

pyruvate.  Oxygen deprivation may induce auxillary metabolic processes to augment the 

small pool of coupling intermediates formed by glycolysis and the TCA cycle.186 We aim 

to understand specifically what can and cannot change in metabolism when oxygen 

availability changes.  These changes may include pathways that generate different kinds 

and amounts of end products as well as mechanisms for controlling the numbers and 

kinds of coupling metabolites. 
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Low oxygen conditions in plants arise naturally by a variety of circumstances; ice 

encasement of leaves and fruits causes annual crop losses in citrus and other warm-

weather fruits where a physical barrier of frozen water prevents gas exchange, flooding 

(waterlogging of root systems to complete plant submergence) of wheat, corn, soybean 

and rice at a critical point in development can decimate yields by restricting diffusion of  

 
Figure 1.18. A functional block diagram of metabolism in a eukaryotic cell.  Although metabolic details 
are omitted, the diagram emphasizes the small number of connections between the blocks.  

 

gases to inundated organs. In some soils available oxygen is consumed by microbes 

inducing hypoxic conditions within root systems.  In cases of contamination, when tar or 

other viscous media are dumped onto soil, plants will experience hypoxia or anoxia 

similar to or more severe than inundation by water.  Other cases of low-oxygen arise 

naturally for burrowing mammals who survive despite poor air flow in tunnels, alpine 

plants and animals that live at high altitudes, breath-hold divers such as whales and seals, 
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and hibernating species such as ground squirrels that can survive while taking only a few 

breaths per hour. 

One strategy to prevent spoilage of fruits and flowers under storage is to maintain 

hypoxic conditions; in particular the study of apple has been revelatory regarding 

metabolic reconfiguration in oxygen-limited environments.187  Anoxia-induced metabolic 

rate depression accounts for the long shelf-life of fresh shellfish in seafood markets, via 

mechanisms that also help shellfish survive in poorly oxygenated, contaminated, murky 

or dehydrated tidepools.186, 188 

Metabolism under oxygen-limited conditions has been an area of active research 

driven from a clinical perspective.  Two of the most common causes of death are stroke 

and cardiac arrest. 186  In both cases, anaerobiosis occurs in various tissues of the body.  

In the growth and proliferation of cancer, tissue metabolism becomes anaerobic when 

sufficient blood supply has not permeated local areas.  Studying metabolic adaptations to 

survive periods of anoxia, which have arisen as a result of evolutionary pressure, has 

been a useful strategy in plant biology as well.   

A consortium of researchers in operation for over a decade is the International 

Society for Plant Anaerobiosis (ISPA), which aims to cooperatively understand plant 

adaptations to low oxygen environments.  Members from a wide cross-section of 

scientific disciplines and who work with a diversity of plants (some adapted to grow in 

low-oxygen environments and some of agricultural importance) include ecologists (who 

study life and interactions between life forms within ecosystems) and agronomists (who 

develop plants for specific purposes including food, fuel, feed and fiber).  Taking a cross-
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disciplinary approach to problems at the interface of biology and chemistry will bring 

new developments of practical importance and will inform our basic understanding of 

cellular metabolism. 

Metabolic profiling experiments have been shown to be of great use to researchers 

to determine the impact of genetic modifications on metabolism.48, 136, 189  The inherent 

quantitative nature of NMR and its ability to deal with relatively unadulterated biofluids 

and tissues makes it an ideal analytical technique for metabolic profiling.  Many in the 

field have labored to investigate the effects of acquisition and processing parameters, as 

shown in this chapter, and such studies have been validated using biological samples.  

However, the future use of NMR and LC-MS for metabolic profiling and metabolomic 

experiments will depend on the degree to which the results can be modeled onto 

biochemical pathways, and generate meaningful biological conclusions that are 

ultimately supported by the data.  

 One barrier to the use of metabolic profiling data to draw biological conclusions 

is that often there is a lack of thorough metadata reporting, meaning data about data, such 

as details about the experimental design, acquisition, and processing parameters.  A large 

team of researchers with experience in the field of metabolic profiling190 provided a full 

list of recommendations in an attempt to standardize both the degree of disclosure and the 

terminology used.  Another helpful resource offers kingdom-specific reporting guidelines 

(i.e. mammals, plants, microbes, etc.) as well as specific standards for organisms studied 

as they exist freely in nature.191  If metadata is included with metabolic profiling 

experiments when they are published, as some journals are beginning to require, there is a 
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greater likelihood that the results will become part of the larger “omic” field including 

genomics, transcriptomics, and proteomics.  Several studies have already begun to 

combine datasets from different omics approaches,143, 144 which allow more confident 

biological conclusions to be reached. 

In this chapter (Chapter 1), analytical chemistry contributions to the growing field 

of metabolic profiling of plant cells, tissues and organs were introduced.  Historical 

perspectives and challenges were addressed.  The details involved in acquiring and 

processing datasets were articulated.  Biological problems motivate the iterative cycle of 

turning data into knowledge. The focus of this dissertation is to unravel plants’ adaptive 

responses that enable survival of transient low oxygen stress. 1D 1H NMR spectra of 

plant tissue extracts, the predominant type of data collected in this dissertation, proved 

particularly useful in plant metabolic profiling to establish the identity and quantity of 

molecules measured directly in this complex mixture.  When signal overlap precluded 

resonance assignment to a metabolite, a second dimension was employed.  For 

comparison, LC-MS was used to record profiles of hydrophilic metabolites involved in 

secondary metabolism.   

Chapter 2 addresses through experimentation the challenges associated with 

controlling sources of variance, sampling and number of replicates in experimental 

design and metadata collection.  Using a single pool of tissue harvested from a mature 

model plant, we identified and optimized factors that influence analytical reproducibility 

and quality of 1H NMR spectra to represent abundant small molecule metabolites.   
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The experimental data presented was collected with the aim of obtaining 

representative and reproducible chemical and biological information.  Chapters 3 and 4 

provide a time course and organ-specific analysis, respectively, in the study of low 

oxygen stress.  Chapter 5 formalizes our approach to dereplication, employing a 

multiplatform hyphenated approach combining UPLC-UV-MS and HPLC-UV-NMR to 

gain a structural foothold to establish molecular identity.  Chapter 6 utilizes UPLC-MS 

exclusively to record metabolite profiles for comparison the advantages and 

disadvantages as well as relevant factors for such experimental platform.  In closing, 

Chapter 7 presents conclusions and future opportunities at the nexus of chemistry in 

biology in metabolomics.   
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Chapter Two 

Tissue Extraction for Comparative Metabonomics in Arabidopsis 

This chapter contains some text and figures from “A comparison of metabolite extraction 

strategies for 
1
H NMR-based metabolic profiling using mature leaf tissue from the model 

plant Arabidopsis thaliana” Kayla A. Kaiser, Gregory A. Barding, Jr. and Cynthia K. 

Larive.  Magnetic Resonance in Chemistry. (2009) Volume 47 Issue S1, Pages S147-

S156.   

 

KAK prepared 65 matched samples of Arabidopsis leaves harvested at growth 

stage 6.00 to investigate the effect of post-harvest and sample preparation manipulations 

on the resulting 
1
H NMR metabolic profile.  GAB kindly contributed by performing all 

methanolic extractions and enabling evaluation of acetonitrile/water extraction/
1
H NMR 

metabolic profiling robustness by replicating the work of KAK. This work was supported 

by National Science Foundation (CHE-0616811) to CKL.  

 

This chapter also contains material from Kim, J. D.; Kaiser, K. A.; Larive, C. K.; 

and Borkovich, K. “Use of ¹H NMR to measure intracellular metabolite levels during 

growth and asexual sporulation in Neurospora crassa” Eukaryotic Cell. Volume 10, 

Number 6, Pages 820-831, 2011. 

 

JDK prepared cultures of Neurospora under conditions of high or low sucrose for 

a comparative study between wild-type and a mutant carrying a G-protein α subunit gene 

deletion.  Leading up to this work, a comparison of homogenization techniques (glass 

mini-bead vs. micropestle) revealed higher extraction efficiency using a micropestle.  In a 

follow-up experiment, prompted by reviewer’s helpful suggestions, it was established 

that the sample preparation protocol produces a stable extract reflecting intracellular 

endogenous metabolites of N. crassa over a time period greatly exceeding the duration of 

the nominative sample preparation time.  This work was supported by Public Health 

Service grants GM048626 and GM086565 from the National Institute of General 

Medical Sciences to K.A.B.  C.K.L. gratefully acknowledges support from National 

Science Foundation grant CHE 0848976. 

 

KAK, JDK and GAB gratefully acknowledge support from the National Science 

Foundation Integrative Graduate Education Research and Training (IGERT) program in 

Chemical Biology, which supported both studies in this chapter. (DGE-0504249). 
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2.1  Introduction  

Metabolomics is a field which aims for the identification and relative 

quantification of all metabolites present in an organism.
1, 2

  Metabolomic investigations 

are particularly useful for hypothesis generation.  For example, results of a non-targeted 

investigation of dynamic changes in metabolite levels in rice foliage over a 24-hour 

period suggested that bottleneck enzymatic steps exist in both carbon and nitrogen 

metabolism.
3
  Regardless of the terminology used, metabolite analysis has become an 

essential component of systems biology and attention to this field continues to increase.
4-6

 

Systematic comparison of sample preparation methods for metabolite analysis in 

yeast,
7
 Escherichia. coli,

8
 filamentous fungi,

9, 10
 chickpea,

11
 snowberry,

12
 a variety of 

herbs,
13

 earthworm,
14

 fish muscle and liver,
15, 16

 bovine liver,
17

 rat brain,
18

 and human 

serum
19

 have been reported.  At the time this work was undertaken, limited studies had 

been performed using the plant Arabidopsis thaliana,
20, 21

 targeted to detection by mass 

spectrometry.  Because of its importance as a model system, a more extensive evaluation 

was necessary to determine the advantages and pitfalls of several common sample 

preparation techniques as they affect the outcomes of 
1
H NMR methods.  In a review 

article by Fukusaki and Kobayashi,
3
  the authors emphasize that “among the many steps 

[in a plant metabolomic experiment], the extraction procedure is the most important one.” 

With this in mind we were motivated to improve metabolite extraction procedures prior 

to 
1
H NMR analyses for A. thaliana and the filamentous fungus model, Neurospora 

crassa. 
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2.1.1 Arabidopsis thaliana: A Useful Weed for Systems Biology 

Arabidopsis thaliana, often simply called Arabidopsis, is a model system for 

basic plant research.  It has been studied intensively for over 50 years.
22

  Its short 

generation time (5-6 weeks), small size, tolerance to indoor growth conditions, and the 

ease of large scale mutagenesis make it ideally suited for laboratory work.  Its genome is 

small (120 Mb) relative to most vascular plants and its nucleotide sequence was 

completed in December 2000.
23

 There exists an extensive collection of indexed 

insertional mutants that are publicly available for experimentation.  Agrobacterium 

tumefaciens can be used to transform A. thaliana, whereby non-native genes with the left 

and right borders of A. tumefaciens T-DNA sequences can be readily introduced into the 

nuclear genome, contributing daily to the number and variety of mutants available to 

researchers.  Commercially available DNA microarrays, such as the Affymetrix ATH1 

GeneChip, can provide rapid, quantitative analysis regarding the steady state gene 

expression levels of the over 24,000 recognized genes.  Currently about 5,000 genes have 

been functionally annotated based on experimental evidence, and the number is growing 

each day.  With all that is known about its genome, great interest in Arabidopsis 

metabolomic analysis has been generated,
24

 yet a detailed analysis of the effect of sample 

preparation steps on the outcome of a 
1
H NMR metabolic profiling experiment has not 

been reported for this plant model. 

An exhaustive discussion of all plant compounds and their properties is beyond 

the scope of this work, however basic features contributing to the solubility of relatively 

abundant compounds will be useful for the discussion that follows.
2, 25, 26

  Carbohydrates 
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including sucrose, glucose, fructose, arabinose, fucose, galactose, mannose, rhamnose 

and xylose, as well as members of the hexose-phosphate pool are metabolites that may be 

found in the water-soluble fraction of Arabidopsis extracts, as well as the standard amino 

acids and related amines such as choline, ornithine, and citrulline.   Plant lipids and 

waxes are highly soluble in organic solvents such as chloroform.
17

  Plant waxes are 

structurally similar to fatty acids, except that they are built upon a longer alcohol 

backbone bound to more than three fatty acid chains.  In the 
1
H NMR spectrum, lipids 

and waxes give rise to intense broad resonances in the alkane region (1.0 ppm, 1.3 ppm, 

1.6 ppm) which obscure sharp resonances of many compounds of interest.
14-16

  Therefore, 

the removal of these resonances became a focus of our method development. 

 

2.1.2  Motivation and Goals for an Extraction Comparison 

Factors to optimize throughout method development included sensitivity, 

robustness, precision, speed, and ease.  Consideration was given to providing better 

information, improving experimental outcomes for either metabolomic discovery-type 

experiments or to facilitate determination of chemical identity and quantity as in 

metabolic profiling.  Already this study has been useful to a number of researchers 

exploring new applications
27

 and new methods of analysis.
28-31

  Using the model plant A. 

thaliana, the effect of the extraction method on the 
1
H NMR metabolic profile was 

evaluated with respect to reproducibility and quality.  Extract refinement steps were 

appraised for their ability to improve 
1
H NMR spectral quality through the removal of 

lipid resonances.  Solid-phase extraction (SPE) sorbents were compared for their 
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selectivity and recovery of primary and secondary metabolites, which will be discussed 

further in Chapter 5.  Although this study was performed using a single species and 

genotype at a particular developmental stage, the results can be extended to other 

systems. 

NMR-based metabonomics experiments are implemented practically by sampling 

(as non-invasively as possible) biological systems, applying minimal sample preparation, 

and interrogation of the intact mixture by NMR.  Overlapping signals in one-dimensional 

proton spectra are deconvoluted via chemometric multivariable data modeling.  

Biomarkers are assigned to a particular state of the biological system through correlation 

and covariance analysis of variables, which represent regions of the NMR spectra.  

Researchers in plant biology have been slow to implement metabonomic approaches, 

perhaps because the number of metabolites plants biosynthesize is proposed to surpass 

the size of the human metabolome (~1,000s of molecules) by two orders of magnitude.   

Nevertheless, for abundant primary metabolites cellular physiology is largely conserved 

across all eukaryotic organisms.  Therefore common approaches from the literature were 

applied to A. thaliana to explore its potential to inform studies of cellular adjustments to 

survive low oxygen stress using NMR-based metabonomics (applications highlighted in 

Chapters 3, 4). 

Although many extraction protocols rely on methanol in combination with water 

and/or chloroform,
32

 our laboratory began optimization of a sample preparation method 

using acetonitrile, as suggested by Gullberg et al.,
20

 and applied it successfully for the 

analysis of oxygen-deprived Arabidopsis seedlings.
33

  Extraction with CD3CN/D2O 
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proved useful, enabling metabolomic classification of seedlings exposed to different 

oxygen environments, 
33

 which is fully presented in Chapter 3.  Changes in the levels of 

metabolites such as succinate, lactate, alanine, and ethanol were expected to be involved 

in the plant’s hypoxic/anoxic response and those detected from this set were in fact 

responsible for segregation of 
1
H NMR spectra of extracts of control, 2 hour, and 9 hour 

stressed seedlings using a principal component analysis (PCA) model. Interestingly, γ-

aminobutyric acid (GABA), glutamate and glutamine were also found to play a role in 

sample segregation according to duration of hypoxic stress, illustrating the advantage of 

nonspecific NMR-based metabolomic analysis.  Furthermore, the spectral quality of the 

CD3CN/D2O extracts was sufficient to allow peak integration and calculation of 

quantitative fold changes for all metabolites mentioned above except pyruvate and 

ethanol.  Although this metabolite analysis confirmed the induction of expected stress 

responses, a more refined extraction strategy was desirable for quantitation of greater 

numbers of small molecule metabolites to reduce the interference from broad resonances 

observed in the spectra. 

In this chapter, several popular extraction methods are compared.
24, 32, 34-36

  In any 

case where aqueous or part-aqueous solvents were employed, a 100 mM deuterated 

ammonium acetate buffer was introduced to reduce variance in the chemical shifts of pH-

sensitive metabolites, as recommended by Colquhoun.
37

  Additionally, 0.5 mM NaN3 was 

added as a bacteriostat
38, 39

 and 100 µM TMSP-d4 was utilized as a chemical shift 

reference. Following perchloric acid treatment, extracts were titrated to pD 5.  All other 

extractions were carried out in a solvent buffered to either pD 5 (low pH) or a pD 7 
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(neutral pH).  The terms low and neutral pD will be utilized throughout the remainder of 

this chapter.  For each sample treatment, multiple replicates (N = 3-5) were examined. 

For clarity a single NMR spectrum is shown in most figures, which is representative of 

that treatment. It should be emphasized that the intensities of the spectra presented have 

not been mass-normalized and are presented for qualitative interpretation only.   

Not investigated in this study were the use of high or low temperature 

extractions,
13, 17, 19, 21, 24, 34

 the use of ultrafiltration to remove high molecular weight 

impurities,
3
 the effect of repeated extraction on the same tissue pellet,

24, 40
 microwave-

assisted extraction,
11

 sonication during extraction,
12, 17

 duration of 

extraction/homogenization,
16

 duration of centrifugation,
7
 and the removal of metal ions to 

facilitate absolute quantification by NMR,
35

 however the reader is directed to the existing 

literature on these topics.   

 

2.2   Experimental Methods 

2.2.1 Reagents and Solutions 

All deuterated solvents were purchased from Cambridge Isotope Laboratories 

(Andover, MA).  Murashige and Skoog (MS) salts (1x),
41

 Phytagel (0.4%) and sucrose 

(1%) which constitute solid growth medium for plant cultivation were purchased from 

Sigma-Aldrich (St. Louis, MO).  MS salts contain macronutrients (NH4NO3, CaCl2, 

MgSO4, K3PO4, KNO3) between 170-1650 mg/L.  Myo-inositol is present at an 

intermediate amount, 100 mg/L.  Micronutrients (H3BO3, CoCl2, CuSO4, FeSO4, MnSO4, 

KI, NaMoO4, ZnSO4, Na2EDTA,) are present at lower concentrations, between 0.025-
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37.2 mg/L.  B vitamins (niacin or B3, pyridoxine or B6, and thiamine or B1) are included 

in amounts ranging from 0.1-0.5 mg/L.  Growth medium was prepared in double distilled 

water (ddH2O), adjusted to pH 5.7-5.8 using NaOH and sterilized at 250 
o
C for 25 min in 

an autoclave. 

 

2.2.2  Sampling and Sample Preparation 

2.2.2.1 Equipment  

Seeds of Arabidopsis (ecotype Columbia-0, Arabidopsis Biological Resource 

Center) were germinated on Petri dishes, 10 cm in diameter (Fisherbrand, cat. 08-757-13, 

100 x 15 mm).  Sterilized growth medium and seeds were handled in a positive flow 

hood.  Plates were placed vertically in a growth chamber (Percival Scientific, Inc., Perry, 

IA; model CU36L5C8) under long day conditions (16 h at 50 µM s
–1

 m
–2

 light: 8 h dark) 

at 23 
o
C.  Seedlings were transferred to soil and allowed to mature to growth stage 6.0

22
 

under long day conditions, watering once daily.  Rosette leaves were cut with scissors 

quickly into a porcelain mortar (Coors, Golden, CO) immediately snap-frozen and 

homogenized by pestle until the tissue resembled a fine powder.  Liquid nitrogen was 

delivered to the mortar by dewar flask, tissue was collected in clear plastic falcon tubes 

(15 or 50 mL). Tissues were dehydrated on a lyophilizer (Labconco, Kansas City, MO; 

Cat. No. 77520-00).  Tissue dry or wet weight was established for each sample using an 

analytical balance (Mettler AE 260 Deltarange, Hayward, CA).  Extraction was carried 

out in plastic microcentrifuge tubes (Eppendorf, Hauppauge, NY) using a micropestle 

(Eppendorf) to grind tissues under varying extraction conditions.  Extracts were 
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concentrated by speedvacuum (Savant SC110, RVT 400, GP 110) and resolubilized by 

vortex mixing (Thermolyne Maxi Mix Plus M63215, 60 Hz, Asheville, NC).  When 

necessary, tissues were stored at -86
o
C in an ULT freezer (Thermoforma, model 726, 

Asheville, NC).  Extracts were clarified by centrifugation (Eppendorf 5415R) prior to 
1
H 

NMR analysis by a superconducting Bruker BioSpin 14.098 Tesla magnet system fitted 

with a 5 mm inverse broadband probe and capable of digital quadrature detection. 

Topspin and AMIX software were used on a Linux host workstation. 

 

2.2.2.2 Plant Cultivation 

A. thaliana (ecotype Columbia-0) seeds were surface sterilized by the dry method 

as follows.  No more than 400 seeds were placed in 1.5 mL Eppendorf microcentrifuge 

tubes, labeled with pencil regarding genotype.  In a test tube rack with lids open, 

microcentrifuge tubes were placed in a dessicator in a fume hood.  In a 200 mL beaker, 

50 mL of commercial bleach was spiked with 1.5 mL of concentrated HCl.  The chlorine 

gas generated is effective after 3-16 h, depending on the severity of contamination.   

Wet sterilization can be used with smaller or larger numbers of seeds.  In this pre-

treatment, 95% ethanol is introduced (10 mL in 15 mL Falcon tube for 0.5 mL of dry 

seeds).  After 10 min of shaking and draining, a solution containing 1.2% sodium 

hypochlorite (20% commercial bleach) and 0.1% TWEEN 20 (a polysorbate surfactant) 

is introduced.  This bleach/tween solution (250 mL total volume) must be prepared 

freshly and replaced at least every 3 d.  After 10 min of shaking in bleach/tween, seeds 
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are rinsed 3 times with ddH2O and allowed to imbibe in 5-6 mL ddH2O.  Hydrating seeds 

are allowed to vernalize at 4
 o

C for 3-4 d. 

Solid growth medium is prepared by combining 4.3 g MS salts, 8-10 g agar (0.4% 

Phytagel, Sigma), 10 g (1 % w/v) sucrose in 1 L of distilled H2O, adjusted to pH 5.7-5.8 

with 1 M NaOH (~8 drops).  Growth medium is sterilized by autoclave (25 min at 121 

o
C) in a 2 L plastic container, allowed to cool for 30-60 min covered in aluminum foil 

and placed on a stir plate.  Once media is poured into plates, it takes about 1 hour to 

solidify and can be stored under refrigeration for up to 3 weeks.  Depending on the 

amount poured into each Petri dish (plate) this recipe makes 20-32 plates. 

Seeds are plated (approximately 100 seeds per plate) via sterile Pasteur pipet, 

delivered in a stream of ddH2O, driven by pressure from a new pipet bulb.  The solvent 

(water) is allowed to reach equilibrium within the growth support while in a horizontal 

position (~1 hour) after which excess water is removed from the plate by pipet prior to 

positioning plates vertically in the growth chamber.   Seedlings were transferred from 

Petri dishes to soil containing plots (10 cm x 10 cm x 8 cm) on day 7 after plating and 

placed in a growth facility under long day conditions at 40% humidity, 22 
o
C, and 

watered once per day to bulk seed for future experiments or to bulk tissue for method 

development. 

 

2.2.2.3 Harvesting 

Rosette leaves from multiple plots were harvested and combined into a single 

pool of tissue at growth stage 6.00.
22

  Quenching of enzymatic activity was achieved by 
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flash freezing in liquid N2 (-77 
o
C).  This tissue was homogenized thoroughly by mortar 

and pestle and stored in a capped Falcon tube sealed with Parafilm until use.   

 

2.2.2.4 Preservation 

To obtain tissue dry weight, tissue in Falcon tubes (15 or 50 mL) under liquid N2  

were thermally equilibrated in a bath of dry ice and acetone (-78 
o
C) prior to placing on 

lyophilizer overnight (-40 
o
C).  Tissues were stored at -20 

o
C or -86 

o
C for 3, 10, 35 or 75 

d to determine if metabolite stability depends on storage conditions (Figure 2.1, Storage 

comparison).  Tissue samples stored for an equivalent length of time (10 d) were used to 

observe the effect of lyophilization of the tissue on the resulting NMR-based metabolic 

profile (Figure 2.1, Lyophilization or Not).  Tissues stored for an equivalent amount of 

time were also used to compare the effect of extraction solvent on the quality of 

metabolomic data produced (Figure 2.1, Aq. vs. Org, and Org).  The utility of lipid 

removal treatments was also investigated (Figure 2.1, Lipid elimination). 

 

2.2.2.5 Establishment of Tissue Extraction Methods 

Extraction methods were taken from commonly cited metabolic profiling and 

metabonomics literature
20, 34

 as well as a method previously established by our 

laboratory.
26

   Methods compared are summarized in Figure 2.1.  Approximately 100 mg 

frozen pulverized tissue constituted each sample, to which 700 µL of extraction solvent 

was added.  For all methods, the matrix-tissue suspension was manually homogenized 

directly by hand in a microcentrifuge tube using a micropestle (Eppendorf) for 4 min, 
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twisting the pestle clockwise on each downward thrust with a frequency equivalent to 2 

Hz at room temperature.  All extraction and reconstitution solvents contained 100 µM 

TMSP-d4 as a chemical shift reference. 
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Figure 2.1. A single pool of five-week-old Arabidopsis rosette leaves was used for optimization of storage 

conditions, extraction solvents, and refinement (clean-up) steps.  The effect of lyophilization was compared 

against wet tissue.  Wet tissue was stored at -20 
o
C or -80 

o
C to evaluate the effect of storage on 

1
H NMR 

metabolome.  Primary extraction solvents included acidified D2O, D2O/CD3CN (50/50), D2O/CD3OD 

(75/25), and D2O/CD3OD/CDCl3 (1/2.5/1).  Secondary sample clean-up steps included secondary extraction 

with CDCl3, silica gel, or a simple dehydration and reconstitution in D2O buffer.  This last step can be 

followed with addition/removal of CDCl3 for additional lipid removal in increasingly complex mixtures. 

 

 Based on a method for metabolite profiling in mammalian serum, an original 

extraction solvent, 50/50 acetonitrile/aqueous, yielded stable solutions with no evidence 

of residual enzymatic activity, i.e. structural changes over time, in our NMR-based 

metabolite profiles (data not shown).  Acetonitrile (50%) has been shown to precipitate 

proteins without small molecule loss, e.g. Boernsen et al., 2005.
42

  Buffered aqueous 

(D2O) solution was prepared containing 50 mM CD3COOD and 500 µM NaN3 as a 
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biocide.
39

  Deuterated aqueous solutions were titrated by DCl to the desired pH meter 

reading.   Samples extracted using 0.83 M perchloric acid were neutralized following a 15 

min digestion and 4 min centrifugation at 2,300 x g.  Neutralization brought these extracts 

from a pH meter reading of -0.24 to pD 5 using NaOD, and these were prepared in a 

series of five analytical replicates for comparison. 

The effect of solvent pH on metabolite extraction efficiency was examined by 

comparing an extract prepared at low pH with an extract prepared at neutral pH.  

Measurement of pH was carried out in deuterated aqueous solutions, not after mixing 

with organic modifier, a common practice in chromatography.
43, 44

 Only after recording 

pH were organic modifiers added to extraction solvents.  Aqueous pH can be converted to 

pD using Equation 2.1. 

pD = pH meter reading + 0.40    (2.1) 
45

  

The neutral pD extraction buffer contained 500 µM NaN3 to compensate for the 

antimicrobial effect of low pD extraction solvents. 

The amount and identity of organic component was varied at neutral pD using 50 

mM CD3COOD.  The original extraction solvent (50/50 ACN/D2O) was compared with 

25/75 MeOD/D2O and 25/50/25 D2O/MeOD/CDCl3.  Studies by Want et al. and 

Carlson
19, 46, 47

 reported that both methanolic and acetonitrile extracts contain a small 

amount of residual protein (2% and 6%, respectively).  As metabolomics is still a 

relatively new field, there is no absolute consensus yet on the ideal approach to sample 

preparation.
8, 48
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Strategies for lipid elimination included the following; deuterated chloroform 

extraction, evaporation to dryness and reconstitute, and treatment with silica gel.  For the 

deuterated chloroform extraction a liquid-liquid extraction involved the addition of 100 

µL of CDCl3 to the extracted sample in 50/50 CD3CN/D2O and metabolites were allowed 

to partition between phases while mixing by vortexer for 60 s.  For the procedure in 

which samples are taken to dryness and then reconstituted, the supernatant from the 

extracted sample was transferred to a new centrifuge tube, speed-vacuumed to dryness 

and reconstituted, allowing the dried metabolites to redissolve in an aqueous-only 

reconstitution buffer while mixing by vortexing at 60 Hz for 60 s.  Only the aqueous layer 

was selected for NMR analysis.  To test the effectiveness of silica gel for lipid removal 

between 25-30 mg of silica gel was lyophilized in 200 µL D2O after being vortexed 20 s.  

Supernatant from the extracted sample was directly added to tubes containing silica gel.  

These were vortexed together for 60 s and centrifugation for 2 min pelleted gel particles 

with adsorbate (Silica gel 60, Sigma-Aldrich).  

After vortexing, all extracts were clarified by centrifugation for 4 min at 12,200 x 

g and 650 µL of supernatant was transferred directly to a 5 mm NMR tube (Wilmad, 

Buena, NJ) for analysis. Samples were prepared and analyzed in a random order 

immediately after extraction or subsequent refinement steps were completed.  The pH 

meter reading of each extract was recorded post-analysis.  The resulting pH meter reading 

of the neutral pD extracts were 6.67 + 0.28, while those at low pD were 4.57 + 0.22.  

Using Equation 2.1, these can be called pD 7 (neutral) and pD 5 (low), respectively. 
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2.2.2.6 NMR Data Acquisition 

Proton NMR spectra were acquired with selective saturation of the residual water 

resonance using a Bruker Avance spectrometer operating at 600 MHz. Free induction 

decays (FIDs) were acquired into 25860 time points and zero filled to 65536 points. A 

spectral width of 7716 Hz was excited using a 90
o
 pulse.  A relaxation delay of 1.5 s was 

used, and 1200 scans were coadded following 16 dummy scans for a total experiment 

time of 64 min.  The temperature of the sample was maintained at 25 
o
C.  Manual 

shimming was performed on each sample, and the TMSP line width was 1.77 + 0.67 Hz 

across the dataset, following application of 1.0 Hz line broadening. 

A comparison between two probes, broadband inverse (BBI) and triple-resonance 

inverse (TXI) probe and two different users (KAK and GAB) was undertaken to evaluate 

the robustness of the 
1
H NMR metabonomics pipeline.  Samples were individually 

extracted by KAK, and transferred to six different NMR tubes.  These were randomly 

analyzed on the same day on two different spectrometers fitted with two different probes.  

Our goal was to determine which, if any, metabolites are susceptible to differences in 

stability over time, whether there is a systematic advantage of one probe type over 

another, and whether manually-defined parameters that vary between samples such as 

tuning/matching and shimming have a significant effect on the measured metabolome. 

 

2.2.2.7 Post-Acquisition Processing 

Spectra were processed using Topspin 2.0 (Bruker). Phasing was applied 

automatically, however with such complex spectra the phasing was always verified, and 



 

 117

in some cases corrected, manually.   Spectra were integrated using equidistant integral 

regions of 0.02 ppm width over the range of 0.50 to 9.00 ppm, excluding the regions 

containing the resonances of solvent impurities: CHD2CN and CHD3COOD (1.87 – 2.06 

ppm), CHD2OD (3.30 – 3.37 ppm), CHCl3 (7.46 – 7.89 ppm), and HOD (4.20 – 5.20 

ppm).  A simple DC baseline correction was carried out in Excel.  Integral regions were 

normalized to the total integrated area of each spectrum.  No further post-acquisition 

manipulations (mean-centering, scaling, transformation) were carried out on the dataset.  

Spectral assignments were made by comparison with spectra of approximately 100 

authentic metabolite standards and by cross-referencing the metabolomic literature.
49

 

 

2.2.2.8 Multivariate Statistical Data Modeling 

Multivariate data analysis was carried out using Minitab
®

 14 Statistical Software 

(Minitab Inc., State College, PA).  PCA was used to examine clustering and correlations 

within the entire data set. The PCA model was constructed using all samples, 

summarized in Table 2.1.  A sample identifier (ID), the extraction conditions, storage 

temperature, storage time, time between extraction and 
1
H NMR analysis, and pH meter 

reading are provided for all samples.  Cross-validation was performed to evaluate model 

robustness. 
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2.3 Results and Discussion 

2.3.1 Stability of Extracts 

2.3.1.1 Matrix-Free Estimations of Metabolite Stability 

Sucrose solutions were prepared by dissolving 24 mg of pure sucrose standard 

(Sigma) directly in 1000 µL of either perchloric acid in D2O or 50/50 CD3CN/D2O 

containing 100 µM of TMSP-d4 as a chemical shift reference.  The 50/50 CD3CN/D2O 

containing 100 µM of TMSP-d4 as a chemical shift reference.  The 50/50 CD3CN/D2O 

was buffered to a pH meter reading of 4.53 with 50 mM ammonium-d4 acetate-d3.  These 

solutions were immediately transferred to a 5 mm NMR tube for analysis.  For the 

sucrose solution in 50/50 CD3CN/D2O, NMR spectra were recorded at 10 min intervals 

over a two h period, while the NMR spectra for the sucrose solution in perchloric acid 

were recorded at 5 min intervals over a one h period.  The time between acquisitions was 

controlled by running an experiment consisting of only 164 or 68 dummy scans, 

respectively.  Selective saturation of the residual water resonance was applied in both 

cases.  FIDs were acquired into 25860 time points and zero filled to 65536 points. A 

spectral width of 7716 Hz was excited using a 90
o
 pulse.  A relaxation delay of 1.5 s was 

used, and 16 scans were coadded following 4 dummy scans for a total experiment time of 

1.1 min.  The temperature of the sample was maintained at 25
 o

C.  Tuning and matching 

of the probe and shimming were performed manually.  FIDs were not apodized prior to 

Fourier transformation.  Phasing was applied manually and no baseline correction was 

necessary.  The resonances of β-glucose (4.64 ppm), fructose (4.09 ppm), and sucrose 

(5.40 ppm) were integrated using integral regions equivalent to at least 50 * the width at 
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Table 2.1 Sample identification (ID), extraction conditions, temperature tissue was stored until extraction 

(
o
C), duration of storage (d), time between extraction and NMR analysis (h), and extract pH meter reading. 

 

 

ID extraction conditions     Storage Temp (
o
C)   Storage time (d) Extr to Analy (h) pH     . 

A ACN/D2O     -80 75 1  4.62 
D ACN/D2O     -20 75 1  4.65 
E ACN/D2O     -20 75 1  4.67 
F ACN/D2O     -80 10 1  4.63 
G ACN/D2O     -20 10 1  4.65 
H ACN/D2O     -20 10 1  4.70 
I HClO4     -20 3 12  4.43 
J ACN/D2O     -80 75 1  4.65 
K ACN/D2O     -20 10 1  4.67 
L ACN/D2O     -80 10 1  4.63 
M ACN/D2O     -20 35 4  4.72 
N ACN/D2O     -20 35 1  4.67 
O ACN/D2O     -20 35 1  4.60 
Q ACN/D2O     -80 75 1  4.78 
R ACN/D2O     -20 3 5  4.45 
T HClO4     -20 3 2  4.55 
V ACN/D2O     -20 3 10  4.43 
W ACN/D2O     -80 3 2  4.63 
X ACN/D2O     -20 3 6  4.35 
Y HClO4     -20 3 5  4.50 
F_1 ACN/D2O     -80 30 5  4.63 
L_1 ACN/D2O     -80 30 7  4.63 
W_1 ACN/D2O     -80 35 3  4.63 
7 extract lyophilized after being extracted with ACN/D2O -80 46 1  4.83 
8 extract lyophilized after being extracted with ACN/D2O -80 46 1  4.76 
9 extract lyophilized after being extracted with ACN/D2O -80 46 1  4.65 
11 extract lyophilized after being extracted with ACN/D2O -80 46 1  5.01 
12 extract lyophilized after being extracted with ACN/D2O -80 46 1  5.01 
I_1 ACN/D2O (Si gel)    -80 61 1  4.64 
II ACN/D2O (Si gel)    -80 61 1  4.64 
IV ACN/D2O (CHCl3)    -80 61 1  4.45 
V_1 ACN/D2O (CHCl3)    -80 61 1  4.43 
VI ACN/D2O (CHCl3)    -80 61 1  4.30 
Ara1 tissue lyophilized first then reconstituted ACN/D2O -80 41 1  4.63 
Ara2 tissue lyophilized first then reconstituted ACN/D2O -80 41 1  4.09 
Ara3 tissue lyophilized first then reconstituted ACN/D2O -80 41 1  4.63 
Ara4 tissue lyophilized first then reconstituted ACN/D2O -80 41 1  4.01 
Ara5 tissue lyophilized first then reconstituted ACN/D2O -80 41 1  4.63 

α vacuumed after ACN/D2O, reconsti in aq only, LLE  -80 73 1  4.45 

β  vacuumed after ACN/D2O, reconsti in aq only, LLE -80 73 1  4.61 

δ speedvacuumed after ACN/D2O, reconst aq only -80 73 1  4.63 

γ speedvacuumed after ACN/D2O, reconst aq only -80 73 1  4.00 

σ speedvacuumed after ACN/D2O, reconst aq only -80 73 1  4.64 
Ara6 extracted with aq only buffer 1

st
   -80 108 1  4.69 

Ara7 extracted with aq only buffer 1
st
   -80 108 1  4.70  

Ara8 extracted with aq only buffer 1
st
   -80 108 1  4.71 

Ara9 extracted with aq only buffer 1
st
   -80 108 1   4.70 

Ara10 extracted with aq only buffer 1
st
   -80 108 1  4.71 

GB1 MeOD/D2O/CDCl3    -80 442 1  6.75 
GB2 MeOD/D2O/CDCl3    -80 442 1  7.09 
GB3 MeOD/D2O/CDCl3    -80 442 1  7.01  
GB4 MeOD/D2O/CDCl3    -80  442 1  6.89 
GB5 MeOD/D2O/CDCl3    -80 442 1  7.05 
GB6  MeOD/D2O     -80 442 1  6.26 
GB7 MeOD/D2O     -80 442 1  6.78 
GB8 MeOD/D2O     -80 442 1  6.81 
GB9 MeOD/D2O     -80 442 1  6.68 
GB10 MeOD/D2O     -80 442 1  6.89 
GB11 MeOD/D2O     -80 442 1  6.63 
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half-height (w½ ) of each resonance, defined manually.  The plot shown in Figure 2.7c 

was generated using Origin 7.5 (Northampton, MA). 

The stability of metabolic intermediates succinate and pyruvate was evaluated in 

aqueous reconstitution buffer (containing 50 mM ammonium-d4 acetate-d3, 500 µM 

NaN3, and 100 µM TMSP-d4) under neutral conditions (pD 7) and the same solution 

titrated to low pD (pD 5) using 1 M DCl.  NMR measurements were recorded on days 1, 

21, and 38 using water presaturation (50 dB), four dummy scans were followed by 16 

scans which were coadded to give sufficient signal-to-noise for quantitative interrogation, 

relative integrals versus time are presented in Figure 2.2.  Standards in solution were 

stored at 4
o
C between analyses.  No appreciable loss of succinate or pyruvate was noted. 

 

Figure 2.2 Stability of succinate and pyruvate in aqueous reconstitution buffer at low or neutral pH.  No 

appreciable loss of signal intensity was noted for either metabolite over the observation period.  Relative 

standard deviation (RSD) of replicate measurements (N=3) is shown below each condition of the legend. 
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2.3.1.2  Stability Studies Using Extracts 

Neurospora crassa is a model filamentus fungus that is not unlike Arabidopsis, in 

that it is multicellular eukaryote that expresses metabolic and physiologically distinct 

phases of its reproductive cycle.  When the fungus has established itself in a nutrient-rich 

environment, it will form long filaments with some branching called hyphae. Like other 

filamentous fungi, Neurospora undergoes asexual reproduction called conidiation, in an 

attempt to escape from unfavorable growth conditions.  The structures formed are called 

conidia spores and are similar to sexually reproduced spores in that they contain both a 

metabolic reserve of energy designed for long-term stable storage and the genetic 

material required to reestablish growth and continue asexual or sexual reproduction 

when/if favorable conditions become available.  Extracts of biological material grown on 

Vogel’s Medium (VM) and isolated by filtration, were prepared as recommended by 

Kaiser et al.
50

  The stability of fungal extracts was evaluated over a 2 h period.  One 

spectrum was acquired every 10 min to examine extract stability.  Figure 2.3 is a 

comprehensive representation of all observable metabolites cataloged in fungal whole 

cultures and conidia.  The spectra in Figure 2.3a, for metabolites isolated from a whole 

culture (primarily hyphae), demonstrate that over time, we observed no change in the 

abundance of the metabolites.  Integration and statistical evaluation of this dataset 

revealed no trend detectable by PCA or univariate analysis (data not shown) as a function 

of time.  The spectra shown in Figure 2.3b, illustrate the stability of an extract prepared 

from conidia and reveal three key metabolites that change significantly in intensity over 

the course of the experiment.   
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A detailed examination of Figure 2.3 reveals many differences in the stability of 

the extracts prepared from whole tissue and conidia only.  Conidia are isolated by 

partitioning from aqueous Vogel’s liquid medium and an immiscible isoparaffinic 

hardrocarbon fluid, Soltrol 170.
51

  Conidia of N. crassa are hydrophobic, and mycelium 

(hyphae) are not, allowing conidia to be readily isolated from whole cultures in this 

manner.  Soltrol 170 has additionally been shown to prevent spore germination.  

First, the predominant sugars observed in our fungal extracts are glucose and 

trehalose.  The reproducibility of the spectra containing the anomeric resonances of these 

two sugars (Carbohydrate Region, 5.2 ppm) in extracts of hyphal tissue (Figure 2.3a, 

Whole Culture) indicates that no residual enzymatic activity remains in the solution post-

extraction.  In the extracts of Soltrol-isolated conidia (Figure 2.3b, Conidial Isolate) the 

conversion of trehalose to glucose is clearly observed.  An isoform of trehalase is stored 

in conidia to facilitate rapid resumption of respiration post-dessication.  Trehalase is 

known to operate stably in the conversion of trehalose to glucose at pH 5.0, with an 

isoelectric point of 3.7, it is likely to retain activity even under our acidified extraction 

conditions (pD 5.0).
52

 

Second, it can be clearly seen in Figure 2.3b that over time citrate appears, but 

this trend does not correlate with any other metabolite changes.  The effect may be due to 

decomplexation by paramagnetic metal ions which mask the citrate resonances.  When 

the intracellular environment of the fungus is rapidly disrupted by extraction, equilibra 

which were maintained in vivo by compartmentalization or other active mechanisms are 

lost.  One strategy to overcome such effects is to include a competitive ligand with  
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(a)      (b) 

  
 

Figure 2.3 Stability of N. crassa extracts at 25 
o
C in our extraction solvent (caption continued next page)  
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Figure 2.3 Stability of N. crassa extracts at 25.2 
o
C in our extraction solvent (continued previous page) 

[acetate-buffered 1:1 (v/v) acetonitrile-d3:deuterium oxide at pD 5] over a 140 min period reveals 

differences between whole-culture and conidial isolates.  Presented are expansions of three regions of our 

NMR spectra; Aliphatic (1-3 ppm), Carbohydrate (3-6 ppm), and Aromatic (6-9 ppm).  Metabolite 

abbreviations: valine (Val), ethanol (EtOH), threonine (Thr), alanine (Ala), arginine (Arg), ornithine (Orn), 

lysine (Lys), glutamate (Glu), glutamine (Gln), pyruvate (Pyr), succinate (Succ), γ-aminobutyric acid 

(GABA), choline (Cho), glucose (Glu), trehalose (Tre), adenosine (Ade), fumarate (Fum), tyrosine (Tyr), 

histindine (His).  Solvent abbreviations: acetonitrile-d2 (ACN), water-d (HOD), Spectra are stacked with 

the earliest recorded time point on top for each group.  Because of the greater abundance of metabolites in 

whole culture samples, one spectrum was acquired every 5 min over a period of 140 min.  Signal-to-noise 

for trehalose resonances exceeded 300.  Shown here is one spectrum measured every ten min.  For hyphal 

isolates, less material was presented per sample and therefore each spectrum shown here represents signal 

averaging for 10.5 min over a period of 140 min.  The factor w in each equation for time (t) represents the 

time for the sample to defrost from -80
o
C and for manual shimming on the sample prior to executing the 

first experiment, typical values for w were 15 min. 

 

affinity for metal complexation into the buffer used to record NMR metabolite profiles.  

EDTA has been used by others,
53

 and it should be considered for inclusion in future 

metabolic profiling experiments.  Most importantly, the metabolic profile of the hyphal 

extracts was stable, and other than the glucose/trehalose ratio and citrate equilibria, no 

other differences were observed in the metabolite fingerprints of the conidia extracts over 

time.  

While it is useful to discuss extract stability using model organisms such as N. 

crassa, it is clear that plant metabolomes represent greater molecular diversity than 

bacteria, humans or fungi (Karakok et al.
54

 utilized 551 bacterial-, 825 fungal-, 1102 

human-, and 2351 plant metabolites for a representative comparison). Therefore, to 

further establish the validity of our sample preparation, plant tissue was the source of 

metabolites for the remainder of this work.  Figure 2.4 shows the overall scheme used for 

comparison of metabolite extraction strategies from mature (rosette) leaf tissue of A. 

thaliana.  By comparing the extract produced from 1 (dry tissue) and 3 (wet tissue), the 

effect of lyophilization can be observed.  Comparing the extract produced by 2 and 3, the 
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effect of extraction pD is highlighted.  Aqueous (4) and acidified aqueous (5) were 

compared with acetonitrile/aqueous (3) at low pD.  Organic identity and composition (2, 

6, 7) were varied at neutral pD.  Additional steps to minimize lipids (8, 9) were compared 

with the original method (3). 

 

 
Figure 2.4 Schematic of the metabolite extraction strategies compared in this work. The rosette leaves of 

two 10 cm x 10 cm plots of Arabidopsis thaliana (growth stage 6.00) were pooled and homogenized under 

liquid nitrogen to quench intracellular enzymatic activity. Each analytical replicate was derived from 100 

mg of either wet (2-9) or lyophilized tissue (1), homogenized by micropestle directly in a microcentrifuge 

tube in the presence of 700 µL of the extraction solvent indicated containing 100 µM TMSP-d4. Extracts 

were clarified by centrifugation, after which 650 µL of supernatant was analyzed by 
1
H NMR for strategies 

1-7. In the strategies labeled 8 and 9, the primary extraction solvent was evaporated under vacuum and 

metabolites were reconstituted in 700 µL of secondary solvent as indicated. After centrifugation, the extract 

was transferred to either (8) an NMR tube for immediate analysis or (9) a new centrifuge tube. A tertiary 

refinement step was added to strategy 9, where a liquid-liquid extraction was performed by addition, 

agitation and removal of CDCl3 prior to centrifugation, transfer to an NMR tube, and analysis. 
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2.3.2 Effect of Initial Tissue State 
 

While the simplest approach to analysis of plant tissue is direct homogenization 

and extraction, it is also possible to subject the homogenized tissue to lyophilzation prior 

to extraction. An advantage of lyophilization is that it permits normalization of 

metabolites to sample dry weight and reduces the intensity of the H2O resonance in the 

extract spectra. Another advantage of lyophilization is that it lends long-term stability to 

tissue that must remain in storage for an extended duration prior to analysis.  For 

example, dry tea leaf tissue stored for 10-20 years showed no significant change in its 

metabolite composition.
2
  Figure 2.5 provides a comparison of 

1
H NMR spectra of 

Arabidopsis tissue with (2.5a) and without (2.5b) lyophilization prior to extraction in 

50% CD3CN/50% D2O at low pD. A large resonance due to acetonitrile-d2 appears 

around 2.0 ppm.   The expansion of these spectra highlighting the aliphatic region (0.75-

1.5 ppm) is presented in Figures 2.5c and 2.5d to emphasize the contribution of the broad 

lipid/wax resonances in the spectrum of the lyophilized tissue extract. These lipid/wax 

peaks obscure the resonances of several important metabolites. A possible explanation for 

the increase in resonance intensity of lipids/waxes in Figures 2.5a and c is that disruption 

of the cellular membranes during lyophilization increases their solvent availability. These 

results suggest that in a study evaluating changes in the plant’s lipid or wax profile, the 

efficiency of extraction of these components may be improved by lyophilization of the 

tissue prior to extraction.  
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Figure 2.5 Effect of initial tissue state: lyophilized tissue (a,c) is compared with wet tissue (b,d) when 

extracted under constant conditions. 
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2.3.3  Effect of Solvent pH 
 

Sample pH is an important parameter in metabolic profiling experiments because 

the extraction efficiencies of some metabolites can be affected by the pH of the extraction 

solvent. In addition, the chemical shifts of many metabolites depend on pD, especially 

near the pKa of the functional group.
55

   Figure 2.6 compares results obtained for different 

extraction solvents at neutral (2.6a) or low pD (2.6b).  We hypothesized that extraction at 

neutral pD, which is between most of the pKa values of the ionizible groups of amino 

acids, would yield more reproducible chemical shifts despite small variances in pD 

between analytical replicates.   Interestingly, using a neutral pD buffer did not seem to 

increase reproducibility and, in fact, in some spectral regions resulted in a diminished 

spectral quality due to the increased presence of lipid/wax resonances. 

  Control of solvent pH is also an interesting approach for resolving spectral 

overlap between the metabolites of interest and interfering compounds, as shown in the 

spectral expansions presented in Figures 2.6c (neutral pD) and f (low pD).  For example, 

because of its adjacent carboxylate group, the γ proton resonance of glutamate shows a 

pronounced shift upfield as the pD is raised, permitting quantitation of the well resolved 

glutamate and glutamine resonances in Figure 2.6c.  In contrast, in Figure 2.6f the 

resonances of succinate (2.562 ppm) and pyruvate (2.306 ppm) are clearly resolved and 

can be quantified by peak integration.
33

  However, at neutral pD, these low-intensity 

resonances were no longer visible due to overlap with other peaks. Therefore, the choice 

of pH for a given extraction may be governed by the need to resolve the signals of 

particular metabolites of interest. 



 

 129

 
Figure 2.6 

1
H NMR spectra of primary extracts in 50/50 CD3CN/D2O obtained using (a) neutral or (b) low 

pH solvents. An expansion reveals (c) neutral pD improves resolution of Gln and Glu, whereas (f) low pD 

improves resolution of glycolytic end-product pyruvate (d, g) and TCA cycle intermediate succinate (e, h). 
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2.3.4  Effect of Solvent Composition: Acetonitrile/Aqueous, Aqueous, Acidified 

Aqueous 

Because many important primary metabolites are water-soluble, CD3CN/D2O 

extraction (Figure 2.7a) was compared with an aqueous-only extraction buffer (Figure 

2.7b) as well as extraction using perchloric acid (Figure 2.7c). Direct extraction with a 

buffered aqueous solvent was reported as the favored technique of Brown et al., when 

compared with acetonitrile, benzene, chloroform, methanol, and DMSO.
14

 The D2O and 

CD3CN/D2O extractions were carried out by homogenization of tissue in the presence of 

the extraction solvent for 4 min.  In both cases, the extraction solvent was maintained at 

low pD by a 50 mM ammonium-d4 acetate-d3 buffer. The spectrum in Figure 2.7c 

resulted from tissue homogenized in a 0.83 M perchloric acid solution for 15 min then 

partially neutralized to a pH meter reading of 4.49 + 0.06 with sodium deuteroxide. This 

procedure was adapted from the widely-used protocol of Stitt et al.
56

 

Comparison of the aliphatic regions of the spectra in Figure 2.7 shows that the 

aqueous and perchloric acid extracts are much cleaner, with essentially no interference 

from resonances of the lipid/wax components.   A disadvantage of mixed acteonitrile-

aqueous solvent systems is that acetonitrile does not associate strongly with the aqueous 

phase, and this effect is more pronounced in deuterated phases.  Initially homogeneous 

acetonitrile-aqueous mixtures slowly resume partial binary character, observable as loss 

of magnetic field homogeneity along the z-axis due to partial segregation along a vertical 

solvent gradient.
57

 An additional advantage of a simple D2O buffer extraction is that the 
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spectra are simplified compared with mixed organic/aqueous systems since the residual 

proton resonance of the organic component (i.e. acetonitrile-d2 or methanol-d3) is 

eliminated.  However, the increased water content of perchloric acid extracts means that a 

larger spectral region will be affected by solvent suppression, making it more difficult to 

reliably detect nearby resonances.  

Although the D2O extract spectrum shown in Figure 2.7b is of high quality, with 

sharp signals and minimal contamination by lipids and waxes, the expansion shown in 

Figure 2.7e highlights a problem with this method. Because sucrose is the primary 

storage carbohydrate in most plants, we expect it to be the dominant sugar in our extract 

spectra,
58

 and indeed a prominent resonance for the sucrose anomeric proton is observed 

in the spectrum of the CD3CN/D2O extract in Figure 2.7d. At first glance, we found the 

complete loss of the sucrose anomeric signal, expected at 5.4 ppm in D2O solution, and 

the proliferation of resonances in the carbohydrate-rich spectral region from 4.7 to 3.35 

ppm to be quite surprising.  An important drawback to aqueous extractions is that 

contamination by soluble enzymes can reduce sample stability, in this case resulting in 

degradation of sucrose, possibly by sucrose synthase or invertase present in the extract.  

For example, in a study comparing aqueous extractions, including microwave-assisted 

aqueous extraction and extraction with boiling water, with alcoholic extractions using 

methanol and ethanol, Kim et al. found that high temperature was necessary to denature 

enzymes in the aqueous-only extracts.
12

  Additionally, aqueous environments, especially 

those containing sugars, are ideally suited for microbial growth.  Because these 

microorganisms consume, produce, and excrete a range of metabolites, their presence can 
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complicate interpretation of the metabolite profile of the organism of interest. This 

problem has been noted for some time by the metabolomic community with regard to 

urine samples, and addition of NaN3 is recommended to prevent microbial growth.
39

 

Since our extraction solvents all included this biocide, it is reasonable to discount the 

effects of microbial growth in these experiments.  

Although many researchers have adopted perchloric acid as an extraction 

solvent,
9, 21, 32

 others have determined that its drawbacks outweigh its advantages.
7, 8, 18

  

Perchloric acid extraction has been reported to be less reproducible compared with other 

extraction methods.
15, 18

 Sources of error for this method include pH adjustment 

following homogenization, the time dependence of extraction efficiency or yield, and the 

potential for chemical modification of metabolites.  Many authors report that desalting 

the extract, critical if derivatization is to be performed,
7
 and pH adjustment in unbuffered 

extracts adds error and decreases throughput.
8
  Maharjan and Ferenci compared ethanol, 

hot methanol, cold methanol, aqueous potassium hydroxide, methanol/chloroform and 

perchloric acid.  Using yeast fed uniformly [
14

C]-glucose, it was determined that the 

perchloric acid extracts had the highest relative standard deviation (14%), while 

methanolic extracts had the lowest (5%).
8
  Subsequent perchloric acid extractions on the 

same tissue pellet have been shown to have high yield whereas methanol/chloroform 

extracts do not, meaning that several extraction steps (or longer extraction times) must be 

used with perchloric acid to achieve equivalent extraction efficiency, ultimately leading 

to decreased throughput.
18

  Perchloric acid extracts from yeast had a relatively low  
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Figure 2.7 Comparison of 50/50 CD3CN/D2O (a,g), buffered D2O (b,g), or perchloric acid in D2O (c,i) as 

extraction solvents for 
1
H NMR metabonomics of mature A. thaliana leaf tissue. Spectra of a sucrose 

standard spiked into the corresponding extraction buffer (d, f, h) are presented for comparison. 
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recovery of amino acids, organic acids, fatty acids, and nucleotides, but a relatively high 

recovery of peptides, sugars and sugar alcohols
7
 when contrasted against  

chloroform/methanol/water, ethanol, aqueous potassium hydroxide, methanol/water and 

methanol alone. 

One of the advantages of perchloric acid is that it is a strong denaturant, rapidly 

inactivating enzymes and therefore quenching enzymatic activity. However, a related 

drawback of perchloric acid extraction is the potential for chemical modification of 

metabolites by this strong acid. Destruction of pyruvate, NAD, NADH
+
, and indole 

compounds (such as nucleotides) has been noted under extreme pH.
7, 8

 Examination of 

the spectral expansion in Figure 2.7f shows evidence of acid hydrolysis of sucrose during 

the perchloric acid extraction. Although a small sucrose resonance is detected at 5.4 ppm, 

it is much less intense than was observed in the CD3CD/D2O extract. Prominent 

resonances of fructose and the α and β glucose anomers are also observed in the spectra 

of the perchloric acid extracts.   PCA of CD3CN/D2O extracts at low pD and perchloric 

acid extracts partially neutralized to pH meter reading 4.62 + 0.18 among 3 replicates 

revealed segregation along the first principal component axis (PC1).  Inspection of PC1 

loadings with respect to the original variables revealed that the perchloric acid extracts 

were significantly different from the CD3CN/D2O extracts in all spectral regions 

occupied by sugars (data not shown).   

To further investigate the stability of sucrose to perchloric acid extraction, 
1
H 

NMR spectra were measured as a function of time for sucrose spiked solutions in  



 

 135

 
 

Figure 2.8  Stability of sucrose in (a) acetonitrile-buffered D2O and (b) perchloric acid.  (c) Over a duration 

as brief as 30 min, acid-catalyzed cleavage of sucrose (�) and corresponding production of 

monosaccharides glucose (�) and fructose (�) can be clearly observed and quantified with one-

dimensional 
1
H NMR. 
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CD3CN/D2O in a solution buffered by 100 mM acetate-d4 at a pH meter reading of 4.53 

(Figure 2.8a) and 0.8 M HClO4 in D2O (Figure 2.8b), studied in duplicate. No hydrolysis  

of the sucrose is observed in CD3CN/D2O over two hours. Instead, a small increase in 

both line width and peak height of the sucrose anomeric resonance is observed, which we 

attribute to partial segregation of the mixed solvent.  

As observed in Figure 2.8b, sucrose was steadily degraded by acid-catalyzed 

cleavage to glucose and fructose in perchloric acid over the same two hour time period. 

Therefore, a danger of perchloric acid extraction of plant tissue is that it can result in 

erroneously high levels of glucose and fructose and artificially low levels of sucrose.  The 

sucrose, glucose and fructose resonances in Figure 2.8b were integrated and plotted as a 

function of time (Figure 2.8c). The kinetics plot in Figure 2.8c suggests that during a 15 

min perchloric acid extraction,
56

 the level of sucrose could be reduced by as much as 25% 

of its initial value. The different apparent rates of formation of glucose and fructose arise 

from the measurement of the resonance of only the glucose β anomer because of overlap 

of the α-glucose resonance with the HOD signal of the solvent.  

 

2.3.5  Effect of Solvent Composition: Methanol/Aqueous, Acetonitrile/Aqueous, 

Methanol/Aqueous/Chloroform 

To evaluate the suitability of methanol-based extraction for the analysis of plant 

tissue, we compared the results obtained with 50/50 CD3CN/D2O, 25/75 CD3OD/D2O 

and 56/22/22 CD3OD/D2O/CDCl3. For each solvent system, the D2O portion contained 

deuterated ammonium acetate buffer at neutral pD.  It was demonstrated by Maharjan and 
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Ferenci that methanolic extracts had a significantly higher number of metabolites 

detected (close to 100) while the other extraction techniques they compared (ethanol, 

aqueous potassium hydroxide, methanol/chloroform, and perchloric acid) yielded 

between 50 and 80 metabolites.
8
  According to Wu et al.,

16 
the popularity of 

methanol/water/chloroform extractions is due to a 1959 paper
59

 introducing what is now 

called “Bligh-Dyer lipid extraction.” Adaptations of the original protocol have been 

employed since, and a chloroform/methanol/water combination has been reported to form 

a single mixture.
20

  This type of extraction is particularly useful for acid-labile 

metabolites.
21

 

Figure 2.9 shows the 
1
H NMR spectra of extracts produced by 25/75 CD3OD/D2O 

(2.9a), 50/50 CD3CN/D2O (2.9b), and 56/22/22 CD3OD/D2O/CDCl3 (2.9c). Although the 

aliphatic regions of Figures 2.9a and b both show interferences from resonances of 

lipids/waxes, the CD3OD/D2O spectrum in Figure 2.9a contains several broad features 

that prohibit accurate measurements of many metabolite signals throughout the spectrum, 

as well as an intense resonance at 1.285 ppm that is not observed in Figure 2.9b. A high 

quality spectrum is obtained for the mixed CD3OD/D2O/CDCl3 extract shown in Figure 

2.9c.  This single-step extraction for the fractionation of hydrophilic and hydrophobic 

metabolites has been widely used.
21, 36

  In our experiments, we were interested only in the 

hydrophilic primary metabolites, which are resolved in Figure 2.9c with little interference 

from the underlying lipid resonances. 

Although methanol has been widely used as an extraction solvent, it has been 

shown to enolize aldehyde groups in plant extracts.
12

 Using methanol as an extraction 
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solvent can also run the risk of transmethylation of sugar esters.
20

  Additionally, it has 

been known since 1964 that some enzymes, such as phosphatases,
20

 can retain 

appreciable activity in the presence of methanol.
32

 It can also be seen in Figure 2.9b and c 

that the resonance from CHD2OD obscures a portion of the spectrum between 3.30 – 3.37 

ppm. Despite the aforementioned drawbacks, alcoholic extractions have several 

advantages (1) no salts are added, (2) they can easily be removed by evaporation, and (3) 

they minimally effect pH.
8
  However, for 

1
H NMR metabolomics experiments, the 

presence of numerous lipid resonances precludes the use of CD3OD/D2O.  

Incomplete separation of the chloroform layer can be a problem when chloroform 

is employed to remove lipids and the extract under analysis is not sufficiently ionic. 

Although not tested in this study, potassium chloride can be added to increase the polarity 

of the aqueous phase, thereby improving partitioning of polar lipids into the chloroform 

layer.
15

  Chloroform creates additional concerns because of its toxicity,
7
 and its ability to 

extract additives such as plasticizers from plastic labware.
16

  Additionally, the CHCl3 

impurity in deuterated chloroform introduces a singlet with noticeable 
13

C satellites 

obscuring metabolite resonances between 7.46 – 7.89 ppm. 

 Although chloroform was effective in removing the lipid resonances in Figure 

2.9c, in our hands the CD3OD/D2O/CDCl3 extraction solvent did not give reproducible 

results. Figure 2.10 shows spectra obtained for five replicate extractions with this solvent.  

While variations are observed throughout the spectra, the intensities of the unassigned 

singlets at 2.69 and 2.70 ppm aptly illustrate the difficulties we encountered with this 

solvent system.  
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Figure 2.9 Comparison of mixed solvent systems (a,d) CD3OD/D2O, (b,e) CD3CN/D2O, and (c,f) 

CD3OD/D2O/CDCl3 for extraction of metabolites from leaves of mature A. thaliana. 
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Figure 2.10 
1
H NMR spectra of primary extracts resulting from a biphasic solvent system containing 

CD3OD, D2O, and CDCl3. Although these spectra are from analytical replicates of a single A. thaliana 

rosette tissue sample, the extracts do not have a uniform composition demonstrated by the different 

intensities of the resonances at 2.69 and 2.70 ppm. 

 

2.3.6 Refinement of a Protocol to Enhance Lipid Removal 

 

Unfortunately all the extraction solvents discussed thus far were found to be 

lacking in some respect. The advantage to working with aqueous extracts is that they 
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gave sharp resonances and were free of interfering signals due to lipid and waxes.  A 

disadvantage is that we observed significant degradation of some important metabolites, 

for example sucrose, in these solvents. The mixed CD3OD/D2O/CDCl3 extraction solvent 

also produced clean, lipid-free spectra however replicate spectra suffered from poor 

reproducibility. Because we were able to achieve excellent reproducibility in our 

CD3CN/D2O extractions and because the samples produced had acceptable stability, we 

decided to explore additional refinement steps to reduce the lipid/wax content in the 
1
H 

NMR spectra obtained with this solvent.  Although there are claims in the metabolic 

profiling literature that additional extract refinement steps are time consuming and 

difficult to automate,
18, 20

 as shown in Figure 2.9 they can vastly improve the quality of 

the data used for quantitative analysis.  

Figure 2.11a shows the 
1
H NMR spectrum obtained using 50/50 CD3CD/D2O at 

low pH without additional refinement steps. The expansion of the aliphatic region in 

Figure 2.11d illustrates the interference of the lipid resonances with several signals of the 

aliphatic amino acids, for example Thr, the doublet centered around 1.275 ppm.  The 

spectrum in Figure 2.11b and its expansion in Figure 2.11e were produced by a two-step 

process, corresponding to strategy 8 in Figure 2.4. In step (1) the tissue was homogenized 

in the CD3CN/D2O extraction solvent used to produce Figure 2.11a. Following 

extraction, the supernatant was dried by speedvacuum, and reconstituted in aqueous 

buffer at low pD.  Although the solvent could have been removed by either lyophilization 

or speedvacuum, a study of sample preparation methods for global metabolite analysis of 

yeast by Villas-Boas et al. found solvent evaporation under reduced pressure (i.e. 
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speedvacuum) to be preferable, providing excellent recovery for all amino acids, organic 

acids, nucleotides and sugars.
7
  It is obvious, although worth mentioning, that both 

sample lyophilization and solvent evaporation are unsuitable if the biological question 

under study involves volatile metabolites.
7
 Although our motivation was reduction of the 

lipid/wax content of our samples, there are additional advantages of a drying step, 

including a reduction in the magnitude of the HOD resonance and removal of the 

CD2HCN peak.
35

 Reconstitution in D2O produces extracts that retain good line shape 

during long acquisition times unlike the degradation of homogeneity we experienced due 

to partial phase separation of mixed acetonitrile-d3/D2O extracts. In addition, the process 

of drying the sample allows concentration of metabolites by using a smaller volume of 

the reconstitution solvent, although this was not employed in the current study.
3, 24, 60

  

The spectrum in Figure 2.11c and its expansion in Figure 2.11f were produced by 

further refinement of the protocol used for Figure 2.11b, shown as strategy 9 in Figure 

2.4. For this sample after CD3CN/D2O extraction and drying, the sample was 

reconstituted in aqueous buffer at low pD and a liquid-liquid extraction performed with 

CDCl3.  Compared with the CD3OD/CDCl3/D2O extraction which provided spectra of 

similar quality, this multistep extraction procedure was much more reproducible in our 

hands. Although the additional CDCl3 extraction step did not provide a significant 

advantage for these samples, we have seen cases, such as lyophilized Arabidopsis 

seedlings, for which CDCl3 extraction was necessary to achieve adequate removal of the 

lipid resonances.
33

  Lipid resonances (based on a pure standard of stearic acid) were  
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Figure 2.11. 
1
H NMR spectra of refined extracts resulting from (a,d) 50/50 CD3CN/D2O extraction was 

performed at low pD and compared to (b,e) drying of the primary extract under vacuum with reconstitution 

in D2O, and (c,f) liquid-liquid extraction with CDCl3 following drying and reconstitution in buffered D2O. 
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found to obscure broad regions around 1.26 ppm and 3.13 ppm.  Metabolites which may 

have been observable in these regions include Thr, lactate, acetaldehyde, Ile, Leu, 

oxaloacetate upfield and polyamines choline, betaine, arginosuccinate, and arginine 

downfield, respectively. 

 

2.3.7  Principal Component Analysis of Extraction Reproducibility 

Although careful examination of representative spectra was fruitful for qualitative 

comparison of metabolite extraction strategies, method reproducibility must also be 

assessed.  One approach to evaluating reproducibility is to employ a multivariate 

statistical technique, such as PCA, which can simultaneously account for all resonances 

exhibited in a global metabolite profile. The scores plot in Figure 2.12 represents each 

NMR spectrum as a single point in principal component space, reducing the 

dimensionality from 370 independent variables to two scores along principal component 

axes (PC1 and PC2).  Because the tissue was sampled from a single homogeneous 

bioreplicate, the variance observed in the PCA scores plot can be attributed to differences 

between the extraction methods.  The first two principal components together accounted 

for 66.8% of the variance in the entire dataset, and the model required greater than 10 

principal components to explain over 95% of the variance.  

Figure 2.12 demonstrates that an unsupervised multivariate statistical technique 

(PCA) is capable of classifying the samples according to the nature of the solvent in 

which the tissue was extracted (D2O, CD3OD/D2O, CD3OD/D2O/CDCl3, or 

CD3CN/D2O).  Within these four groups, some samples cluster according to the strategy 
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originally employed in the extraction.  For example, the extracts in CD3CN/D2O at low 

pD (�, strategy 2) can be distinguished from those at neutral pD (�, strategy 3).  

Additionally, strategies 2 and 3 are distinguishable from tissue that was lyophilized (�, 

strategy 1).  In the region of the scores plot containing the extracts in D2O, a similar 

segregation can be observed.  The tissue directly extracted using buffered D2O (�, 

strategy 4) is distinct from all others in the cluster however the other extracts in D2O (�, 

strategy 5; �, strategy 8; , strategy 9) do not segregate in the scores plot of PC1 versus 

PC2.  Closer examination of higher order PCs revealed that the scores along PCs 5-8 

distinguish the samples extracted with perchloric acid (�, strategy 5) from the other 

strategies arriving at a sample in D2O (data not shown).  Interestingly, PCs 1-8 do not 

distinguish strategies 8 (�), or 9 (), suggesting that additional chloroform extraction 

following drying and reconstitution in D2O was not necessary for this pool of tissue (data 

not shown). 
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Figure 2.12  PCA scores plot of selected 

1
H NMR spectra recorded in this study reveals unsupervised 

classification of samples according to the nature of the solvent in which the NMR spectrum was acquired. 

Each NMR spectrum is represented as a single point in principal component space.  
 

 

It can be inferred that analytical replicates in close proximity to each other on this 

plot show good method reproducibility and vice versa.  Most notably, the five replicates 

extracted using a single mixture of 56/22/22 CD3OD/D2O/CDCl3 (�, strategy 7) occupy 

a large area of component space reinforcing the conclusion that, at least in our hands, 

extraction with CD3OD/D2O/CDCl3 is not as reproducible as the other strategies 

examined. 
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Figure 2.13  Loadings plot corresponding to clusters observed in scores (Figure 2.12).  It can be seen that 

regions of high variability such as 1.3 ppm and 3.1 ppm are responsible for segregating samples.  Regions 

that distinguish samples according to extraction solvent occupy the same integral regions as glutamine (α, 

3.79 ppm; β, 2.13 ppm; δ, 2.7 ppm) and citrate (2.71 ppm) as well as fumaric acid (6.55 ppm). 
61
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Figure 2.14  An explained variance plot corresponding to the scores (Figure 2.12) and loadings (Figure 

2.13) plots presented for the storage/extraction comparison dataset.  The first principal component explains 

50.6% of the variance.  Two principal components are sufficient to explain 66.8% of the variance. 

 

2.4   Conclusions 

NMR is well-suited for quantitative analysis and is a well-established tool for 

metabolite fingerprinting in plants.
32

 All metabolite profiling and metabolomic 

experiments involving extraction of metabolites from tissue begin with a two-step 

treatment: (1) immediate cessation of enzymatic activity and (2) disruption of tissue to 

release intracellular metabolites.  It is the our recommendation and that of other authors
1
 

that 

“the optimum preparation protocol should be developed on a case-by-case basis... 
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depending on the characteristics of target metabolites, the number of  metabolites 

being examined and their respective quantities.”   

 Our findings indicate that perchloric acid is not appropriate for plant metabolomic 

studies because it facilitated acid-catalyzed cleavage of sucrose, complicating biological 

interpretation of the resulting metabolic profile.  Extraction in simple D2O buffer proved 

unsatisfactory because it did not quench all enzymatic activity. 

 Methanol/D2O/chloroform showed the greatest degree of analytical variability in 

our study.  However, the tolerance of a given experiment with respect to the analytical 

variance depends on the magnitude of change in the metabolic profiles of control and 

treated organisms and the amount of biological variability, and this solvent system may 

prove desirable for some studies. Although acetonitrile-D2O extracts had good 

reproducibility and stability, other disadvantages including partial phase separation and 

contamination by lipids led us to explore additional refinements to this extraction 

method. The combination of strategies 1, 2, 8 and 9 has been adopted in our laboratory 

for further plant metabolic profiling studies, described in Chapters 3-4 of this thesis. 

By exploration of the data using multivariate statistics, planning and execution of 

careful follow-up studies revealed the effect of common methods for metabolic 

extractions on mature leaves from the model plant A. thaliana.  This underscores the 

“hypothesis generating” aspect of metabolomic studies, one critical experiment is often 

not sufficient to establish metabolite identity and behavior.  Compromises between 

experiment time/sample throughput and sensitivity are an issue in NMR-based 

metabolomics.  A method for preparing plant extracts for 
1
H NMR analysis, amenable to 
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integration and quantitation of small abundant primary metabolites, was established and 

will be applied to investigate questions of a biological nature. 
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Chapter Three 

 Oxygen Deprivation in Whole Arabidopsis Seedlings:  

Inquiry into Primary Metabolism 

 

Based in part on the research paper “Selective mRNA translation coordinates energetic 

and metabolic adjustments to cellular oxygen deprivation and reoxygenation in 

Arabidopsis thaliana” Cristina Branco-Price, Kayla A. Kaiser, Charles J. H. Jang, 

Cynthia K. Larive, and Julia Bailey-Serres.  The Plant Journal (2008) Volume 56, Issue 

5, Pages 743-755. 

 

In this work, CB-P used Arabidopsis thaliana expressing a dual epitope tag, His6-FLAG 

(HF), on its Ribosomal Protein L18 (RPL18) driven by the constitutive cauliflower 

mosaic virus 35S promoter.
1
  CP-B performed polyribosome immunopurification, mRNA 

isolation and analysis, and enzymatic assays.  Matched samples were given to KAK for 

metabolite extraction and 
1
H NMR metabonomic analysis.  CJHJ carried out Robust 

Multi-chip Average (RMA) normalization and analysis of microarray data using the 

open-source software package R. This work was supported by National Science 

Foundation grants IBN-0420152 and CHE-0616811 to JBS and CKL, respectively; 

National Science Foundation Integrative Graduate Education Research and Training 

Program fellowships (DGE-0504249) to KAH and CJHJ; and a Portuguese Foundation 

for Science and Technology graduate fellowship (SRFH/BD/9165/2002) to CB-P. 

 

 

 

Systems biology focusing on nontargeted small molecule (< 400 Da) analysis 

employing NMR is called metabonomics (or metabolomics).  This chapter describes such 

an investigation undertaken in the model plant Arabidopsis thaliana.  In this work, 

seedling extracts were interrogated by one-dimensional 
1
H NMR.  Multivariate data 

analysis was applied to examine clustering and correlations on a global level.  Targeted 

univariate statistical analysis revealed significant changes in the relative concentration of 

alanine (Ala), asparagine (Asn), γ-aminobutyric acid (GABA), glutamate (Glu), 

glutamine (Gln), lactate, succinate and valine (Val) after 9 hours of oxygen deprivation 

stress.  Evidence from paired transcriptomic experiments supports the induction of 
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mRNAs encoding transaminases (for protein catabolism) and glyoxylate cycle (for lipid 

mobilization) in addition to the expected fermentation pathways account for plant 

survival of prolonged oxygen deprivation stress. 

 

3.1 Introduction: Metabolic Adjustments under Low Oxygen 

To interpret the results of a biologically centered study, it became necessary to 

delve into the current state of knowledge in low oxygen metabolism in higher plants.  

This introductory section is divided into a general commentary on the importance of 

oxygen in living systems, a justification for our choice of test system, and experimental 

parameters such as age, and timing of stress and recovery treatments. 

 

3.1.1  Importance of Oxygen for Life on Earth 

Oxygen is the third most abundant element in the universe, comprising 20% of the 

Earth’s atmosphere, and is critical to sustaining life on earth. The utilization of oxygen in 

aerobic respiration is conserved across all eukaryotic organisms.  Land plants, algae and 

cyanobacteria carry out photosynthesis using sunlight, carbon dioxide, and water, to 

produce oxygen.  Oxygen is consumed in the final step of the mitochondrial electron 

transport chain, producing adenosine triphosphate (ATP), which is the energy currency 

within the cell.  If oxygen becomes unavailable, the consequence is an energy crisis.  

Plant cells cope with shortages of ATP caused by insufficient oxygen by a diverse range 

of strategies.
2
  At the metabolic level, a key response is production of ATP at the 

substrate level coupled with regeneration of NAD
+
 through fermentation of pyruvate.   
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The goal of this chapter is to investigate how an external cue such as low oxygen 

invokes the cellular responses in the model plant Arabidopsis thaliana. It is useful to use 

the advanced molecular and genetic tools available, thus the most well-studied model 

Angiosperm was chosen for our study.
3
  Its small size (~10 cm), short life cycle (~6 wk), 

and relatively small genome (~25,000 genes) provides enough complexity for a 

meaningful analysis while representing general plant hypoxic responses observed in crop 

plants such as wheat, rice, and barley.
4-7

  One ecotype of Arabidopsis, called Columbia-0, 

has been particularly well characterized.
8
   

Oxygen deprivation and eventual anoxia in plants can arise naturally as a result of 

flooding, microbial blooms, tissue density, high metabolic activity, and soil compaction.  

Crop damage due to flooding stress, ranging from root waterlogging to complete 

submergence, can lead to substantial financial losses.  Studying plant responses to oxygen 

deprivation can answer basic biological questions leading to a better understanding of 

how energy is used by stressed organisms.  This work represented the first study in either 

plants or animals of the contribution of transcriptional and translational regulation to the 

initial and prolonged adjustments in metabolism and other biological processes that aid 

survival of oxygen deprivation stress.  The reversal of regulation following a short period 

of reoxygenation was also evaluated.   

In this study, oxygen deprivation was simulated using Argon gas as a substitute 

for air, displacing both oxygen and carbon dioxide, limiting aerobic respiration and 

photosynthesis.  Arabidopsis seedlings were grown on 10 cm agar plates containing 

macro- and micronutrients and sucrose which fit neatly into stress chambers.
9
  Long-day 
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conditions (16 h light, 8 h dark), uniform temperature (23
o
C) and light level (50 µM m

-2
 

s
-1

) ensured efficient seedling germination, with roughly 100 seedlings per plate.  At 

growth stage 1.0 (cotyledons fully open), two hours into the light, seedlings were 

deprived of air gradually via displacement by argon gas in a low light environment (6.5 

µM m
-2

 s
-1

) simulating turbid flood waters. 

Biochemically, primary metabolism refers to the reactions necessary to sustain 

life.  The pathways involved are generally presented in the following order; glycolysis, 

the tricarboxylic acid (TCA) cycle, mitochondrial electron transport and oxidative 

phosphorylation, lipid metabolism, photosynthesis, and finally nitrogen metabolism.
10

  A 

general representation of selected pathways is provided by Figure 3.1.  This figure was 

constructed to interrelate small molecule metabolites for which we had obtained pure 

standards.  Some of these molecules were determined to be responsible for signals in our 

Arabidopsis extracts, others have been identified in metabolomic experiments in other 

living systems.  We observe flux through these pathways by accumulation of an 

endproduct or depletion of a substrate.  We sought out congruous information among 

transcript abundance overall and enrichment in polysome complexes or sequestration 

under stress.  Some of these pathways will be explored individually regarding its body of 

literature.  Less well-studied is the half-life as well as degree of translation of individual 

transcripts. 

Lipid metabolism will not be discussed here, as we have undertaken the analysis 

of predominantly hydrophilic metabolites in this work.  Evidence for the operation of 

mitochondrial electron transport and oxidative phosphorylation in this work is somewhat 
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indirect, although this process is largely impaired by oxygen deprivation, since the final 

electron acceptor is molecular oxygen.  Also, photosynthesis was not studied directly in 

this work despite its ability to operate, albeit somewhat less efficiently, in the generation 

of ATP even without oxygen.  Overall, statistically significant changes in metabolites 

involved in nitrogen metabolism were observed in response to oxygen deprivation. 

Nitrogen metabolism is a route for NO production, which has been proposed as a 

signaling molecule of low oxygen status in plant tissues.
11

  Therefore nitrogen 

metabolism will be further detailed. 

Glycolysis in plants begins with the catabolism of sucrose, and terminates in 

pyruvate, which is considered a metabolic hub
12

 and is probably a primary site of 

regulation for glycolysis and respiration in mammals, bacteria, and plants.
13

  Anaerobic 

fermentation is responsible for regeneration of NAD
+
 for maintaining glycolysis, a “core” 

hypoxic response in plants.
14-16

  When ATP levels are insufficient to sustain the classical 

TCA cycle as shown in Figure 3.1, alternate routes must be activated for consumption of 

pyruvate.  Statistically significant changes in metabolites involved in the GABA shunt 

are observed in response to oxygen deprivation along with accumulation of succinate.  

Disruption of the urea cycle has been observed in rats under oxygen deprivation. Choline 

represents a precursor to membrane phospholipids, as well as the osmoprotectant glycine-

betaine,
17-19

 providing metabolic flexibility under environmental stress. 
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Figure 3.1. Metabolites and pathways that can be probed by 

1
H NMR-based metabolic profiling.  Pathways 

are highlighted to emphasize the predominant cycles, sources, and sinks. 

 

3.1.2 Arabidopsis and Systems Biology: Cross-Validation 

  A transgenic Arabidopsis line expressing an engineered FLAG(His6)-tagged 

ribosomal protein L18 (RPL18) that allows efficient immunopurification (IP) of ribosome 

complexes was used because it allowed easy isolation of mRNAs associated with 

ribosomes, presumably undergoing translation.
1,20

  Genes which are selectively translated 

under stress by ribosome complexes are a subpopulation or in some cases distinct from 

constitutively expressed genes at the same timepoint.  This study aimed to inform about 

active translational status as well as reveal which messages are sequestered until the plant 
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is released from stress.
21-23

  The aim of this study was to compare plant responses under 

conditions of stress and non-stress with respect to translation. 

The primary rate-limiting step in mRNA translation is the initial recruitment of 

the 43S-preinitiation complex, requiring multiple molecules of ATP.  Translational 

regulation can be achieved by mRNA sequestration, a process that limits specific mRNAs 

from polysome complexes.  Because mRNAs may be present and not translated, 

metabolic profiles should be more reflective of mRNA profiles resulting from 

immunopurified mRNA-ribosome complexes rather than the total (steady state) mRNA 

pool. 

Commercially available GeneChips (Affymetrix, Santa Clara, CA) are capable of 

reporting the abundance of mRNAs for approximately 24,000 genes.  Quantitative 

readout is accomplished by preparation of fluorescently labeled cRNA followed by 

hybridization to 25-mer capture oligonucleotides covalently attached in picomolar 

amounts to a one square centimeter area representing 1.3 million distinct pixels or 

features.  Redundancy within the ATH1 GeneChip is accomplished by the presence of 11 

probe pairs per sequence, which can be converted to transcript abundance by 

accompanying software.  This platform is supported by genome annotation by The 

Arabidopsis Information Resource (TAIR),
24

 who maintain and improve the annotation 

of probe pair sets and genes represented by them.  GeneChips are now available for 

human, mouse, rat and 28 other organisms.  About one-third of the available resources 

for chip-based transcriptome analysis offered by the company Affymetrix, belong to 

plants.   
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This work provided a novel approach to efficient immunopurification of actively-

translated mRNAs, allowing us to demonstrate that the translatome (ribosome-associated 

mRNAs isolated by immunopurification) gives a better picture of molecular responses to 

oxygen deprivation than the transcriptome (total mRNA).  Our contribution to this study 

was to monitor small molecules that are involved in primary metabolic pathways by 

applying a metabonomic approach with the hypothesis that the stress-induced 

adjustments in the translatome would more accurately reflect changes in the metabolic 

state in response to low-oxygen stress, temporary (2 hour) or prolonged (9 hour), 

compared with respective normoxic controls. Additionally a sample was harvested after 1 

hour recovery at normoxia following release from prolonged stress.     

Microarray experiments were performed in parallel with NMR-based metabolic 

profiling (Figure 3.2) to identify and quantify individual transcript levels in total mRNA 

population under stress and control conditions.  Furthermore, we aimed to identify 

transcripts and thereby cellular processes that are repressed at the translational level.
21, 25

  

Ten bioreplicates were prepared.  All plates were pooled and partitioned into 

microcentrifuge tubes in 100 mg (wet weight) portions.   These samples were used for 

mRNA extraction, perchloric acid and acetonitrile:water extractions 
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Figure 3.2. Experimental design to study the effect of oxygen deprivation stress and reoxygenation on 

seedlings of the model plant Arabiodopsis thaliana using a combined mRNA and metabolite profiling 

approach. 
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of (1) mRNA sequestration dynamics and (2) the far downstream evidence of translation 

– substrates and products of metabolic reactions, we provide future evidence of how 

plants have adapted at the cellular level to survive low oxygen stress.  For these studies, 

sophisticated molecular biology techniques were used for handling of large molecules 

(>8000 Da), involving efficient immunopurification using an epitope tag on a component 

of a ribosome bound to actively-translated mRNAs.   

Enzymatic assay for a handful of molecules, as well as non-targeted direct 

measurement of abundant small molecules (<400 Da) by 
1
H NMR, were performed in 

parallel to establish the validity of this the approach to metabolite measurements (Figure 

3.2).  Once we had metabolite and transcript profiles of several bioreplicates (N=3-4), we 

determined fold changes (FC) in transcript and metabolite abundance by dividing 

normalized signal intensity under stress by normalized signal intensity of untreated 

controls for each variable.  Correlated variables within data matrices can assist with 

signal assignment and metabolite identification.  Pathway analysis between transcript and 

metabolite data was carried out using publicly-available open-source software 

(MapMan,
28

 OmicsViewer
29

).  Qualitative comparisons were also made by analysis of 

mRNA functional annotation and consensus with corresponding metabolic pathways 

regulated by the resulting gene product. 

 

3.1.3 Time Points for Growth, Stress, Harvest, and Recovery 

 When planning a large omics study, experimental design is the first step in the 

pipeline. For clarification see Chapter 1, Section 1.2 which outlines compounding factors 
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that impact the analytical data collection.  More generally, considerations must be given 

to any variable which can impact the data.  Rigorous reporting standards have been set 

forth by some of the leaders in our field.
30

  With this level of detail in mind, here the 

process of experimental design is articulated as it relates to the data we collected.  

It is known that short-term oxygen deprivation induces a general repression of 

protein synthesis.
31

  In the absence of a steady supply of ATP, such energetically costly 

processes are reduced.  Short-term oxygen deprivation is distinguished by accumulation 

of the nonvolatile fermentation endproduct, lactic acid, below two-fold relative to control 

levels.  Oxygen deprivation stress is considered long-term when lactate accumulates more 

than two-fold above the control.
32, 33

  A mechanism for lactate formation32 is shown in 

Figure 3.3.  In the short-term, glucose can be mobilized to pyruvate and aspartate (Asp) 

can be used as a substrate to regenerate the intermediate NADH.  The enzymes catalyzing 

these processes are optimized to function around neutral pH.  As early mechanisms begin 

to fail, the pH balance within the cell is disrupted and the intracellular environment 

becomes acidified.
2
  At least one enzyme required for ethanolic fermentation is optimized 

for function at a reduced pH.     

By recording observations at short- (2 h) and long-term (9 h) time points, we 

hoped to observe some component(s) of an acclimation response at early time points that 

regulated cascades of responses at later time points.
34

  These may represent branchpoints  
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Figure 3.3. Anaerobic glycolysis provides NAD

+
 via coupling with malate dehydrogenase or activation of 

lactate dehydrogenase. In plants, the decreased cytosolic pH following anoxia is correlated with increased 

pyruvate decarboxylase activity, catalyzing the conversion of pyruvate to acetaldehyde, which is consumed 

by alcohol dehydrogenase to produce ethanol and simultaneously regenerate NAD
+
. 

 

 

in metabolic pathways or transcription factors responsible for the regulation of 

downstream processes.
35

   For example, it has been shown that factors such as low pH at 

early time points is responsible for induction of adaptive strategies at later time points.  

Our goal was to accomplish a quantitative evaluation of translational and metabolic 

adjustments under hypoxic stress, both under short- and long-term scenarios to determine 

the importance of selective mRNA translation under ATP-limiting energy conditions.  

We hypothesized that consumptive and non-vital processes are downregulated or 

repressed via a mechanism that expedites the return to homeostasis upon reoxygenation. 

Prior to modern advances in molecular biology, absorbance spectroscopy was a 

standard method for translational studies.  This study included polysome fractionation to 

portray global translational status, or polysome loading of mRNAs.  Arabidopsis plants 

were homogenized in an extraction buffer and subjected to fractionation in a sucrose 
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gradient under ultracentrifugation.  Free ribosomal subunits, both small (40S) and large 

(80S), were resolved from ribosome-mRNA complexes and polysome-mRNA 

complexes.  The UV absorbance profile along the centrifuge tube was integrated for 

quantification of translation status.  So-called polysome profiles resolved under a sucrose 

gradient can reveal a 35% general reduction in translation due to oxygen deprivation, 

which is reversed upon 1 hour of recovery.    

The Bailey-Serres lab36, 37 revealed that both short- (2 hours) and long-term (9 

hours) treatment with argon gas resulted in global repression of translation of ~50% of 

cellular mRNAs --consistent with a ~50% reduction in polysome content, as well as the 

stabilization of ATP reserves at ~50% of pre-stress levels.  Although primary root 

meristems did not survive the stress, seedlings initiated lateral roots upon recovery.   

 

3.1.4  Replicates and Variability 

Since variables in large data matrices tend to be highly correlated, a smaller 

number of bioreplicates is necessary to achieve statistical power.  In this study 10 

bioreplicates were available for analysis.  Only as many were used as was necessary to 

construct a robust model (N = 4) so that excess tissue could be archived for further study.  

For a comparative approach to be successful, many experimental details must be 

regulated throughout sampling and sample handling prior to analysis.  Some uncertainty 

might be related to temporal variations between samples.  Furthermore, variations in 

temperature, light levels, and microenvironments within the growth chamber contribute 

to this uncertainty. Moreover, each seed has a unique carbohydrate reserve, which yields 
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plants of different character even when treated identically.  These effects were mitigated 

by pooling 50 plants to comprise one bioreplicate.  The entire experiment was repeated 

on multiple days, so there may be small differences related to duration and intensity of 

stress treatment, attributable to variance in time between harvesting and storage among 

bioreplicates (~20-50%).  When all samples were prepared, variance is also introduced 

during defrosting and extraction of tissue, duration of extraction and time between 

extraction and analysis (~3-8%).   In a study involving over 30 participating laboratories 

to demonstrate the analytical robustness of quantitation by NMR, the authors reported a 

maximum combined measurement uncertainty of 1.5% with a confidence interval of 

95%.  Quantitation by NMR in intralaboratory comparisons
38

 was found to have an 

uncertainty of the result of 0.5% for high resolution 
1
H and 

31
P NMR measurements.

39
  

Overall, the reliability of the NMR experiment is higher than the reproducibility of the 

extraction and the reproducibility of the extraction is biological treatment, so analytical 

and technical replicates were not recorded. 

 

3.1.5 Justification for Choice of Analytical Technique 

A common alternative technique to 
1
H NMR-based metabolic profiling is gas 

chromatography coupled to mass spectrometry (GC-MS),
40-43

 and many investigators 

utilize both methods.  Although GC-MS methodology is perhaps more widely used in 

plant biology, the inherent quantitative nature of NMR and minimal sample preparation 

were our reasons for choosing this technique.  The case for systems biology, in particular 

NMR-based metabonomics, is succinctly stated by Susan O’Connor of Merck: 
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 “A strong advantage of using NMR for metabolic profiling is the potential for 

revealing unexpected changes which otherwise would not be possible to predict 

without extensive knowledge of the underlying mechanisms of compound 

efficacy or disease.  This advantage is facilitated by the ability of NMR to 

reproducibly detect structural information for all hydrogen-containing compounds 

present above the detection limit.” 
44

 

For its inherently quantitative nature and power to determine metabolite identity through 

nondestructive suite of 2D experiments, NMR was chosen to be the sole analytical 

technique employed in this work. 

Specific molecules that can be quantitatively monitored are selected amino acids, 

aliphatic acids, and sugars (see pathway diagram in Figure 3.1 and chemical shifts of 

selected metabolite resonances in Figure 3.4).  This NMR-based metabolic fingerprinting 

approach has proved useful in understanding the mechanisms of survival plants have 

adapted to withstand herbivory,
45

 salt stress,
19

 temperature stress,
46, 47

 light stress,
4 

chemical stress,
48

 and nutrient availability.
46, 47, 49, 50

 

   

3.2  Experimental Section 

3.2.1 Sample Preparation 

Arabidopsis seedlings grown on Petri dishes on solid agar [containing half-

strength (0.5x) micro- and macronutrients (MS salts) and 1% (w/v) sucrose], were 

transferred 2 hours into the light cycle from a growth chamber (after 7 d, 16 h 50 µM m
-2

 

s
-1

 light, 8 h dark, 23
o
C) to stress chamber (6.5 µM m

-2
 s

-1
 light).  Durations in stress 
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chambers were 2 hours (2HS, 2NS), 9 hours (9HS, 9NS) or 10 hours (1R).  Treatment 

with Argon gas resulted in oxygen deprivation stress condition (HS), while chambers left 

open to laboratory air provided a control condition (NS).  A recovery group (1R) was 

treated with Argon gas for 9 hours and exposed to laboratory air for 1 hour. Plant 

cultivation, stress treatments, and harvesting were performed by C. B.-P.  Whole 

seedlings were collected and frozen under liquid nitrogen; tissue was pulverized and 

stored at -80 
o
C until use.  For more metadata, see Chapter 2.  These steps were 

summarized in Figure 3.2, where clear detail regarding MSI-designated minimum 

required metadata are provided. 

Metabolic profiling was conducted by 
1
H NMR of 50 whole seedlings by 

homogenization in 700 µL of 1:1 (v/v) acetonitrile-d3:deuterium oxide containing 50 mM 

sodium acetate-d3, 50 mM acetic acid-d4, 1 mM of 3-trimethylsilylpropionic acid-d4 

sodium salt (TMSP-d4), adjusted to pH 5 with deuterium chloride.  Centrifugation for 4 

minutes at 5000 rpm (~6,000 x g) was employed to precipitate proteins
51

 and remove 

cellular debris after 4 minutes of manual homogenization with a micropestle (Eppendorf). 

An aliquot (600 µL) of supernatant was transferred to a 5 mm NMR tube.  Four 

independent biological replicate experiments were used for each stress treatment or 

control.   

Metabolite standards were also measured, including amino acids, participants in 

the tricarboxylic cycle, mono- di- and tri- saccharides, metabolic coenzymes/cofactors, 

and plant hormones. Standards for each metabolite were analyzed in the same buffer as 
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the tissue samples, adjusted to the average sample pH meter reading (samples: 4.56 + 

0.04 across the dataset, standards: 4.58 + 0.12 out of 48).   

 

3.2.2 NMR Data Acquisition  

NMR spectra were recorded using a Bruker Avance Spectrometer operating at 

600.06 MHz using a water presaturation pulse sequence.  A relaxation delay of 1.5 

seconds was followed by selective saturation (50 dB) of the residual water (HOD) 

resonance.  A spectral width of 7716 Hz was excited by a 90
o
 proton pulse (7.82 µsec, -5 

dB).  Free induction decays (FIDs) were acquired into 25860 time points.  An acquisition 

time of 1.675 sec was sufficient to prevent truncation artifacts.  Compromise between 

adequate signal-to-noise ratio (S/N) for quantitation (>250) and sample throughput 

necessitated coadding 1200 scans per bioreplicate following 16 dummy scans for a total 

experiment time of 64 min. The temperature of the sample was maintained at 298 K. 

Manual shimming was performed for each sample until the TMSP line width at half-

height was less than 1.5 Hz.   

 

3.2.3  NMR Data Processing 

All NMR spectra were zero filled to 131072 points and apodized by 

multiplication by an exponential function equivalent to 1.0 Hz line-broadening prior to 

Fourier transformation. Variance introduced by manual shimming between samples can 

be partially compensated for by applying exponential multiplication to each spectrum 

such that the resulting linewidths are similar across the dataset.
52

  Reported metabolite 
1
H 
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NMR chemical shifts (δ) were determined relative to TMSP-d4 (0.00 ppm).  Using 

Topspin 2.0 (Bruker), phasing and baseline correction were applied automatically.   

 

3.2.4  Selection of Integral Regions  

Once a set of NMR spectra has been recorded for a series of given biological 

treatments, a data matrix is generated to fit the pattern indicated in Table 3.1.  Samples 

are formatted as rows and responses are organized as columns.  The limits of integration 

fit one of two general patterns depending on the knowledge outcome desired.   

 

3.2.4.1 Nontargeted Metabonomics 

In these experiments, each spectrum was integrated using a set of equidistant 

regions of 0.02 ppm width over the range of 0.5-9.5 ppm.  Integral regions containing the 

resonances of buffer and solvents, acetate and acetonitrile (1.96 - 2.04 ppm), and HOD 

(4.28 - 4.48 ppm) were excluded. These non-targeted integrals are of a sufficient size to 

contain one linewidth, therefore each integral region is may be representative of a 

particular metabolite.  Analysis of this type may be considered exploratory, or 

hypothesis-generating, and is useful in gaining a better understanding of 

interrelationships among the treatments and variables.  Global information was obtained 

by utilizing bins representing the relevant frequencies of the 
1
H NMR spectrum. 
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Table 3.1 Raw data format for multivariable (nontargeted) metabonomics.  Samples are listed in rows.  

Integral regions at intervals of 0.02 ppm contribute 427 variables for each sample.  The constant sum 

normalization factor is calculated by summing all column values. 

 

 

 

3.2.4.2 Targeted Quantitative Analysis 

Once the data had been explored in a non-targeted manner, a second set of 

integral regions were manually selected, ensuring that peak maxima of biologically 

important metabolites were not split between separate integral regions, for the purpose of 

quantifying well-resolved peaks.  When possible, multiplets were bucketed into a single 

integral region, thereby increasing S/N, provided that part of a multiplet was not 

obstructed by overlap with resonances from other metabolites.   
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3.2.5 Spectral Editing 

Another way of visualizing trends in the data is by visual inspection of a set of 

NMR spectra. The human mind has an amazing capacity to recognize patterns.  Despite 

our best efforts to remain strictly objective, spending time looking at raw or normalized 

spectral data can sometimes lead to promising hypotheses which can be refined by further 

more objective comparison. The data presented in Appendix A, together with Figure 3.4 

presents subtracted spectra overlaid with spectra of selected metabolite standards to 

illustrate how this type of “fingerprinting” is accomplished by visual inspection. 

In this work, spectral addition of bioreplicates was used to improve signal to noise 

and average out sample-to-sample variation, followed by spectral subtraction of the 

average control spectrum from the average stressed spectrum.  In this way, metabolites 

which accumulate or become depleted under oxygen deprivation can be visualized 

spectrally when obstructing metabolites are not changing in response to stress.  This was 

performed for visualization of the hypoxic induction of the metabolite lactate, which was 

obscured by a broad resonance most likely generated by methylene protons on fatty acids.  

The challenge to spectral editing is that it works best when pH is tightly controlled to 

prevent pH-dependent chemical shift changes in metabolites with titratable groups having 

pKa values around the pH of the samples.  The drawback to spectral subtraction is that it 

is no longer possible to quantitate the magnitude of a fold change from a subtracted 

spectrum, instead only a rough estimate of the change in metabolite abundance is 

possible.  
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Spectral editing was carried out to estimate fold changes for metabolites found in 

regions where resonance overlap precluded direct integration.
53, 54

  Subtraction of an 

average control spectrum from stressed spectra has been used elsewhere in plant 

metabolomics to visualize spectrally changes in metabolites as a function of treatment.
55

  

In sample preparation, both treatments were handled identically to yield aqueous extracts 

at the same ionic strength and pH.  If these conditions have been met, spectral subtraction 

can be applied to find the difference between treatment and control metabolic profiles.  

This difference spectrum can more easily reveal metabolites that are affected by 

biological treatment.   

 

3.2.6  Scaling and Normalization 

One advantage of NMR is its inherent quantitative nature; if identical acquisition 

parameters have been used, the integrated intensity of a resonance will be directly 

proportional to the number of nuclei responsible for generating the signal.  However, in 

biological studies it is desirable to quantitatively compare the amount of a metabolite in 

one tissue sample to the amount of that same metabolite in a different tissue sample.  This 

quantitative comparison could be achieved by scaling the detector response to the original 

tissue mass.  However, in these experiments differences in tissue water content as well as 

contamination of seedlings from the growth media has made such normalization less 

effective.  Efforts to build consensus on a “housekeeping” metabolites to use for internal 

quantification have so far been unsuccessful for metabolite studies.
56
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In general, metabonomic data cannot be reliably interpreted without cleaning.
57, 58

  

These issues were addressed in Chapter 1; in Chapters 3-4 metabolite data was 

normalized to the total integrated area of its NMR spectrum, termed the “constant sum.” 

59, 60
  There are several advantages to constant sum normalization: it accounts for sample-

to-sample variability regarding the nature of the original sample (i.e. water content), 

resonances from contaminants can be excluded from the constant sum calculation, and 

the method may even account for differences in extraction efficiency.  The qualifications 

for dividing the NMR spectra into integral regions are articulated in the following sub-

sections (3.2.7 and 3.2.8) depending on the desired knowledge outcome.   

Scaling and centering are common processing steps.  In this study, log2 scaling 

was applied to calculated fold changes to moderate the effects of dramatic up- or down- 

regulation of transcripts.  Metabolite fold changes were in general less dramatic, and 

therefore, metabolite data was not scaled.  Mean-centering is a technique used to shift the 

centroid of the entire dataset towards the mean and therefore any resulting comparative 

plots will be centered around the origin (0,0).  Mean-centering does not affect clustering 

outcomes, but only centers the resulting plot around zero.  It is accomplished by 

calculating the mean of each variable (µ) and subtracting each datapoint by its mean, as 

shown in Table 3.1. 

 

3.2.7 Unsupervised Data Evaluation  

Multivariate data analysis was carried out using Minitab® 14 statistical software.  

Principal component analysis (PCA) was used to examine clustering and correlations 
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within the entire data set. Clusters were generated using the scores and the confidence 

level in NMR spectral assignments were supported by the loadings.  The PCA model was 

constructed using all samples.  

PCA was chosen as a statistical method because it provides a global overview of 

large multivariate datasets.  The reduction in dimensionality imposed by this 

transformation makes the detection of sample groupings very simple as each sample is 

represented by one point on the scores plot.  Samples that appear close together on the 

graph are said to ‘cluster,’ which is indicative that they have covarying signals and may 

be similar in overall biochemical composition.
44

 

The loadings plot can be useful to identify covarying integral regions, which may 

facilitate assignment of signals to metabolites.  Most metabolites produce more than one 

1
H NMR resonance.  A significant problem in one-dimensional proton NMR-based 

metabolic profiling is that metabolite resonances may be directly or partially overlapped.  

There are ways that one can deconvolve
54, 61, 62

 the signal of biological interest from the 

background by careful design of biological specimen collection with proper negative 

controls.   

 

3.2.8 Supervised Statistics 

A Student’s t-test
63

 was performed to evaluate significant differences between 

control and stressed populations for each variable chosen to represent a single metabolite.  

The calculated t (tcalc) was compared with a table of values
63

 using the following formula.   
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Using Excel 2003, tcalc was converted to p-value to establish precise differences for 

comparisons taking into account the cumulative sample variances.  Changes in metabolite 

levels were ultimately reported analogously to microarray experiments, either as fold 

change or signal-log ratio. 

 

3.2.9 Integrating “-omic” Datasets 

Comparison between Affymetrix GeneChip (ATH1) transcript data and 
1
H NMR 

metabolite data was performed manually.  The software OmicsViewer and MapMan were 

employed for cross-platform integration, but were found to be of little use.  A customized 

pathway diagram summarizing our findings was determined to be a more insightful and 

directed approach to reporting.  Although this is counter-intuitive to the growing 

movement of standardization, the dataset is freely available (Supplementary Table S2 in 

Branco-Price et al.
64

), and anyone is invited to browse it at will along with corresponding 

metabolite information presented in Table 3.2. 

A formidable challenge in metabolite analysis is that metabolomes are 

complicated.  Metabolic reactions are highly branched and interconnected.  A steady-

state snapshot may not provide enough information about a sum of cellular processes.  

The aim of these experiments was twofold (1) to observe global metabolic changes upon 

early and late energy crisis and recovery in a nontargeted way, (2) to quantify specific 

target molecules involved in biochemical pathways of relevance in oxygen deprivation 
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stress by interrogating the data in a unique way to follow-up on a hypothesis generated by 

global analysis.  Our hypothesis was that steady state metabolite concentrations captured 

at early and late time points would inform us about the activation of various pathways as 

a response to oxygen deprivation.  We hoped to infer some knowledge regarding fluxes 

of carbon, nitrogen, sulfur and phosphorus resource allocation within the plant under 

energy crisis by showing complementary activity between the metabolome, the 

transcriptome, and the translatome.   

The approach described in this chapter is to identify specific metabolites in a 

direct extract of wet plant tissue by comparing the spectrum of the extract to that of 

authentic metabolite standards in the same buffer.  Well-resolved peaks were integrated 

to provide relative quantitation.  Spectral subtraction of control from stressed extracts can 

provide information on metabolites whose resonances are overlapped with metabolites 

that do not respond to oxygen deprivation treatment.  Spectra of this type are shown 

together with metabolite standards in Appendix A. 
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Figure 3.4  

1
H NMR spectra of direct tissue extracts.  Resonances of sugars, organic and amino acids 

appear highly overlapped.  Two hour control (2NS) and 2 hour hypoxia (2HS) stress are distinct from 9 

hour control (9NS), 9 hour stress (9HS), and 9 hour stress after 1 hour recovery (1R). 
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3.3    Results and Discussion 

Figure 3.4 shows representative 
1
H NMR spectra of direct tissue extracts.  Direct 

extract implies that the metabolic activity of a population of 50 seedlings (7 days old) 

was quenched with liquid nitrogen.  Wet tissue was extracted in 1:1 acetonitrile-d3:water-

d2 maintained at a pH meter reading of 4.55 by deuterated acetate buffer (100 mM).  

Treatments shown in Figure 3.4 from bottom to top include 2 hour non-stress whole 

seedlings (2NS), 2 hours oxygen deprivation-stressed whole seedlings (2HS), 9 hours 

non-stress whole seedlings (9NS), and 9 hours oxygen deprivation-stressed whole 

seedlings (9HS).  A population allowed to recover for 1 hour after 9 hours oxygen 

deprivation (1R) was also prepared in parallel, but without a 10 hour negative control.   

Resonances of branched-chain amino acids (Val, Ile) are highest upfield.  A broad 

signal is contributed by lipids, but a sharp doublet from lactate is visible in stressed 

conditions.  Ala can be observed to accumulate under stress.  Substrates of nitrogen 

metabolism including arginine (Arg), ornithine, lysine (Lys), Glu, Gln, Asn and choline 

generally maintain homeostasis even under stress, if anything becoming limited/depleted.   

Small organic acids succinate and pyruvate contribute low intensity singlet 

resonances, but can be seen to accumulate under oxygen deprivation stress.  Sucrose, 

glucose and fructose were the dominant sugars observed in Arabidopsis extracts, however 

these may have been contributed by growth medium and not representative of 

endogenous sugar levels.  Resonances in the aromatic region, even when enhanced 16-

fold, are not of sufficient S/N ratios to be quantified by this method.  This much 
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information we were able to gain by visual inspection, for an unsupervised approach, we 

turned to multivariate data analysis of our one-dimensional 
1
H NMR metabolite profiles. 

 

3.3.1   Multivariate Data Analysis of NMR-based Metabolic Profiles 

An in-depth discussion of the merits and approaches of chemometric data 

evaluation are presented in Chapter 1, Section 1.5.1.  The highly correlated variables in 

the data resulting from four bioreplicates via NMR-based metabolic snapshots warranted 

the application of PCA for unsupervised pattern recognition, dimensionality reduction, 

and identification of global trends.  The scores plot (Figure 3.5) revealed a cluster formed 

by all control samples.  There was good agreement even though one set was collected 4 

hours into the day whereas the other was collected 11 hours into the day.  This suggests 

that basic aerobic respiration in the presence of light dominates the metabolite profile of 

these samples.
4, 65-67

   

The next distinct cluster revealed by PCA was the 2 hour stress group.  Although 

these samples were prepared over several weeks in a 2 ½ month period, there is clear 

agreement and distinction from controls.
68-73

  The third cluster is occupied by both 9 hour 

stressed seedling extracts and those seedlings which were stressed for 9 hours and 

allowed 1 hour to recover.  This suggests that it will take longer than 1 hour for global 

metabolite profiles to recover to 2 hour stress levels and those of control seedlings.  

These metabolic differences may be accounted for by the activity of aminotransferases,
74-

77
 which have been shown to be involved in posthypoxic recovery in both plant and 

mammalian tissues.   
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Figure 3.5 PCA of 
1
H NMR spectra (binned into 427 variables) of 19 plant extracts is reduced to a two-

dimensional scores plot, revealing the variables responsible for clustering of samples according to duration 

of oxygen deprivation stress treatment. 

 

Transcripts and enzymes are responsible for reestablishment of homeostasis upon 

recovery.  Expression of certain “ready to rumble” enzymes which rapidly facilitate 

recovery is thought to be accomplished under stress, unleashing a barrage of chemical 

energy upon reoxygenation, although our global metabolite profiles do not support this 

hypothesis.
71, 78

  Recovery from oxygen deprivation has been studied in C. elegans,
79

 

where it was found that only mutants with enhanced translational repression can recover 

from oxygen deprivation in 1-2 hours but wild-type worms did not survive the 22 hour 

oxygen deprivation even when given 24 hours of reoxygenation.  Translational repression 
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is an evolutionarily conserved strategy to survive hypoxia/anoxia via decreases in ATP 

consumption, protein aggregation and an alteration of the proteome.  During a recovery 

period, reactive oxygen species (ROS) are generated,
80

 which are thought to function as 

initiators of a signaling cascade.  Other proposed regulators of oxygen deprivation 

responses include cytokinins, mutants capable of self-regulating cytokinin production 

under environmental stresses that survive better relative to wild-type plants.
72, 81

  

Although interesting, the processes occurring in recovery are too poorly understood to 

cover in detail here.  The compounding biological factors making it difficult to interpret 

metabolic snapshots taken 1 hour after return to normoxia are that simultaneous might 

include: (1) turnover of enzymes and mRNAs from anaerobic response, (2) restoration of 

normal protein synthesis, (3) restoration of oxidative phosphorylation, and (4) recycling 

of Ala to pyruvate. 

The loadings plot (Figure 3.6) suggests that the clustering of samples is due to 

chemical shift regions corresponding to Ala, Gln, lactate, succinate, and glucose.  These 

were confirmed by visual inspection of representative spectra from each sample treatment 

(Figure 3.4) as well as by comparison with difference spectra (presented for individual 

metabolites in Appendix A: NMR-based Primary Metabolite Database).  Identifications 

were made by overlaying a spectrum of a metabolite standard on the top of the treatment 

or difference spectra.  Special attention was given to pH effects, chemical shifts of 

resonances, coupling patterns, and multiple resonances attributed to a single molecule.  If 

all of these pieces of information were not in agreement, the metabolite identity was not 

established. 



 186

First Component

S
e

c
o

n
d

 C
o

m
p

o
n

e
n

t

0.30.20.10.0-0.1-0.2-0.3-0.4-0.5-0.6

0.2

0.1

0.0

-0.1

-0.2

-0.3

-0.4

0.830.850.870.88950.90950.9305
0.9495

0.970.991.00951.031.051.06951.09051.11051.131.14951.16951.191.21051.2305

1.2505

1.27
1.29

1.31

1.3295
1.35
1.371.39

1.41

1.43

1.451.471.491.5091.531.5511.5705
1.59051.61151.6311.651.671.691.71051.73051.751.771.79051.8111.8305
1.85051.8715

1.8925
1.9105

1.93

2.07

2.09

2.1112.13052.15052.1712.19152.2112.23052.2512.27152.2912.31052.3305
2.35

2.37

2.39

2.41

2.43052.4512.47052.492.512.53

2.5505

2.57052.59
2.61

2.63

2.652.672.692.712.732.752.77
2.7912.811

2.83052.8512.871
2.89052.912.9305

2.9505
2.97
2.99
3.013.03053.0513.07053.093.11

3.13

3.153.17

3.1895
3.20953.233.25053.2713.29

3.31
3.33

3.35
3.3705

3.3905

3.41

3.43
3.45053.471

3.49

3.51

3.533.5495
3.5695

3.59

3.61

3.63

3.65

3.67

3.69

3.71

3.73

3.75

3.77

3.79

3.81

3.8305

3.85053.873.89

3.91

3.93

3.95

3.97

3.99
4.01

4.03

4.0495
4.07

4.09

4.11

4.13

4.15
4.16954.18954.74954.76954.794.80954.83054.8514.87054.894.914.934.954.974.995.015.02955.04955.06955.08955.10955.1295

5.1505

5.1715.19055.20955.22955.25
5.275.29055.3105

5.33

5.35

5.37

5.395.415.42955.455.475.495.50955.52955.555.575.595.615.63055.65055.675.695.70955.72955.74955.775.79055.815.835.855.875.89055.91055.935.955.975.996.016.036.056.076.096.116.136.156.176.1916.21056.23056.25056.276.296.316.336.34956.36956.38956.416.436.45056.476.496.516.52956.54956.576.596.60956.62956.6505
6.671

6.6905
6.71

6.73056.7516.77056.79056.8116.8316.85056.87056.89056.916.936.956.976.98957.017.037.057.077.097.117.13057.15057.17057.19057.21057.23057.257.277.297.317.337.357.377.397.417.43057.449

7.46957.489
7.5097.5297.557.57057.59057.6117.6317.65057.67057.69057.717.73057.75057.77057.7905

Figure 3.6 PCA of 
1
H NMR spectra (binned into 427 variables) of 19 plant extracts is reduced to a two-

dimensional loadings plot revealing integral regions varying significantly.  Directionality indicates 

covarying resonances. 

 

An explained variance plot (Figure 3.7) reveals that the first principal components 

explains less than 50% of the variance in the dataset while the first and second 

components together explain approximately 67% of the variance in the dataset.  Plotting 

eigenvalue on the y-axis and eigenvector number on the x-axis reduced dimensionality 

from 427 vectors to two vectors; considering the information contained in the first two 

eigenvectors of our model account for 67.4% of the variance in the original dataset.  It is 

generally considered that the first two principal components should account for greater 

than 65% of the variance in the dataset.  Further cross-validation is warranted, but so far 

we are confident that the scores and loadings plots provide us with a representative meta-
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view of global changes in the metabolome.  Although this does not represent all variance, 

it can reduce the dataset to two dimensions, allowing for first-pass interpretation of which 

metabolites are responsible for the observed clustering.   
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Figure 3.7  Plotting eigenvalue on the y-axis and eigenvector on the x-axis gives an explained variance 

plot.  Our scores and loadings plots account for 67.4% of the variance in the original dataset. 

 

 Cross validation was performed as recommended by Broadhurst and Kell
82

 to 

ensure that metabolites indicated by the loadings plot were in fact responsible for the 

clustering observed in the scores plot.  This was carried out in an unsupervised approach 

by identifying the loadings most important to the model, by calculating “loading length.”  

The PCA model outputs PCs (eigenvectors) in both Q-mode (scores) and R-mode 

(loadings).
83

  Using only R-mode (loadings) and visualizing a vector plot made by using 

only the first two principal components (as shown in Figure 3.6), it is possible to 
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calculate the length of the hypotenuse (c) of a triangle formed for each of the original 

variables and their projection onto the first two principal component axes in the new 

coordinate space (a representing PC1 on the x-axis, b representing PC2 on the y-axis).  

Using Pythagorian Theorem, loading length is calculated by solving for c. This approach 

identified the original variables occupying NMR spectral regions 3.91, 3.81, 3.7505, 

3.7305, 3.71, 3.69, 3.6495, 3.63, 2.39, 2.07, 1.429, and 1.409 ppm as having the longest 

“loading length.”  

 Constructing a new PCA model using only the integral regions listed above 

(Figure 3.8), we can see that these variables are responsible for the biologically relevant  
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Figure 3.8  The PCA model was cross-validated by recalculating PCs utilizing only 12 variables, those 

which had been indicated by the loadings plot to explain the variance in the dataset.  This is to check for 

false positives. 
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clusters discussed previously.  If the clustering was not preserved, we would be including 

unnecessary variables from the original data matrix.  Conversely, we can take the 

remaining data matrix, excluding these 12 integral regions and construct a new PCA 

model.  

 As shown in Figure 3.9, PCA is useful for narrowing the scope of NMR-based 

metabolomic datasets, yet it does not give direct information on specific metabolites.   
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Figure 3.9  The PCA model was cross-validated by recalculating PCs excluding 12 variables, namely those 

indicated by the loadings plot to explain the variance in the dataset.  This is to check for false negatives. 

 

 

 

Covariance analysis provides for the identification of metabolites or pathways that are 

significantly perturbed by low oxygen levels.  However, a different type of analysis is 

needed to establish statistical and biological significance, and the results do not directly 

translate to a biological interpretation.  An alternate representation is to consider intense 
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metabolite resonances occupying regions of spectral space that do not overlap.  By this 

technique, we assign signals to abundant molecules in plant extracts and quantify the 

accumulation or depletion of as many metabolites as possible. 

 

3.3.2   Univariate Analysis of NMR-based metabolite profiling data 

 Statistical evaluation of the metabolic profiles generated by 
1
H NMR allowed 

direct integration and quantitation of 12 metabolites, reported in Table 3.2.  One 

additional metabolite, lactate, was determined by spectral subtraction due to overlap with 

other resonances.  The expected production of significant amounts of Ala at the early 

time points was observed (greater than 3-fold increase above the control), as well as the 

production of succinate greater than 4-fold above the control values.  The production of 

lactate was observed but it was impossible to calculate a fold change since levels could 

not be accurately determined in the controls. 

Interestingly, we observed an average increase of sucrose, however it was not 

statistically significant due to large variability among bioreplicates, which might have 

been an artifact of sampling.  When Arabidopsis seedlings are released from oxygen 

deprivation treatment, it is best to harvest them as quickly as possible.  Inevitably, 

contamination from the media results since the seedlings are beginning to form lateral 

roots and root hairs, which adhere strongly to the growth support.  When medium alone 

was sampled, it was found to contain an abundance of sucrose and smaller amounts of 

fructose and glucose.   
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Table 3.2  Metabolites quantified by 
1
H NMR of direct tissue extracts.  Chemical shifts integrated are 

listed.  Numbers reported for each treatment represent the normalized signal intensity of a metabolite under 

stress divided by the normalized signal intensity of the same metabolite in the corresponding control 

condition, yielding a fold change for each metabolite.  Fold changes report the effect of 2 hours of stress 

(2HS/2NS), 9 hours of stress (9HS/9NS), and the effect of 1 hour recovery against 9 hour controls 

(1R/9NS) and stress (1R/9HS).  Significance is denoted by * at the 95% confidence interval and by ** at 

the 99% confidence interval. For lactate, the fold change could not be quantified because of low levels in 

control tissue and spectral overlap, therefore + and +++ denote moderate and strong increases, respectively. 

 

Metabolite 

Shift 

(ppm) 2HS/2NS 9HS/9NS 1R/9NS 1R/9HS 

Ala 1.42   3.3*    6.5**     6.8** 1.0 

Asp 2.79 1.0  0.7*     0.7** 1.1 

Choline 3.13 0.8  0.8* 0.8 1.1 

Fructose 4.02 0.8        1.1 1.2 1.0 

GABA 2.98 1.0    1.3**     1.2** 0.9 

Glucose 5.15 0.8 1.2 1.2 1.0 

Glu 2.10 1.0   0.7*     0.7** 0.9 

Gln 2.06 0.9     0.7**     0.7** 1.0 

Lactate 1.13 + +++ + --- 

Ornithine 1.75 0.8 1.0 1.2 1.2 

Succinate 2.56     4.2**    11.4**     7.4**  0.7* 

Sucrose 5.34 1.9 1.1 1.1 1.0 

Val 0.99 1.1 1.3     1.6** 1.2 

 

 

 

 

    

 After nine hours of oxygen deprivation stress, many more metabolites were 

statistically significantly altered from their values in the control.  The production of 

GABA was observed in addition to an even greater accumulation of Ala and succinate.  

The amino acids Asn, Glu, and Gln were observed in oxygen deprivation stressed tissue 

extracts to decrease at the 95% confidence interval to 70% of the amount they would 

have been present in the control samples.  The biogenic amine choline was significantly 

affected by oxygen deprivation in cell cultures.
17

  It is proposed in this work that the 

changes in these metabolites together represents a consumption of nitrogen reserves and 
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suggests that the nitrogen cycle has been disrupted in the attempt to maintain homeostasis 

and ATP production to support critical cellular processes. Selected metabolite average 

relative abundances are represented graphically in Figure 3.10.  Standard deviation is 

displayed as y-error bars for each average reported (N=3-4) among bioreplicates. 

 

Figure 3.10 Average relative metabolite abundance in extracts representing Arabidopsis seedlings (N=3-4) 

for hypoxia controls and treatments.  Two hour control and stress (2NS, 2HS) are compared with nine hour 

control and stress (9NS, 9HS)  and nine hour stress followed by one hour recovery (9+1).  Standard 

deviations among bioreplicates are shown as y-error bars.  Significant differences are clear in lactate and 

succinate.  Ala is shown on a different scale due to its abundance, which would have dwarfed all other 

observations. 

 

 Given one hour of reoxygenation, Ala, GABA and succinate were found to 

remain elevated over the nine hour control group.  Ala levels did not change significantly 
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upon recovery, however succinate and lactate levels were significantly altered in the 

recovery period.  Glu, Gln and Asn also remain significantly depleted even after one hour 

of recovery, while the disruption of choline was no longer considered significant.  One 

striking feature of the recovery period is the accumulation of valine.  This metabolite is 

synthesized in an aminotransferase reaction involving both pyruvate and Ala, catalyzed 

by branched chain aminotransferase (BCAT), so perhaps it is another neutral substrate 

which can distribute carbon skeletons funneled through glycolysis to prevent buildup of 

lactate when aerobic respiration resumes.  Mutants of valine production
84

 could be used 

to test this hypothesis in planta.  A chemical genomic approach has recently contributed 

to the body of knowledge in this area.
85

  BCAT, also known as Transaminase B, is 

responsible for the final step in Ile and Val production in Arabidopsis.
86, 87

   

 

3.3.3  Insights from GeneChip Measurements 

Total and polysomal RNA extracted from three independent biological replicate 

experiments were used for microarray hybridization analysis against Arabidopsis ATH1 

GeneChip arrays.  Probe-specific and multichip background corrections were carried out 

for total and polysomal RNA.  Further adjustments were made to polysomal RNA data to 

account for variation in the levels of protein synthesis and hence global polysome levels 

under the different treatment conditions. The normalization factor was generated from 

sucrose density gradient absorbance profiles of polysomes purified from tissue. 

Following 2 hours of oxygen deprivation (short-term) we observed only a select 

population (2%) of mRNAs were increased in abundance in immunopurified mRNA, 
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whereas a larger population (6%) were increased in abundance in total mRNA.  A set of 

178 transcripts were conserved between the two, increasing in stress conditions compared 

to control at a significance level of 99.9% or greater.   

A similar but more dramatic trend was observed after 9 hours (prolonged) stress, 

with 20% of mRNAs significantly increased in total mRNA population and only 5% of 

mRNAs significantly increased in the immunopurified group.  A large group (~5000 

transcripts) of mRNAs were found to decrease in polysome immunopurified populations 

under both stress conditions.  By comparative analysis, the molecular outcomes of short-

term and prolonged oxygen deprivation and subsequent recovery for 1 hour versus 

controls were evaluated gene-wise.  These time points were chosen based on RT-PCR 

monitoring of transcripts known to be elevated in response to hypoxic stress, namely 

Alcohol Dehydrogenase (ADH1).  RT-PCR results correlated well with microarray data.  

 

3.3.4 Pathway Modeling 

 By examining significantly altered metabolites and genes corresponding to 

transcripts showing significant changes in relative abundance in response to oxygen 

deprivation stress or recovery, we may postulate on flux through pathways.  In many 

cases we had insufficient data to fully map these results onto pre-packaged pathways.  

Volatile trapping, as well as starch and insoluble carbohydrate analysis, and lipid 

analysis, would be necessary to ascertain a whole picture of the plant’s responses to low 

oxygen and anoxia.  Additionally, although Arabidopsis thaliana (Col-0) is one of the top 

three model organisms, at the time of this work, less than 60% of genes had been 
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functionally identified.  Therefore, some significantly altered transcripts are as yet 

unidentified.  For the range of pathways we were able to confidently probe, we found 

several significant observable metabolic tendencies, which we now understand are part of 

the “core” hypoxic response.  A model summarizing the main findings of this work is 

displayed in Figure 3.11.  The induction of flux through the pathways observed in our  

 
 

Figure 3.11 Metabolic adjustments under oxygen deprivation.  Metabolites, enzymes, and intermediates 

are shown.  The primary rate-limiting step of glycolytic flux occurs at PPDK, the process generates one 

molecule of ATP.  Pyruvate undergoes fermentation via LDH to lactate, transamination to become alanine, 

dehydrogenated yielding acetyl-CoA which can enter the TCA cycle, or decarboxylated to acetaldehyde 

and dehydrogenated via ADH to ethanol, regenerating NAD
+
 for reentry into glycolysis.  The oxoglutarate 

dehydrogenase and succinate dehydrogenase are highly favored processes for ATP generation, leading to 

production of succinate.  NAD
+
 may be regenerated via malate dehydrogenase or malic enzyme.  Glutamic 

acid dehydrogenase can consume excess cellular protons, forming GABA, which may be a key substrate 

along with alanine for maintaining a balance between carbon and nitrogen metabolism. 
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study is represented by large arrows.  Coupling intermediates (NAD
+
, ATP, H

+
) are 

represented where literature and data suggest it is relevant.  Enzymes are abbreviated for 

some reactions.  Furthermore, some but not all arrows may function bidirectionally.
87

 

A summary of the literature in a variety of plants in regards to metabolic networks, 

metabolomics, and enzymatic quantitation of primary metabolism is provided by Table 

3.3.  Metabolic network coordination is still being understood in crop and model systems.  

Conserved mechanisms involve induction of ethanol and lactate fermentation, producing 

ATP via glycolysis, controlled by cytosolic pH.  

 

3.3.4.1 Sucrose Catabolism, Glycolysis and Fermentation 

Catabolism of sucrose is achieved via sucrose synthase, a less energetically costly 

process than the invertase route.  Flux of carbon through glycolysis, which is the main 

source of energy under aerobic conditions, is blocked under oxygen deprivation.  

Glycolysis terminates in pyruvate, which is a metabolic hub.
12

  However under low-

oxygen stress, lower ATP levels are maintained at the substrate level via glycolysis 

coupled with NAD
+
 regeneration through anaerobic fermentation.  Fermentation is a key 

component of the low oxygen response in plants.
14-16

  When oxidative phosphorylation 

provides inadequate ATP, limited by absence of O2 (the final electron acceptor), to 

sustain the classical citric acid cycle as shown in Figure 3.1, fermentation provides 

alternate routes for consumption of pyruvate.  The ATP generated is necessary to retain 

critical processes such as RNA transcription, protein synthesis and the activity of plasma 

membrane and vacuolar proton pumps that limit acidification of the cytosol.  Figure 3.11  
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Table 3.3 Summary of plant primary metabolism literature.  Critical processes for survival are summarized 

for each abiotic stress. 

Plant Age Organ 

Condition/ 

Treatment/ 

Genotype Major Findings Ref 
Chlamydomonas 

reinhardtii  

(algae, plant ancestors) 

2 d culture 5 or 0.035% CO2, + 

AOA (AlaAT inhibitor) 

AlaAT transiently induced by 

growth under low CO2 conditions 
88 

Corynebacterium 

glutamicum (bacterium) 

 culture in vivo kinetics of 

transaminase network 

after glucose load 

Valine production strain has 

alterered flux through pyruvate (3-

fold), metabolite concentrations 

have subsecond turnover rates 

84 

Lemna minor L. 7 d whole 

plants 

7.0 mmol N / dm3 (N-

free, NH4
+ or NO3

-) 

Nitrogen starvation altered protein 

contents and Glu, Ser, Ala, 

glyoxylate, pyruvate 

89 

Lotus japonicus (ecotype 

GIFU B-129) 

12 wk root, 

nodule and 

leaves 

waterlogging (N2 sparged 

water) + leghemoglobin 

(via RNAi) 

Coupled transaminases are central 

with minor consideration given to 

glycolysis and the TCA cycle 

90 

maize (hybrid Funk 4323) 

and pea (var. Alaska) 

2 d root tip  

(2-4 g) 

[50 mM glucose, 0.1 mM 

CaSO4] 10x + O2(g) or  

1x +  N2(g) 

Lactate fermentation responsible 

for acidification of cytoplasm 
91 

oat (Avena sativa L.) 10 d leaf slices 0.3 M sorbitol,  

2 mM KH2PO4,  

2 mM MgCl2, 1mM 

EDTA,  

5 mM HEPES/KOH  

+ 3 mM 15N Glu or Ala 

Role of Ala in photorespiratory 

nitrogen metabolism 
92 

Oryza sativa, cv. M201 3 d apical 

shoots 

superfused in [0.5mM 

CaSO4, 5 mM glucose, 5 

mM NH4SO4, 5 mM 

NaHCO3, 5 mM 

Na13CH3COOH] + air or 

N2 for 23 h (dark) 

Glyoxylate cycle contributes to 

maintenance of glycolysis for 

energy production 

93 

potato (Solanum 

tuberosum) cv Desiree 

10 wk tuber cores PKc decrease via RNAi Regulation of AOX by pyruvate 

in vivo 
13 

radish (Raphanus sativus 

L., var. Champion) 

mature leaf N2 or air exposure to leaf 

halves, dark, room temp 

Accumulation of pyruvate shifts 

equilibrium of AlaAT towards Ala 

accumulation, at the expense of 

Glu and Asp, concomitant with 

the accumulation of GABA 

94 

soybean (Glycine max [L.] 

Merr. cv Corsoy 79), 

compared with pea, bean, 

pea, alfalfa, tomato, radish, 

barley, foxtail, maize, 

purslane, pigweed 

45 d detached 

leaf 

+ light,  

cold-shock (6oC, 5 min), 

heat-shock (33oC, 5 min) 

Adjustment of Gly, GABA, Ala, 

Glu and Asp in response to light 
95 

tomato (Lycopersicon 

esculentum Mill. Cv 

VFMT) x barley LDH 

3 wk petiole 

section 

transformant root 

cultures in liquid 

medium, + barley LDH 

Progressive inhibitition of LDH 

activates PDC, promoting alcohol 

fermentation 

96 
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is one model demonstrating how survival is achieved, based on our analysis of 9-hour 

argon-treated 7-day-old seedlings of the model plant Arabidopsis thaliana (Col-0) grown 

on 1% sucrose-enriched 0.5x MS solid media under long day (16 h light) conditions. 

In sucrose and starch metabolism, sucrose synthase (links energy-efficient sucrose 

catabolism to glycolysis) and the carbohydrate kinase family (glucose/G-6-P or F-6-P/F-

1,6-P or F-6-P/F-2,6-P) were found to increase with stress.  The transcript for 

HEXOKINASE2 (glucose/G-6-P) was found to decrease upon stress but increase after 

recovery.  The Student’s t-test did not identify any fold changes as significant according 

to the NMR data however, the multivariate statistics indicate that some of the sugar 

resonances contribute to the variance in the dataset.  Indeed, inspection of Figures 3.4 

(NMR spectra) and 3.6 (PCA loadings plot) clearly shows integrals in the sugar region 

varying significantly.  Possibly this is related more to normal sugar usage during the 

diurnal cycle and not directly linked to sample treatment, or contamination with media. 

Under conditions of oxygen deficiency, glycolytic flux to pyruvate is needed to 

boost substrate-level ATP generation.  Fermentation of pyruvate to generate lactate or 

ethanol serves to regenerate NAD
+
 allowing glycolysis to continue.  There is increasing 

evidence that under oxygen limiting conditions the TCA cycle operates as two branches 

rather than as an 8-step cycle, independently consuming and regenerating NAD
+
/NADH 

while yielding additional ATP via conversion of succinyl CoA to succinate catalyzed by 

succinyl CoA synthase.
2
  The production of aspartic acid is inhibited by lack of ATP, 

while production of GABA is stimulated, potentially a sink for protons generated by the 
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production of lactate.  Nitrogen assimilation may also be stimulated for the purpose of 

generation of the signaling molecule nitric oxide (NO).
11, 97

  

Metabolic profiling by 
1
H NMR showed good agreement with the transcript 

profiling by the Affymetrix GeneChip array.  In the glycolytic and fermentation 

pathway,, the transcripts for lactate dehydrogenase (interconversion of pyruvate and 

lactate), alcohol dehydrogenase (conversion of ethanol to acetaldehyde), 

phosphofructokinase (F-6-P/F-1,6-P or F-6-P/F-2,6-P), hexokinase (glucose/G-6-P) were 

found to increase with stress.  The resonance at 2.30 ppm for pyruvate shows a visible 

increase upon stress, but its fold change cannot be accurately calculated due to high 

background in this region.  Fortunately, this metabolite was quantifiable by enzymatic 

assay, which showed that it remained elevated about 5-fold at 2 and 9 hour time points 

and after 1 hour recovery.   

The signals from ethanol and acetaldehyde are unidentifiable in the sample 

spectra either due to low abundance or high background in these regions. This is possibly 

because both of these molecules are volatile and may have evaporated instead of 

accumulating within the plant tissue.   While the tissue was quenched under liquid 

nitrogen, it was stored for up to 3 months in Eppendorf microcentrifuge tubes at -80 
o
C 

and extracted on the benchtop at room temperature (22 
o
C) during which time volatile 

metabolites could have vaporized, oxidized, or degraded.  Enzymatic measurements of 

ethanol fold changes showed a significant accumulation after 2 hours of oxygen 

deprivation, but no differences between 9 hour or recovery and controls were observed. 
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The anomeric protons of sugars are useful for quantitation because they are well-

resolved however it is not possible to distinguish resonances of glucose from G-6-P.  

Standard solutions of glucose and G-6-P can be distinguished in the 3.1 – 3.5 ppm region, 

but in the sample spectra this region is not useful for quantitation because that is a 

crowded region.  In comparing enzymatic measurements of sugars to the NMR-based 

quantitation, large discrepancies became apparent.  Upon further investigation, it was 

determined that the perchloric acid used to extract tissue prior to enzymatic assay was in 

fact cleaving the glycosidic bond of sucrose (Figure 2.8).  This provided misleading 

evidence of low sucrose and higher amounts of glucose and fructose.  Altogether the 

attempt to quantify sugars was severely compromised and became one focus of our 

method development in preparation for future studies of Arabidopsis under oxygen 

deprivation (Section 2.3.4).
98

 

 

3.3.4.2 Fermentation Pathways 

During anaerobic stress the metabolic hub molecule, pyruvate, can be metabolized 

to lactate via lactate dehydrogenase (LDH).  Alternately, pyruvate can be metabolized to 

ethanol via pyruvate decarboxylase (PDC) and alcohol dehydrogenase (ADH) to 

regenerate NAD
+
 required to sustain glycolysis, and associated ATP production.

99
  

Lactate fermentation may contribute to the acidification of the cytoplasm
91, 100

 an early 

response to hypoxic stress, which may progressively inhibit LDH and activate PDC, 

promoting alcohol fermentation, a later response.
96

  These cytosolic enzymes have been 

well studied in maize.  These processes are balanced to minimize carbon losses via 
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evaporation of acetaldehyde and ethanol while maintaining a working pH in various 

cellular compartments to support specialized reactions for temporary survival of low 

oxygen,
15

 and if the stress is applied slowly lactate pumps may help maintain 

homeostasis. 

Accumulation of pyruvate under anaerobic conditions may shift the equilibrium 

of alanine aminotransferases (Table 3.4) towards Ala accumulation, which occurs rapidly 

in plants under anaerobiosis.
94, 101

 The precise function of Ala accumulation under anoxia 

is unknown, but it is speculated that it may serve as a storage form of pyruvate (perhaps 

in the vacuole), controlling the supply of pyruvate to LDH and PDC, and indirectly the 

flux of lactate and ethanol.
5, 102

  Ethanol can be recycled to pyruvate upon reoxygenation.  

The effect of both overexpressing LDH1 and T-DNA knockouts on fermentation 

metabolism (measuring ethanol and lactate only) revealed the importance of this 

mechanism in Arabidopsis.
73

 

 

3.3.4.3   Transaminases: Route for Protein Catabolism 

When sugar reserves are low, especially under prolonged stress, proteins must be 

catabolized to amino acids for energy production.  Transaminases play a key role in 

funneling nitrogen to Asp and Glu for nitrogen excretion.  Table 3.4 illustrates the large 

diversity of transaminases.  Enzyme classification (EC) numbers and references for 

further reading are provided.  Some of these enzymes are denoted in Figure 3.11.  

Changes in abundance and activity of transaminases (also called 

aminotransferases) and their corresponding metabolic substrates and products have been 
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reported for a variety of systems under molecular oxygen- and carbon dioxide- 

deprivation.  Alanine aminotransferase (AlaAT) is induced under anaerobic conditions in 

barley roots.
5, 102

  Furthermore, in Chlamydomonas reinhardtii alanine:2-oxoglutarate 

aminotransferase is transiently induced by growth under low CO2 conditions.
88

  The  

Table 3.4 Transaminases catalyze the reaction between amino acids and alpha-keto acids and mediate 

carbon and nitrogen homeostasis under oxygen deprivation. 

Ref    Reaction catalyzed    Enzyme Name,          Enzyme Classification (EC) Number 

90 glutamate + oxaloacetate ↔  2-oxoglutarate + aspartate AspAT, Asp aminotransferase,  EC 2.6.1.1 

5, 88  glutamate + pyruvate ↔  2-oxoglutarate + alanine   AlaAT, Ala aminotransferase, EC 2.6.1.2 

89  2-ketoglutarate + glycine ↔  glutamate + glyoxylate GGAT, Glu:glyoxylate aminotransferase, EC 2.6.1.4 

90 pyruvate + GABA ↔  alanine + succinic semialdehyde    GABA-T, γ-aminobutyric acid transaminase, EC 2.6.1.19 

89   2-ketoglutarate + alanine ↔  pyruvate                            GPAT, Glu:pyruvate aminotransferase, EC 2.6.1.21 

92, 104 alanine + glyoxylate ↔  pyruvate + glycine  AOAT, Ala:oxoglutarate.aminotransferase, EC 2.6.1.44 

89    glyoxylate + serine ↔   hydroxypuruvate + glycine     SGAT, Ser:glyoxylate aminotransferase, EC 2.6.1.45 

90 2 glutamate ↔  glutamine + 2-ketoglutarate  GOGAT, Glu:oxoglutarate amidotransferase, EC 2.6.1.53 

84  valine + pyruvate ↔  3-methyl-2-oxobutanoate + alanine       BCAT, branched-chain aminotransferase, EC 2.6.1.66 

 

GABA-dependent production of Ala under hypoxia was studied in mature (40 d) 

Arabidopsis thaliana via glutamate decarboxylase (GAD) and GABA transaminase 

(GABA-T) insertional knockout mutants under 5% oxygen.
70

  The behavior of AlaAT1 

overexpression and insertional knockout Arabidopsis mutants was observed under 

hypoxia, finding that AlaAT plays a critical role in recovery, remobilization of Ala back 

to pyruvate in (17 d) seedlings following 24 h low-oxygen stress.
76  

  

Because transaminase-catalyzed reactions are coupled, they are difficult to show 

in traditional pathway diagrams such as Figures 3.1 and 3.11 here.  An alternative 

representation is afforded by Rocha et al.
90

 where coupled transaminase reactions are 

displayed centrally with minor consideration given to glycolysis and the TCA cycle.   
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In other studies in plants it was suggested that the synthesis of Ala may occur at 

the expense of the acidic amino acids, Glu and Asp,
94, 101

 and occurs concomitantly with 

the accumulation of an alpha-keto acid terminating in a free amine, 4-aminobutyrate or γ-

aminobutyrate (GABA).
94, 95, 100, 101

  Although GABA is a potent neurotransmitter in 

mammals, its role as a signaling molecule has not been established in plants.
103

  study 

using coleoptiles of germinating rice, extreme accumulation of Ala (eighty-fold), citrate, 

malate, GABA, succinate, Gln (twenty-fold), and Glu (four-fold), were observed after 24 

hours of submergence.  Asn was the only metabolite to have shown a depletion.
93

  The 

accumulation of Ala, GABA and succinate were proposed to contribute to ATP 

production.
2
   

Extensive measurements of metabolite accumulation under low oxygen have been 

made using NMR, even intact rice root tips can be monitored over time, therefore its 

utility and reliability had been established.  In such a study, anaerobic rice coleoptiles did 

not display the build-up of glycolytic byproducts (pyruvate, NADH and H
+
).  It was 

proposed that these substrates were consumed in various reactions leading to the 

production of ethanol, Ala, Gln and GABA.  It was observed that the TCA cycle remains 

operative to an extent, sustained by diverting intermediates at the bottleneck (succinate) 

to GABA production and by replenishing the diverted carbon via the glyoxylate cycle 

reactions.
93

 

It is well established that proline accumulates in a wide variety of plants under 

abiotic stress.
68, 105

  Asn accumulates in a wide variety of plants subjected to drought, 

mineral deficiency, toxic metal and pathogen attack.
106

  Neither proline nor aspartic acid 
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accumulate under oxygen deprivation stress, and almost all nitrogen-15 labelled 

ammonium accumulates as Ala.
71

 

In GABA metabolism, the mRNAs encoding the enzymes glutamate 

decarboxylase 1 (conversion of Glu to GABA) and GABA transaminase (interconversion 

between succinic semialdehyde, GABA, and α−ketoglutarate) were found to decrease 

with stress, yet increase upon recovery.  The fold change of α−ketoglutarate, also called 

2-oxoglutarate, could not be determined because it was below the detection limits of the 

NMR method.  Metabolic profiling identified significant decreases in Glu and increases 

in GABA. 

Figure 3.11 presents a pathway diagram specifically indicating processes induced 

by oxygen deprivation.  The accumulation of GABA is thought to consume cytosolic 

protons, limiting the acidification in consort with lactate production.  Formation of 

GABA may also prevent ammonification.
107

  Labeling experiments with 
13

CO2, 
15

NH4 

and 
15

NO3 in the light found that ammonium assimilation is largely independent of 

concurrent assimilation of CO2,
67

 therefore pathways such as the GABA shunt may be 

fully operative under strict anoxia and CO2 limited conditions.  Buildup of GABA has 

also been proposed to result from inhibition of GABA-T (EC 2.1.6.19, Table 3.4).
108

  The 

link between polyamines and the GABA pool (via catabolism) is gaining increasing 

attention, and a better understanding of the interplay between primary and secondary 

metabolism is needed.  The GABA shunt may represent a bridge linking secondary 

metabolism to the center of plant carbon/nitrogen metabolism.
103 
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3.3.3.4 TCA Cycle and Related Reactions 

 

The Krebs cycle, citric acid cycle, or tricarboxylic acid (TCA) cycle is 

evolutionarily conserved throughout organisms that undergo aerobic respiration.  It is 

arguably the origin of life,
109

 spinning small molecules such as carbon dioxide and 

acetate into precursors for sugar and amino acid biosynthesis.  This series of reactions is 

like a power plant within the mitochondrion of eukaryotic cells.  Under aerobic 

conditions each molecule of glucose produces six NADH2
+
, two FADH2, and two ATP 

molecules.  NADH2
+
 and FADH2 are energy carriers to the electron transport chain in the 

inner mitochondrial membrane.  The electrons delivered to the electron transport system 

provide energy to “pump” protons across the inner mitochondrial membrane to the outer 

compartment.  Oxygen starvation causes an energy crisis due to inhibition of cytochrome 

c oxidase of the mitochondrial electron transport chain. The resultant decrease in ATP is 

generally alleviated by increased consumption of stored and/or soluble carbohydrates for 

substrate level generation of ATP via glycolysis and NAD
+
 regeneration via 

fermentation.
14

  If the oxygen supply is cut off, electrons and protons cease to flow 

through the electron transport system, preventing a proper proton gradient which is 

necessary to power the synthesis of ATP.   

The conventional 8-step TCA cycle (Figure 3.1) is one manner in which the 

reactions can be organized.  Recent evidence from labeling studies and metabolic 

network models suggest that non-cyclic flux modes occur in leaves in the light and under 

anoxia.  One particular model that has been recently proposed involves two weakly 

connected branches operating in opposing directions (Figure 3.11).
15, 67, 90

  While 
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glycolysis occurs in the cytosol, pyruvate enters the mitochondrion to enter the TCA 

cycle, while electron donors such as NADH and NAD(P)H enter into oxidative 

phosphorylation in the mitochondrial membrane.
110

   

The glyoxylate cycle is a modified TCA cycle producing succinate, which is 

transported into the mitochondrion for entry into respiration.  The glyoxylate cycle is 

localized in the peroxisome.
111

  Alternately the glyoxylate cycle can produce malate and 

oxaloacetate, leading to gluconeogenesis.   In seedlings, the glyoxlate cycle is responsible 

for mobilization of fat stores in the seed into sucrose providing building blocks for 

anabolism before the photosynthetic apparatus develops.
112

  This can be an important 

strategy for mobilization of lipid reserves for energy production under anoxia.
10

 

Having reviewed the current state of knowledge in low oxygen metabolism, 

acknowledging the importance of oxygen in all living systems on Earth, we proposed that 

1
H NMR based metabonomics would provide sufficient metabolite data for comparison 

with established literature, based on studies in model plant systems Arabidopsis
113

 and 

tobacco.
114, 115

  Metabolic fingerprints by 
1
H NMR under different treatment conditions 

combined with supervised and unsupervised modeling of multivariate data have been 

shown to reveal disease biomarkers and adverse drug effects in humans and animal 

models.
116

   

In the TCA cycle, almost all transcripts encoding associated enzymes showed 

decrease in polysome association upon stress, except pyruvate kinase (PEP/pyruvate), 

phosphoenolpyruvate carboxylase (PEP/oxaloacetate).  Several flux studies revealed 

bypass of the TCA cycle where PEP is converted into malate and subsequently into 
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pyruvate,
117

 presumably involving these enzymes.  A similar trend was observed in 

submerged (hypoxic) grey poplar.
69

  Upon reoxygenation, almost all TCA cycle enzyme 

transcripts were found to recover association with polysomes.  

The PCA loadings plot identified the chemical shift region of 1.30 ppm which 

contains resonances of lactate and oxaloacetate.  It appears one of these metabolites 

accumulated in response to low oxygen stress, yet it is unclear if this is due to the high 

lipid background in this region.  The resonance of PEP and many of the TCA cycle 

metabolites (citrate, isocitrate, fumarate, malate) were unfortunately not detectable in this 

study.  Mattoo et al.
118

 were able to measure malate by 
1
H NMR in 25 mg DW tomato 

fruit extracts by integrating its resonance at 4.29 ppm, which was very close to the 

residual water in our extracts precluding integration for quantitation.  Carbon-13 labeling 

was utilized in Arabidopsis cell cultures, leading to 1D 
13

C-NMR quantification of 

citrate, isocitrate, fumarate, and malate.
119

  NMR-active 
13

C-2-acetate has been used in 

feeding under low oxygen conditions.
93

  Zhang et al.
107

 measured fumarate in tobacco by 

integrating the resonance at 6.52 ppm again using a sample size of 25 mg DW leaf tissue.  

Visual inspection of the spectra, scanning regions where these metabolites would have 

been, leads to the suggestion that the manipulation of extract pH may alleviate spectral 

overlap in some cases.
98

  Further experiments that focus on better characterization of 

these responses, incorporating measurement of organic acids and related-TCA cycle 

metabolites by GC-MS is recommended.
120-124

 

The most dramatic fold change in TCA metabolites observed in response to 

hypoxia was succinate.  This may be because both succinic semialdehyde and 



 208

α−ketoglutarate can be subsequently converted to succinate.  Labeling studies in which 

oxygen is severely limited have shown that 
14

CO2 fixation in parasitic helminths, which 

colonize anoxic environments such as mammalian gastrointestinal tract, leads to labeling 

of malate as the first stable and strongly labeled intermediate, but carbon-14 ultimately 

accumulates mainly in succinate.
32

  In our study, CO2 fixation is unlikely to occur since 

argon is replacing all “air.”  

Another theory for the buildup of succinate is that it can contribute to substrate 

level ATP production and maintain mitochondrial redox balance.  Experimental studies 

have observed that succinate accumulation proceeds with molar equivalents of ATP.  

Succinate is a well-established carbon sink in anoxic fish tissue.  Redox coupling of 

mitochondrial reactions, via fumarate reductase, proceeds from glucose to succinate.  In 

anoxic oyster hearts, 
14

C-Asp feeding experiments revealed that about half accumulates 

in succinate, while another 20% is found in malate, presumably en route to succinate via 

a reverse TCA activity.  Another possible route to succinate is through a segment of the 

TCA cycle.  Again in anoxic oyster hearts, about 50% of 
14

C Glu is incorporated into 

succinate.  These reactions (Asp and Glu fermentation to succinate) are thought to 

provide redox couples for glucose fermentation.
32

 

Pathway analysis using MapMan software
28

 was carried out to examine the global 

trends in metabolic adjustments to survive low oxygen stress.  Figure 3.12 shows the 

signal-log-ratio of the fold change between mRNA abundance after two hours of low 

oxygen stress in (a) total and (b) immunopurified populations.  Boxes on this diagram 

correspond to features of the Affymetrix ATH1 GeneChip, but are here organized with  
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(a) 

 
(b)  

 
Figure 3.12  MapMan outputs with normalized relative transcript abundance shown as a signal-log2-ratio 

(SLR) to scale for dramatic changes in abundance.  A SLR of +2, corresponding to a 4-fold induction, is 

shown in blue while a SLR of -2, corresponding to a 4-fold decrease is a yellow shade. 

Panel (a) shows 2HS/2NS whole seedling total mRNA while panel (b) shows 2HS/2NS whole seedling 

immunuopurified (IP) mRNA (see Figure 3.2) illustrating the strong induction of transcripts encoding 

proteins associated with fermentative pathways. 
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other mRNAs associated with similar metabolic pathways.  General areas of note are 

sucrose mobilization, glycolysis, fermentation, and selective catabolism of amino acids.   

Figure 3.13 is a similar illustration of the adjustments in response to nine hours of 

low oxygen stress, when anoxia has been established.  In 3.13a the mRNAs which are 

higher in abundance in the stress condition are shown in blue, whereas mRNAs which are 

depleted in the stress condition compared with controls are shown in yellow. 
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(a) 

 
(b) 

 
Figure 3.13  MapMan outputs with normalized relative transcript abundance shown as a signal-log2-ratio 

(SLR) to scale for dramatic changes in abundance.  A SLR of +2, corresponding to a 4-fold induction, is 

shown in blue while a SLR of -2, corresponding to a 4-fold decrease is a yellow shade. 

Panel (a) shows 9HS/9NS whole seedling total mRNA while panel (b) shows 9HS/9NS whole seedling 

immunuopurified (IP) mRNA (see Figure 3.2) illustrating the strong induction of fermentative pathways, 

including catabolism of specific aliphatic and aromatic amino acids.  The dramatic coverage of yellow 

indicates translational repression across a range of processes, with induction of specific pathways. 
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3.4   Conclusions 

 NMR was chosen for this study as a non-biased, quantitative approach for non-

targeted profiling of metabolites extracted from whole seedlings.  The time for analysis of 

each sample, including sample preparation, was less than two hours, but there was no 

capability for multiplexing the analysis.  A large amount of information was recorded 

with each experiment; 
1
H NMR resonances were observed for most metabolites present at 

concentrations in the micromolar regime. 

Multivariate statistical treatment accounted for all observable metabolites.  Rather 

than a separate enzymatic assay for each analyte, we observed directly the relative 

quantities and how they changed as a function of biological treatment.  Using binning to 

cover the entire spectrum, we were able to readily identify spectral regions of high 

variance and determine covarying regions (Figure 3.6).   

 Quantitative fold changes were reported for metabolites with a well-resolved 

resonance with a S/N above 10.  This represented 12 metabolites including sugars, amino 

acids and organic acids (Table 3.2).  Concentrations were determined by NMR for Ala, 

Glu, Gln, Asn, valine, ornithine, glucose, fructose, sucrose, succinate, choline, and 

GABA.  Comparison with similar studies in a diverse array of photosynthetic organisms 

showed good agreement in a recent paper.
125

  Fold changes similar to those we reported 

for 7 d old Arabidopsis were observed in Oryza sativum (rice), Solanum tuberosum 

(potato), Ricinus communis (castor), Populus � canescens (poplar), Lotus japonicus 

(model legume), and Chlamydomonas reinhardtii (model algae).  This underscores 

evolutionary conservation in adaptations to survive low oxygen, illustrating the utility of 
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model organisms and how studies using them can be extended to useful crop (O. sativa or 

cultivated) species. 

Both transcript profiling by Affymetrix GeneChip (ATH1) and metabolite 

profiling by 
1
H NMR generates a massive amount of information in a relatively short 

time, requiring months of analysis to gain insight into the biological processes under 

study.  One challenge is the judicious choice of sampling time points.  Knowing that 

mRNA populations can be reconfigured within five minutes,
126

 it is unlikely that protein 

expression and downstream enzymatic activity can be modified to change metabolite 

levels on the same timescale. 

One limitation of these techniques is that differences between sample populations 

are expressed at relative levels with some confidence that the two populations are 

different.  This is distinctly different from classical experiments to measure the activity of 

one enzyme or the concentration of one metabolite very accurately and those which 

report milligram of metabolite per gram fresh weight of tissue.  However, integrating data 

from two intrinsically interrelated processes such as transcription, translated transcripts, 

and metabolism can provide more insight into the state of an organism than a classical 

experiment.  

It was previously known that pyruvate is converted to lactate and ethanol in 

hypoxic plant tissues, preventing carbon sources from entering the TCA cycle.  It was 

also observed that pyruvate and Glu are converted to Ala,
70, 90

 where Ala is thought to 

play several roles. Ala accumulation may help control cytoplasmic pH, it may be acting 

as a pool of three-carbon molecules to provide a recyclable carbon store,
 47

 or it may be 
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drawing pyruvate away from the production of acetaldehyde which is a toxic compound 

to plants.  The integration of transcription and metabolite profiling datasets shows 

promise in revealing the mechanisms of transcriptional and metabolic regulation or 

adjustments in response to hypoxic stress.
125

 

In the area of oxygen deprivation, open questions remain regarding light 

availability, nutrients availability, temperature and combination stresses and their impact 

on primary metabolism and energy utilization.  The interplay between carbon and 

nitrogen metabolism is of interest.
103, 106

  Efforts to improve plant survival of stress can 

be mediated by exogenous application of nutrient, in agriculture these are called safeners.  

The effects of oxygen deprivation stress pretreatment and its enhancement of 

survivability have not been fully investigated in Arabidopsis,
7, 127

 although such work has 

increased the performance of heart transplants.
127, 128

  If farmers could anticipate a 

oxygen deprivation-inducing condition (i.e. waterlogging or partial to complete 

submergence or ice-encasement) with an understanding of molecular signaling under 

oxygen deprivation, survivability and biomass accumulation of crops could be increased 

by simulating oxygen deprivation pre-treatment by exogenous application of some 

endogenous substance.  Alternately bioengineered plants with inducible promoters 

driving the expression of survivability-related genes could be planted and treated with an 

inducing agent in advance of environmental stress such as flood or ice storm.  The use of 

transgenic plants to determine which pathways are critical for survival may shed light on 

areas of current controversy, such as whether the TCA cycle is operating in a reversed 

mode or two distinct branches.
103
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Experiments comparing phenotypic changes of roots and shoots under oxygen 

deprivation in the light and dark
127

 reporting changes in volatile metabolites, adenylates 

and sugars,
4
 have been completed but a more detailed look at the molecular mechanisms 

utilized by Arabidopsis to survive oxygen deprivation could be achieved using our 
1
H 

NMR metabolic profiling approach.  In chapter 4, we explore differences in these 

molecular mechanisms in roots and shoots.  Photosynthetic capability of shoots as well as 

the specialized mechanisms for nutrient assimilation in roots would be distinct.  This is of 

relevance to agriculture because some crops are predominantly shoots (broccoli, spinach, 

lettuce) and some are roots (potato, ginger, carrot). 
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Chapter Four 

Micrometabolomics of hypoxic  

seedling roots and shoots of Arabidopsis 

 

Arabidopsis thaliana was used to study the effect of 2 h of hypoxic stress on the 

central carbon and amino acid metabolism (primary metabolic pathways) of roots and 

shoots of 1-wk-old seedlings.  Seedlings were grown by A.M., under observation by 

K.A.K.  Seedling harvests were carried out by A.M. and K.A.K. together.  

Immunoprecipitation and mRNA isolation for transcriptome and translatome profiling by 

use of Affymetrix ATH1 GeneChips was done by A.M.  Metabolite extraction for 
1
H 

NMR and corresponding analyses were done by K.A.K. 

 

 

4.1 Introduction 

The goals of this work were to quantify metabolites in seedling extracts, using a 

nontargeted approach spanning primary metabolism.  We aimed to determine if the 

metabolites present in the root are different from those in the shoot under control 

conditions.  In addition, we were interested in examining whether the root and shoot 

respond differently to a decrease in oxygen availability (hypoxic stress).  Taking lessons 

learned from the work presented in Chapter 3, we were limited by what changes can be 

measured, but with improvements in sample preparation we hoped to ascertain a clearer 

picture of primary metabolites involved in low oxygen stress. 

Previous organ-specific analysis of the anaerobic primary metabolism in rice and 

wheat seedlings left open questions.
1, 2

  Emission of ethanol and acetaldehyde by roots 

and shoots of intact seedlings, carbon dioxide and oxygen were monitored 

simultaneously. In those studies, tissues were collected for metabolite profiling after 4 

and 24 h of anaerobic treatment in light and darkness.  Glucose, fructose, sucrose and 
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starch were determined by enzymatic assays.
3
  Adenylates were quantified.  Activities of 

pyruvate decarboxylase (PDC, EC 4.1.1.1) and alcohol dehydrogenase (ADH, EC 

1.1.1.1) were also measured.
4
 

To understand the nature of the data presented in this chapter, it is necessary to 

understand some basic principles underlying the interplay between plant organs.  

Specifically, in this chapter we investigate separately seedling roots and shoots under 

oxygen deficiency.  Plant roots become exposed to transient flooding, or irrigation 

followed by slow drainage, which can lead to oxygen deficiency.  In soils saturated with 

water, O2 availability is very low because the diffusion of molecular oxygen through 

water is approximately 10,000 times slower than in air.
5
  Soil microorganisms can also 

proliferate and cause oxygen shortages, forcing roots to endure anaerobic conditions.  

Shoots and other above-ground organs can experience anoxia in cases where ice has 

encased leaves.
6
  Because of the functional adaptations that distinguish roots and shoots, 

we investigated hypoxic responses of each tissue type separately.   

The aim of this study was to investigate the differential metabolomic response 

between Arabidopsis (7-d-old) seedling roots and shoots when subjected to short-term (2 

h) oxygen deprivation.  To investigate this, we placed a population of seedlings grown 

vertically on agar (0.5x MS salts, 1% sucrose) plates in chambers flooded with Ar gas or 

exposed to laboratory air.  We measured metabolite concentrations by one-dimensional 

1
H NMR in extracts of lyophilized tissue harvested within less than 3 min following 

release from argon gas treatment.  The results are interpreted in relation to paired 

translatome analyses using ribosome immunopurification and the Affymetrix ATH1 
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GeneChip. We hypothesized that by pooling tissue from hundreds of seedlings treated 

identically, with enough biological replicates, we would discover distinct responses to 

oxygen deprivation corresponding to the seedling’s first organs: root and shoot. 

 

4.2   Experimental Methods 

Arabidopsis (35S:HF-RPL18, Columbia-0 ecotype) seeds were surface sterilized 

by incubation for 5 min in 95 % (v/v) ethanol followed by 10 min in 20 % (v/v) bleach 

with 0.1 % (v/v) Tween-20, rinsed in sterile water, and imbibed at 4 °C for 3 d. Seeds 

(~25 per plate) were transferred to 10 cm Petri dishes with solid MS media (0.43 % (w/v) 

Murashigi Skoog (MS) salts (Sigma, St. Louis, MO), 0.4 % (w/v) Phytagel (Sigma), 1 % 

(w/v) sucrose, pH 5.7), and placed at a vertical orientation in a growth chamber (Percival 

Scientific, Inc, model CU36L5C8) under long day conditions (16 h light at ~80 µmol 

photons m
-2

 s
-1

/ 8 h darkness) at 23
 
°C. After 7 d, stress treatments were commenced after 

the end of the 16-h-day. Oxygen deprivation (hypoxia stress, HS) was imposed exactly as 

described by Branco-Price et al.
7
  Briefly, 16 plates per chamber were placed vertically in 

Lucite chambers into which 99.998 % (v/v) argon gas was pumped and ambient air was 

allowed to exit under positive pressure. The time required to purge the chambers of air 

was about 1.5 h, determined empirically using the sublimation of solid CO2 to fill 

chambers with “air” which was evacuated by Ar, bubbling through Erlenmeyer flasks 

containing distilled water to safeguard against desiccation stress.  This treatment 

gradually deprives the plants of oxygen and carbon dioxide, thereby limiting both 

photosynthesis and aerobic respiration. For control (NS) treatment, plates were placed in 
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identical chambers open to ambient air. Both treatments were carried out under dim light 

(5 to 7 µmol photons m
-2 

s
-1

) at room temperature (23 to 25
 
°C). After 2 h of treatment, 

tissues were harvested into liquid N2.  Tissue harvest was accomplished within 3 min of 

removal from the treatment chamber.  

Roots and shoots were separated by razor blade directly on each plate.  Root 

tissue was transferred to a mortar containing liquid nitrogen.  Shoot tissue was transferred 

to a second mortar containing liquid nitrogen.  Tissues were pulverized until reaching the 

consistency of a fine powder.  The root tissue from all 16 plates within each chamber 

were pooled into the first mortar and transferred to a single 15 mL centrifuge tube, as was 

the shoot tissue. Each set of tissue was lyophilized immediately following harvesting in 

the tube provided.  The duration of lyophilization was 3 d to ensure complete dryness.  

Dry tissue was stored at -86 
o
C until extraction.  Tubes were labeled as follows:  

RC1_Feb01 = Root tissue, Control, chamber 1, harvested 2/1/08. 

The first set of seedlings was planted January 25, 2008 and the last set of NMR 

experiments were performed the week of June 2, 2008.  Measurement of adenylates was 

carried out separately from 
1
H NMR-based metabonomics.  Translatomes (ribosome-

associated mRNA populations) were isolated by immunopurification and analyzed by 

hybridization to Affymetrix ATH1 GeneChips. 

Building on our previous work (Chapter 3), this study included microdissection to 

separate the root from shoot.  Steps were added to the extraction protocol to decrease the 

abundance of interfering lipids as well as to resuspend metabolites in an aqueous buffer 

not susceptible to instability over the course of an NMR experiment (Chapter 2).  In the 



 231

data acquisition, adjustment to pH 7 was carried out to reduce spectral overlap in the 

region between 2-3 ppm.   

 

4.3   Results and Discussion 

The combination of two complementary systems biological approaches proved 

capable of generating large datasets.  There are so-called “oceans of data, rivers of 

information, and only small puddles of knowledge” to be explored after such an 

investigation.
8
  The first-pass survey of our NMR data was carried out using 

unsupervised multivariate statistics to reduce the dimensionality of the dataset.  

Clustering by covariance among variables (samples, treatments, NMR chemical shift 

regions) was observed by applying a principal component analysis (PCA) algorithm, 

carried out by the statistical software package Minitab, which was more carefully 

described in Chapter 1, Section 1.5.1.  In this analysis, each NMR spectrum is 

represented by a single data point (Figure 4.1).  A global perspective of the data is taken 

into consideration by examining it in this way.  Outlier detection and errors in sample 

labeling can be addressed before any further manipulations to the dataset are undertaken. 

 

4.3.1  Multivariate Data Analysis of NMR-based Metabolic Profiles 

Examining the dataset qualitatively involves the following initial conditions: five 

experimental harvests, each containing two bioreplicates, totaling N=10 observations for 

each biological treatment.  Treatments included control conditions (2 h of exposure to lab 

air under low light) and oxygen deprivation (2 h of exposure to Ar treatment under low 
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light).  The extracts were buffered using acetate-d3 to a pH meter reading of 4.5.  

Following extraction at low pH, samples were titrated to neutral pH using ND4OD.   

In a first-pass examination of the dataset using PCA (data not shown), no 

clustering was observed when all spectral regions (excluding solvent resonances) were 

included in the model (data not shown).  The largest variance was introduced by chemical 

shift regions occupied by resonances of the sugar protons in the region 3.4 – 4.2 ppm.  

The hypothesis-generating multivariate data analysis led us to propose that instead of 

large variations in sugar contents due to biological variance, an easier explanation is that 

sugar from the growth medium was present in different amounts in all samples.  Due to 

the nature of the harvesting (accomplished rapidly to avoid reoxygenation following 

release from oxygen deprivation), it is likely that sucrose in the growth medium was 

havested along with seedlings, and most likely more prominently in roots since root hairs 

serve to secure roots to the media.  Removing all spectral regions occupied by sugar 

resonances (glucose, fructose, sucrose) prior to PCA afforded a clearer picture of the 

endogenous metabolome of seedlings (Figure 4.1). 
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Figure 4.1 Scores plot resulting from PCA using a covariance matrix.  Inputs to the model were NMR 

spectra binned to 0.02 ppm bin widths, excluding regions occupied by solvents and carbohydrate 

constituents of growth medium.  Open symbols are control conditions and closed symbols show the effect 

of 2 h of Ar treatment on roots (circles) and shoots (triangles). 

 

PCA, detailed in Chapter 1, reveals which samples covary among all spectral 

regions by their closeness in principal-component space, a new coordinate system arising 

from a transformation of the original data matrix in which variance is maximized by the 

first component and more components are calculated in orthogonal directions until all the 

variance in the dataset is explained.
8-10

  In Figure 4.1, four clusters of points enclosed by 

large ovals are clearly observable in the scores plot, distinguishing root (circles) from 

shoot (triangles) along the first principal component axis.  Treatments can be 

distinguished along the second principal component axis; open symbols represent control 
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treatments and closed symbols represent hypoxia-stressed tissue extracts.  This 

description is useful for examination of the corresponding loadings plot (Figure 4.2).   

Not unexpectedly, the metabolic fingerprint of roots is distinct from shoots.
11-13

  

In Figure 4.2, the variables making the largest contributions to the difference between 

roots and shoots are the β -CH2- resonance of glutamine (Gln) which occupies 2.13 and 

2.15 ppm and the α -CH2- resonance which occupies 2.45 and 2.47 ppm.  Other nearby 

regions contributed in smaller ways (2.17, 2.43, and 2.49 ppm) because they contain less 

signal intensity.  The variable that makes the largest contribution to differences based on 

treatment is the β -CH3 resonance of alanine (Ala) which occupies 1.47 and 1.49 ppm.
14, 

15
  The next most prominent feature along the second principal component is contributed 

by the β -CH3 of lactate (1.33 ppm).   
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Figure 4.2  Loadings plot indicates variables that contribute to the segregation observed in the scores plot 

in the comparison of the root and shoot metabolome. 
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Multivariate data modeling, using PCA or other unsupervised techniques, must be 

done with care.
16, 17

  A model should be verified before biological interpretations are 

inferred.
18

  An explained variance plot (Figure 4.3) reveals that the first principal 

component accounts for 73% of the variance of this dataset.  Taken together, the first and 

second principal components account for greater than 84% of the variance.  The model 

was cross-validated as in Chapter 3 by removing highly loaded variables until observed 

clusters give way to biological noise.  No fewer than 20 variables were needed to 

distinguish between clusters. 

 

 

 

 
Figure 4.3  Explained variance plot demonstrating that a single component accounts for 73.4% of the 

variance in the dataset, while the first two components together explain 84.1% of the variance. 
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 After subjecting the dataset to multivariable modeling, clustering of samples 

according to biological treatment and organ was observed due to relatively low variability 

among bioreplicates.  Further investigations were carried out to address issues related to 

our original research question.  It was clear that the metabolites present in the root are 

different from those in the shoot, even under control conditions, so the dataset was 

interrogated to determine whether the root and shoot respond to hypoxic stress 

differently. To achieve this aim, hypoxia-stressed shoot extracts were directly compared 

with control root extracts (Figures 4.4, 4.5 and 4.6) and analogously for shoot tissue 

extracts (Figures 4.7, 4.8 and 4.9).  Spectra are presented for comparison in Figure 4.11. 
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Figure 4.4 Scores plot resulting from PCA using a covariance matrix for roots under hypoxia stress and 

control conditions.  Inputs to the model were NMR spectra binned to 0.02 ppm bin widths, excluding 

regions occupied by solvents and constituents of growth medium.  Open symbols are control conditions and 

closed symbols show the effect of 2 h of Ar treatment on roots (circles). 
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Figure 4.5 Loadings plot indicates the variables that contribute most to the segregation observed in the 

scores plot for roots under hypoxia stress and control conditions.  PC1 represents mostly the biological 

variance whereas the treatments are distinguished along PC2. 

 

 

Comparing control and hypoxia-stressed roots using unsupervised PCA (Figure 

4.4), a clear distinction according to treatment emerges along the second component axis.  

The first component seems to describe biological variance unrelated to treatment.  

Examining the corresponding loadings (Figure 4.5) NMR spectral regions occupied by 

GABA (β -CH2- 1.91 ppm, α -CH2- 2.3 ppm, γ -CH2- 3.03 ppm) become significant 

contributors along the second component axis in a negative direction.   

 Compared to the results presented in Figure 4.1, focusing on a single tissue type 

gives rise to a dataset that is more complex to model using principal components.  

Among root extracts, three components are necessary to explain greater than 77% of the 

variance in the dataset, (Figure 4.6).  A value of 65% explained variance is a generally 

accepted cutoff that can alternately be determined by including only variables of 
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statistical significance.
19

  Softer rules, such as “the beginning of the plateau,” “first local 

maximum,” or “bend in the knee” are often applied.
20

 

 

Figure 4.6  Explained variance plot demonstrating that a single component accounts for 37.1% of the 

variance in the roots only dataset, while the first two components together explain 61.2% of the variance. 

 

 

 

Examining a different subset of the original data, shoots can be examined 

analogously.  Figure 4.7 represents each NMR spectrum of shoot tissue extracts as a 

single point in multidimensional space, here reduced to two dimensions resulting from a 

linear combination of the original variable space.  Control shoots (open triangles) are 

clearly distinguishable from hypoxic stressed shoots (closed triangles).  Instead of clear 

segregation along one principal component axis, it seems both of the first two 
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components are necessary to describe the differences between hypoxia stressed shoot 

extracts and respective control tissue extracts. 
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Figure 4.7 Scores plot resulting from PCA using a covariance matrix for shoots under stress and control 

conditions.  Inputs to the model were NMR spectra binned to 0.02 ppm bin widths, excluding regions 

occupied by solvents and constituents of growth medium.  Open symbols are control conditions and closed 

symbols show the effect of 2 h of Ar treatment (hypoxia stress) on shoots (triangles). 

 

The corresponding loadings plot (Figure 4.8) for shoots is considerably simpler 

than that obtained in Figure 4.5 for the roots.  The Gln β -CH2- (2.13, 2.15 ppm) and γ -

CH2- resonances (2.45 and 2.47 ppm) extend from the origin towards the lower right 

quadrant.  Other nearby regions contribute in smaller ways (2.17, 2.43 ppm).  The β -CH3 

resonance of Ala occupies 1.47, 1.49 ppm, extending from the origin toward the lower 

left quadrant.  Other prominent features can be attributed to the β -CH3 of lactate (1.33 
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ppm), covarying with Ala, as evidenced by the direction of its projection in principal 

component space.  Extending in an upwards direction is the spectral region centered 

around 2.41 ppm.  This may be contributed by a molecule that results in a singlet, 

unidentifiable due to overlap with Gln, since it appears to vary in a unique way. 
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Figure 4.8 Loadings plot indicates variables that contribute to the segregation observed in the scores plot 

for shoots under hypoxia stress and control conditions.  PC1 and 2 together represent the difference 

between treatments. 

 

 

 

 

The number of components needed to describe the variance in the shoots only 

dataset is determined in Figure 4.9.  Two components are more than satisfactory to 

adequately represent shoot responses to oxygen deprivation.  Taken together, these 
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results validate our experimental model and suggest we can further explore the data using 

univariate statistics, where possible, to identify additional contributions to the metabolic 

response of root and shoot tissue to hypoxic stress. 

 

 
Figure 4.9  Explained variance plot demonstrating that a single component accounts for 68.6% of the 

variance in the shoots dataset, while the first two components together explain 88.4% of the variance. 

 

 

4.3.2  Univariate Analysis of NMR-based metabolite profiling data 

 Non-targeted exploration of the one-dimensional 
1
H NMR metabolic fingerprints 

revealed that the distinguishing features in loadings plots for shoots (Figure 4.8) and roots 

(Figure 4.5) were distinct when seedlings were subjected to 2 h of oxygen deficiency.  

The identification of integral regions responsible for segregation of samples according to 
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treatment for each organ encouraged the application of univariate statistics for pairwise 

comparison of relative metabolite levels between stressed and control conditions.  In this 

way, quantitative fold changes are calculated by integration of specific regions of the 

NMR spectra corresponding to unobstructed resonances of specific metabolites identified 

through the acquisition of spectra of pure standards in the neutral buffer used in these 

experiments.  These analyses are summarized in Table 4.1. 

 Table 4.1 demonstrates that general agreement was observed between the 

previous (Chapter 3) and this (Chapter 4) study of 2 h oxygen deficiency stress on whole 

seedlings of Arabidopsis thaliana.  Clear distinctions can be seen between root and shoot 

mechanisms for maintaining homeostasis under short-term (2 h) low oxygen stress.  What 

was observed for whole tissue is in many cases representative of the mass-weighted 

average of root and shoot individual metabolite analyses, Ala is one example, where a 

fold change between stress and control was 3.3 for whole seedlings and 2.4 or 4.6 for 

roots or shoots, respectively.  Pooling roots and shoots together masked the effect of 

more dramatic accumulation of Ala in shoots.  Conversely, no significant fold change in 

glutamate (Glu) was observed in whole seedlings, whereas a statistically significant fold 

change was observed in roots but not in shoots. Only at more severe stress time points is 

the depletion of Glu, a statistically-significant fold change of 0.7, observed after 9 h 

oxygen deprivation stress in whole seedlings.  Since root tissue is less massive than shoot 

tissue at this growth stage, the significant change in Glu contributed by the root tissue 

was masked when whole seedlings were sampled.  
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Table 4.1 Metabolites quantified by 
1
H NMR measurements of direct tissue extracts at approximately pH 

7.  Chemical shifts regions integrated are listed.  Numbers reported for each treatment represent the 

normalized signal intensity of a metabolite under stress divided by the normalized signal intensity of the 

same metabolite in the corresponding control condition, yielding a fold change for each metabolite.  Fold 

changes report the effect of 2 h stress (2HS/2NS) in roots, shoots, and whole seedlings, as well as 9 h stress 

(9HS/9NS).  Significance is denoted by * at the 95% confidence interval and by ** at the 99% confidence 

interval. For lactate, the fold change could not be quantified because of low levels in control tissue and 

spectral overlap, therefore + and +++ denote moderate and strong increases, respectively.  The metabolite 

Asp was not detected (N. D.) in whole seedlings due to resonance overlap at roughly pH 5, as in Chapter 3. 

 

 
pH 7 

Chapter 4 

This work, 

Chapter 4 (pH 7) 

This work, 

Chapter 3 (pH 5) 

Metabolite 

Chemical 

shift, δ 

(ppm) 

Roots 

 

2HS/2NS 

Shoots 

 

2HS/2NS 

Whole 

seedling 

2HS/2NS 

Whole 

seedling 

9HS/9NS 

Ala 1.42      2.4**     4.6** 3.3*   6.5** 

Asn 2.90  0.9 0.9 1.0 0.7* 

Asp 2.80     0.6**    0.8** N. D. N. D. 

Choline 3.20     0.9** 0.9 0.8 0.8* 

GABA 2.30     1.9** 1.0 1.0   1.3** 

Glu 2.35     0.6** 1.0 1.0 0.7* 

Gln 2.46     0.9**     0.9** 0.9   0.7** 

Lactate 1.34     1.3**     1.6** + + + + 

Val 1.04 1.0 1.1 1.1 1.3 

 

The depletion of Gln (insignificant fold change in whole seedlings, statistically 

significant but small difference, fold change 0.9, in roots and shoots) is masked when 

there are not enough bioreplicates to achieve statistical power.  Only at more severe stress 

time points is the statistically significant depletion of Gln, fold change 0.7, observed in 

whole seedlings.  This work, with N = 9-10 instead of N = 3-4 (Chapter 3) represents an 

improvement with respect to sampling.  

Rather than reducing the data to a fold change with t-test for significance, the data 

can be inspected visually by plotting average relative abundances for selected metabolites 
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Figure 4.10.  Standard deviation is displayed as y-error bars for each average reported 

(N=10) among bioreplicates. 

Figure 4.10  Average relative metabolite abundance in extracts representing Arabidopsis seedlings (N=10) 

for controls (C) and hypoxia treatments (H).  Root control and hypoxia stress (RC, RH) are compared with 

shoot control and hypoxia stress (SC, SH).  Standard deviations among bioreplicates are shown as y-error 

bars.  Significant differences between hypoxia and control are clear in Ala, while significant differences 

between organs are clear in Asn.   
 

 Other improvements of this work (Chapter 4) over our previous study of oxygen 

deprived Arabidopsis seedlings, is the ability to quantify fold changes of asparagine 

(Asn).  The titration of all extracts to neutral pH facilitated peak integration of the Asn β - 

CH2 resonance without spectral overlap. The ability to quantify lactate in this study was a 

result of utilizing the lipid elimination strategies developed in Chapter 2.  Quantitative 

metabolite data can be confirmed by visual inspection of the NMR spectra.  Figure 4.11 

presents representative spectra for each two hour treatment control (A,C) and low oxygen 

stress (B,D)  when seedlings have been dissected and pooled into a homogenized sample 

representing shoots (A,B) and roots (C,D). 
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Figure 4.11  NMR spectra of samples representing each treatment.  Expanded to facilitate discussion of 

nitrogen metabolism and amino acid metabolic processes.  Shoots under control (A) and low oxygen stress 

(B) are distinct from roots under control (C) and hypoxic conditions (D). 

 

 

4.4.3  Insights from GeneChip Measurements 

The advantage to applying orthogonal approaches in systems biology is that it can 

allow the investigator to make inferences about biochemical and genetic networks.  
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Performing relatively quantitative measurements of actively-translated mRNAs, 

expressed as fold changes, can inform cellular priorities under energy shortage.  Using 

clustering to mine transcription and translation profiling data proved an effective way to 

identify processes relevant to the problem under study.  Gene ontology (GO) 

classifications and putative gene assignments in online databases
21, 22

 provided clues as to 

the identity and molecular function of transcripts that were enriched or depleted in 

polysome complexes. 

 

4.4.4 Pathway Modeling 

In a world where all higher order organisms have evolved to utilize molecular 

oxygen, there exist alternative routes to sustain life during periods of low oxygen.  The 

primary requirements for sustaining metabolism during anaerobic stress are: stored 

substrate, redox balance and ATP yield.  Sugar and starch can be mobilized from storage 

locations in leaves or roots and enter glycolysis.  Redox balance can be maintained by 

interdependent cycles, which can be facilitated by membrane transport and/or shuttling of 

carbon skeletons into necessary substrates.  Specialized metabolic pathways such as 

fermentation are likely to be organ-specific due to the accessibility of each organ to 

macro- and micronutrients and the likelihood of encountering different types of biotic or 

abiotic stressors.   

 A pathway diagram is presented in Figure 4.12 highlighting metabolic 

connections between small molecule metabolites (12 pt font) and enzymes responsible 
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for their interconversions (18 pt font).  Coupling intermediates NAD
+
 and ATP are shown 

in bold. 

Oxygen-limited conditions necessitate a switch from aerobic respiration to 

anaerobic fermentation, with electron acceptors such as pyruvate and acetaldehyde 

replacing oxygen.  These metabolic adaptations help maintain ATP production and NAD
+
 

regeneration.  Anaerobic fermentation is far less efficient in producing energy than 

aerobic respiration.  Carbohydrate availability, either from photosynthesis or from stored 

reserves, becomes increasingly critical the longer the plant remains submerged. 
23

   

Important contributions to the understanding of these processes are afforded here as they 

relate to interpretation of the molecular data we obtained on short-term oxygen deprived 

7 d old Arabidopsis seedlings.  Metabolic pathways discussed include central carbon 

metabolism (sucrose and starch mobilization, glycolysis, TCA cycle), nitrogen 

metabolism (nitrogen assimilation and denitrification, GABA shunt, polyamine 

biosynthesis), and amino acid metabolic processes (catabolism and biosynthesis).  In each 

metabolic discussion the changes noted in root and shoot metabolites, transcript 

abundance, and localization of expression will be treated individually and quantitatively.  

These will be discussed in the context of the literature to evaluate whether the finding is 

novel, contradictory or complementary to previous work. Standing on the existing body 
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Figure 4.12 Utilization of substrates for ATP generation in aerobic and anaerobic conditions involves 

carbohydrate flux through glycolysis and generation of substrates for maintaining redox balance for 

mitochondrial electron transport via the TCA cycle.  Fermentative pathways terminating in Ala, lactate, 

acetate, formate, or ethanol are common responses to oxygen deprivation in eukaryotes. In plants, sucrose 

consumption is favored; glycogen is not present. The formation of Acetyl CoA + formate and acetate does 

not occur in plants or animals but is characteristic of the oxygen deprivation response of algae, such as 

Chlamydomonas, 
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of knowledge of organ-specific adaptations in roots and shoots together with a broad 

understanding of issues related to metabolite profiling (Chapter 1), methodology (Chapter 

2), and practice (Chapter 3), it was proposed that new knowledge in this area could be 

generated by application of a discovery pipeline to such a problem.  Combining 

commercially-available transcriptomic technology with the rapidly-growing area of 

metabonomics provided us a nontargeted systems biological approach for investigating 

organ specialization in terms of cellular contents and regulation under abiotic (low 

oxygen) stress in seedlings of a model plant. 

Keeping in mind the body of knowledge in plant metabolic responses to low 

oxygen, we applied a supervised approach to combing through the transcripome and 

translatome.  Gene ontology (GO) analysis is a way to cluster transcripts according to the 

function of the protein encoded; transcripts made from genes in the same family encoding 

enzymes in the same pathways are grouped together.  Some GO classifications contain a 

handful (2-8 transcripts) and others contain hundreds (200-500 transcripts).  Important 

pathways tend to involve more functional redundancy.  Also, one can take a bird’s eye 

view of a pathway or focus on a specific branch.  The following section will discuss 

specific GO classifications that are related to metabolism and for which transcript 

abundance and polysome loading status were found to change significantly in response to 

short-term (2 h) oxygen deprivation stress.  Moreover, the differences between root and 

shoot responses will be discussed independently. 
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4.4.4.1 Central Carbon Metabolism  

Sugar and starch measurements revealed that rice (submergence-tolerant) roots 

and shoots consumed carbohydrate reserves during stress more slowly than wheat 

(submergence-intolerant).
1
  Despite lower fermentation rates in both plant species in the 

light, carbohydrate contents decreased to almost the same extent as in complete 

darkness.
2
 Sugars decreased during waterlogging in roots, and levels returned to their 

initial amount during the recovery period.
24

  In roots of the submergence-tolerant gray 

poplar (Populus x canescens), starch and sucrose degradation were altered under hypoxia, 

and concurrently, the availability of carbohydrates was enhanced, concomitant with 

depletion of sucrose from leaves and elevation of sucrose in the phloem.
12

  Induction of 

sucrose synthase (SUS) versus the invertase route for mobilizing sucrose and starch can 

lead to improved energy efficiency to avoid energy crisis.  Studies of submergence-

tolerant (Sub1) rice and a near-isogenic (intolerant) line have revealed a quiescence 

strategy, mediated by a cascade involving the plant hormones ethylene, abscisic acid 

(ABA) and gibberellic acid (GA), which demonstrated reduced mobilization of sucrose 

and starch reserves leads to improved survival of transient low-oxygen stress.
26, 27

 

 Glycolysis requires two molecules of NAD
+
 and produces two molecules of ATP.  

The rate of glucose uptake and glycolytic flux at 3% oxygen were found to be similar to 

those under normoxia, but with nearly 90% of glycolytic flux going to fermentation.
28

  

In the flood-tolerant plant gray poplar, glycolytic flux was stimulated stressing 

waterlogged roots but not in aerated leaves.
12

  Shoot growth was not affected by root 
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hypoxia, suggesting that the localized up-regulation of glycolysis did not compromise 

shoot growth.   

Transcript data from GeneChips can be painted onto seedling drawings using the 

electronic fluorescence (eFP) browser.  Figure 4.13 provides such data for selected 

transcripts encoding enzymes involved in glycolytic flux. Key regulatory steps are given 

special attention. This reveals considerable cell- and region-specific regulation in 

response to hypoxia. For example, phosphoglycerate kinase (PK) transcript translation 

appears to become reduced under hypoxia stress but only in shoots, a similar trend being 

demonstrated by one gene encoding PK (At5g52920).  

Glycolysis requires 2 molecules of NAD
+
 and produces 2 molecules of ATP.  The 

rate of glucose uptake and glycolytic flux at 3% oxygen were found to be similar to those 

under normoxia, but with nearly 90% of glycolytic flux going to fermentation.
28

  

Transcript data from GeneChips can be painted onto seedling drawings using the 

electronic fluorescence (eFP) browser.  Figure 4.13 provides such data for the transcripts 

involved in glycolytic flux, key regulatory steps are given special attention.  

In the flood-tolerant plant gray poplar, glycolytic flux was stimulated stressing 

waterlogged roots but not in aerated leaves.
12

  Shoot growth was not affected by root 

hypoxia, suggesting that the localized up-regulation of glycolysis did not compromise 

shoot growth.  In this work, phosphoglycerate kinase appears to become depleted under  
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Figure 4.13 Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling cell-

types.  Reactions catalyzed by the reactions in glycolysis are shown where an adenylate is a necessary 

cofactor.  In these heatmaps, yellow indicates that the transcript is not present (or present at low or 

nondetectable levels) and red indicates transcript is present.  For each transcript, the control condition is 

shown in the left panel and the 2 h hypoxia-stressed condition is shown at right. 
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hypoxia stress but only in shoots, a similar trend being demonstrated by one isoform of 

pyruvate kinase.  

Selected transcripts encoding enzymes involved in the classical TCA cycle were 

also mapped onto the eFP template, shown in Figure 4.14.  The depletion of succinate 

dehydrogenase under low oxygen stress is observed in roots and shoots, however the 

depletion of malate dehydrogenase (MDH) is more dramatic in the shoot. 

 

 

Figure 4.14 Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling cell-

types.  Reactions catalyzed by the reactions in the TCA cycle are shown, additionally steps where an 

adenylate is a necessary cofactor are indicated.  Yellow indicates that the transcript is not present (or 

present at low or nondetectable levels) and red indicates transcript is present.  For each transcript, the 

control condition is shown in the left panel and the 2 h hypoxia-stressed condition is shown at right. 



 254

   One GO upregulated in shoots was GO:0005985, related to sucrose metabolism.  

This set of genes encodes an isoform of SUS (At3g43190) and starch synthase 

(At1g32900), indicating that stored carbohydrate reserves are being mobilized for energy 

production.  In roots, a sucrose transport protein (At1g22710) is depleted in polysomes 

whereas a glucose transporter (At1g11260) is enriched.  This may be indicative of a 

preference for monosaccharides, which can directly enter glycolysis, rather than 

disaccharides, which may be utilized under prolonged stress. 

 Carbohydrate metabolic process (GO:0044262) overall includes every pathway 

covered in this subsection, comprising 379 distinct genes.  Disaccharide metabolic 

process (GO:0005984) is more specific to sucrose and triose mobilization, consisting of 

82 loci.  These processes were all induced in roots under hypoxia.  Fold changes for 

selected genes under these ontologies are presented in Table 4.2.  Metabolite fold 

changes, where correlation to gene function can be made, are presented in italics.  

 A general trend in translational status can be observed.  mRNAs encoding the 

ATP-consumptive regulatory steps (e.g., PFK, phosphorylates F6P forming F1,6P) are 

downregulated at the translational level.  PFK is one of several regulatory enzymes, 

responsible for control of glycolytic flux.  By contrast, mRNAs encoding enzymes 

catalyzing ATP producing reactions (e.g., PK, dephosphorylates PEP forming pyruvate) 

show enhanced translational status under oxygen deprivation.   

 Translational status for TCA cycle enzymes is statistically insignificantly 

different between 2 h stress and control populations.  Interestingly, the transcript for 

malic enzyme (ME), responsible for conversion of malate to pyruvate, generating 
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NADPH and carbon dioxide is significantly reduced in polysomes.  Some have suggested 

malic enzyme is responsible for regeneration of this key biosynthetic intermediate  

(NADPH) to allow an alternate pathway for carbon to reenter glycolysis under low 

oxygen stress, but this study suggests that is not due to upregulation of ME synthesis.  

Other possible control mechanisms may be pH changes or posttranslational protein 

modifications acting directly on the enzyme.   

Table 4.2 Carbohydrate Metabolic Process (GO:0005975 ) transcript and metabolite levels as measured in 

immunopurified mRNA populations isolated from roots (R) and shoots (S) where N=3.  Values reported 

result from fold changes (FC) between hypoxia-stressed tissue and respective control tissue.  Metabolite 

fold changes (italicized) are reported for roots and shoots (N = 10).  Fold changes (relative abundance in 

stressed tissue extracts divided by relative abundance of the same variable in control extracts) in response 

to two hours of low oxygen are given.  **designates confidence at the 99% interval or greater, *designates 

confidence between 95-99% that the relative abundances are different between hypoxia stress treatment and 

control.    
 

Pathway / Enzyme Abbrev. 
Gene Location 

(OrgXsomePos) 
R S  

 

Glycolysis and TCA Cycle GO:0006096, GO:0006099, GO:0006097 

phosphofructokinase PFK At5g58730 0.80 0.76  

phosphoglycerate kinase PGK At3g12780 0.87 1.3  

pyruvate kinase PK At2g36580, At5g56350    1.6**   1.4*  

pyruvate kinase PK At3g22960, At5g52920 0.83 0.93  

phosphoenolpyruvate 

carboxylase 
PEPC At3g14940 0.6 0.8  

pyruvate dehydrogenase PDH At1g01090 0.93 1.0  

pyruvate dehydrogenase PDH At2g34590 0.77 0.88  

acetyl-CoA carboxylase ACC At1g36050 0.55 0.71  

        

isocitrate 

dehydrogenase 
IDH At5g03290 0.98 0.97  

oxoglutarate 

dehydrogenase 
OGDH At3g55410 0.86 0.92  

succinate 

dehydrogenase 
SDH At2g18450 1.1 1.1  

fumarase FUM At5g50950 0.75 0.90  

malate dehydrogenase MDH At5g56720 1.5 1.2  

malic enzyme ME At1g79750 0.79 0.85  
 

Response to hypoxia GO:0001666 

alcohol dehydrogenase ADH At1g77120 120** 14**  

pyruvate decarboxylase PDC 
At4g33070, At5g54960, 

At5g01320 
280** 41**  

lactate dehydrogenase LDH At4g17260 6.8** 2.4**  

lactate    1.3** 1.6**  
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  One process strongly induced involves ethanolic fermentation via ADH 

(At1g77120) and PDC (At4g33070), strongly enriched in polysome complexes tens to 

hundreds of times greater in abundance in 2 h stressed tissues.  The enhancement of 

lactate dehydrogenase (LDH) mRNA in polysomes was not as dramatic, however it is 

statistically significant and is observed with a corresponding accumulation of the 

enzymatic reaction’s product – lactate.  The transcripts encoding fermentative enzymes 

are more strongly loaded in polysomes in roots than shoots.  Possibly this is because 

under submergence, roots can extrude lactate and other organic and amino acids into 

waterlogged soil, whereas shoots can more easily release volatile byproducts such as 

ethanol and acetaldehyde. 

Plants possess several unusual features of central metabolism, specifically in 

sucrose degradation, that may decrease oxygen consumption.  The breakdown of one 

molecule of sucrose by invertase and hexokinase requires two molecules of ATP, 

whereas its breakdown by SUS and UDP-glucose pyrophosphorylase requires only one 

molecule of inorganic pyrophosphate (PPi).
40, 41

  Unfortunately, due to contamination by 

sucrose-containing growth medium, our attempts to quantify endogenous sucrose were 

unsuccessful (Figure 4.15).   

 Figure 4.15 shows the region of the NMR spectrum occupied by central carbon 

metabolites.  Shoots under control (A) and low oxygen stress (B) are distinct from roots 

under control (D) and hypoxic conditions (E).  An NMR spectrum of a sample of growth 

medium is presented for comparison in (C).  Sugar anomeric protons, clearly available 

for integration, were ignored due to media contamination of particularly root tissue.   
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 Our examination also considered fatty acid metabolism. The regulation of 

synthesis of Acetyl-CoA carboxylase (ACC), a key enzyme in fatty acid biosynthesis, is 

altered under low oxygen.  ACC transcripts decrease in abundance among polysome 

complexes.  The mitochondrion maintains redox balances via 3-hydroxybutyrate 

dehydrogenase, fatty acid chain elongation, and most importantly reversal of the TCA 

cycle with succinate serving as a carbon sink.  There are two routes to succinate: Asp, 

malate and fumarate as substrates will flow via fumarate reductase catalyzed reactions 

while Glu or α-ketoglutarate/2-oxogluatrate will flow via succinate CoA ligase (SCS) 

catalysis.  In addition to contributing to redox balance, succinate accumulation proceeds 

with the production of molar equivalents of ATP, influencing also the energy yield of 

anaerobic metabolism.
38

  Our attempts to quantify TCA cycle intermediates by NMR 

were unsuccessful due to severe spectral overlap in regions where small molecule 

resonances would have been observed (Figure 4.16).  Adjusting sample pH did not 

alleviate this overlap. 

 There is interdependence between ethanol and lactate fermentation pathways.  In 

the absence of ethanol fermentation, lactate fermentation is favored.  Both pathways  

result in increases in lactate production or PDC enzyme activity in tomato.  Cellular 

lactate can be converted back to pyruvate producing NADH upon reoxygenation.   

The primary requirements for anaerobic metabolism are: stored substrate, redox 

balance and ATP yield.   Stored energy in the form of starch or sucrose has been more 



 258

 
Figure 4.15  NMR spectra of extracts (intensity x 1) representing seedlings (A, B, D, E) and growth 

medium (C).  This expansion provides a basis for discussion of carbohydrate metabolic processes.  Shoots 

under control (A) and low oxygen stress (B) are distinct from roots under control (D) and hypoxic 

conditions (E).  The predominant sugar in tissue extracts is glucose, followed by fructose whereas the 

medium contains a large excess of sucrose and trace amounts of other sugars. 
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Figure 4.16  NMR spectra of samples representing each biological treatment (intensity x 5) expanded to 

facilitate discussion of tricarboxylic acid cycle (TCA) intermediates.  Shoot (A) and root (B) control tissue 

extracts provide scant information on TCA cycle due to severe overlap in the region occupied by methylene 

protons.  Citrate (C), isocitrate (D), 2-oxoglutarate (E), succinate (F), and pyruvate (I) occupy this crowded 

region.  Resonances of fumarate (G) and malate (H) are also not observable in Arabidopsis tissue extracts. 

 

compete for the substrate pyruvate.  Lactate fermentation may be required to start ethanol 

fermentation.  As lactate accumulation increases, ethanol fermentation may be favored.  

This may be pH-driven or due to substrate interactions.  Overexpression of LDH did not 
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carefully examined in Section 4.2.1.  Redox balance and ATP yield are inherently 

coupled and will be further discussed here without treating each separately. 

In order to sustain anoxia, each oxidative step in fermentative metabolism must be 

balanced by a reductive step.  There are two important aspects to redox regulation that 

must be considered at the outset: the oxidation state of the cytosol and mitochondria must 

be maintained; and the oxidation state of coenzymes (NAD
+
/NADH, FAD

+
/FADH) must 

be maintained.
38

  The standard mechanism of redox regulation in the cytosol is the 

coupled reaction shown in Equation 4.1 

pyruvate + NADH + H
+
 �� lactate + NAD

+
   (4.1) 

Auxiliary mechanisms in the cytosol may involve MDH and glutamate dehydrogenase.  

Under low oxygen conditions in plants, ADH is important for NAD+ production. Overall 

these reactions oxidize glycolytically formed NADH in the cytosol.
38

 

Another critical mechanism for balancing redox substrates and moving them 

where necessary for the action of the electron transport system is the malate-Asp shuttle.  

This mechanism involves cytosolic and mitochondrial forms of the enzymes aspartate 

aminotransferase and MDH and the substrates/products malate, 2-oxoglutarate, Glu and 

Asp. 

 

4.4.4.2   Nitrogen Metabolism 

In higher plants, only root mitochondria but not leaf mitochondria reduce nitrate 

to nitric oxide at the expense of NADH.
44

  Nitrate and nitrite may serve as alternative 

electron acceptors and may partly replace fermentation for NADH reoxidation during 
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glycolysis, even though electron flow through NR was comparatively low.  A “hidden” 

nitrite/NO cycle, similar to hemoglobin, could oxidize NO to nitrate, which would 

maintain a much higher electron flow for the maintenance of minimum energy 

metabolism.
44

  Nitric oxide has been suggested to signal oxygen concentrations, 

regulating the citric acid cycle (by inhibiting aconitase) and respiration (by inhibiting 

cytochrome c oxidase and activating the mitochondrial alternative oxidase (AOX)).  

Figure 4.17 presents a metabolic pathway map with enzymes designated for processes 

that will be discussed in this section.  Pathways where metabolite information was 

relevant are in black.  Accumulating substrates are in large font compared, whereas those 

which were depleted by 2 h of hypoxia are shown in a smaller font.  The contribution of 

GABA and nitrate reductase (NR) was noted only in roots but not shoots. GABA 

transaminase (GABA-T) appears to be responsible for only a portion of the Ala 

A key intermediate between carbon and nitrogen metabolism is Ala, a zwitterion between 

pH 3.3 and 8.8 making it a neutral substrate that can be remobilized rather than lost via 

evaporation or efflux.  Metabolites such as lactate, ethanol, acetaldehyde, succiate and 

malate are transported across plant cell membranes by passive or active mechanisms, and 

may be lost to the plant entirely via excretion. The operation of the GABA shunt 

contributes to Ala accumulation in the roots of Arabidopsis but not shoots.  GABA-T 

appears to be responsible for only a portion of Ala synthesized in roots during hypoxic 

conditions, and other mechanism(s) are probably responsible for rapid Ala accumulation 

in roots during the initial phase of hypoxia and for Ala accumulation in shoots.  There is 

evidence of translational regulation or a difference in protein stability of GABA-T 
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between roots and shoots; GABA-T transcript levels were higher in shoots than roots 

although enzymatic activity is similar in both roots and shoots.   

 

Figure 4.17 Metabolic pathways involved in nitrogen metabolism.  Pathways of nitrogen assimilation and 

the GABA shunt are highlighted as they relate to the TCA cycle and glycolysis.  Our metabolite 

observations together with transcription profiling indicated that the fermentation pathways, transamination 

and dehydrogenases. Succinate semialdehyde (SSADH), 2-oxyglutarate (GDH), and glutamate (GAD) 

dehydrogenases are all involved in the generation of the metabolic coupling intermediate NADH and the 

energy storage and transport molecule ATP. 

 

 

A defect in the GABA shunt pathway (loss of either GAD or GABA-T) affected 

Ala accumulation only in roots but not shoots of Arabidopsis.  It appears hypoxia-

induced Ala accumulation can be divided into two phases: rapid build-up (first 4 h) and 
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subsequent slow increase (beyond 4 h).  This work suggests that the GABA shunt is 

responsible for the slow phase of Ala accumulation in roots.   

A hypothesis for the physiological role of the GABA shunt is based on an 

experiment involving gaba-t1 mutants grown on GABA-supplemented media, where it 

was demonstrated that wild type plants can utilize GABA as an alternative N source but 

not without GABA-T enzyme.  Chemical inhibition of GABA-T in an ssadh mutant of 

Arabidopsis demonstrated that reactive oxygen intermediates and γ-hydroxybutyrate 

(GHB) buildup are coupled with this pathway.   

Our results for the transcript and metabolite comparison according to functional 

annotation by gene ontology (GO) classification are presented together with metabolite 

data in Table 4.3.  We interpret these quantitative and statistically robust data in the 

framework of the pathway diagram to discern processes critical for survival of hypoxia. 

 Our observations are well supported by the literature.  Mutating GAD1 in 

Arabidopsis resulted in changes in metabolite levels in roots.  Expressing GAD lacking 

calmodulin-binding domain in tobacco and rice resulted in extremely high levels of 

GABA accumulation.  GABA was also found to accumulated in roots and shoots of 

anoxia-stressed maize after several hours.
6
  It was not found to correlate with cytoplasmic 

acidosis, perhaps this transition is triggered by the rise in cytosolic calcium ions during 

anoxia. 

In the water-adapted plant Lotus japonicus, under complete submergence the total 

amount of free amino acids was unaffected in leaves, but reduced by half in roots.
24

  In 

general, amino acids derived from precursors from the glycolytic pathway 
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Table 4.3 Nitrogen Compound Metabolic Process (GO:0006807) transcript and metabolite levels as 

measured in immunopurified mRNA populations isolated from roots (R) and shoots (S) where N=3.  

Values reported result from fold changes (FC) between hypoxia-stressed tissue and respective control 

tissue.  Metabolite fold changes (italicized) in roots and shoots (N = 10).  Fold changes (relative abundance 

in stressed tissue extracts divided by relative abundance of the same variable in control extracts) in 

response to two hours of low oxygen are given.  **designates confidence at the 99% interval or greater, 

*designates confidence between 95-99% that the relative abundances are different between hypoxia stress 

treatment and control.    

 
Pathway / Enzyme Abbrev. Gene Location (OrgXsomePos) R S  

 

Nitrogen Metabolism  GO:0071941, GO:0008940, GO:0006809 

nitrate reductase NR At1g77760, At1g37130 4.6** 1.1  

nitrite reductase NIR At2g15620 1.1 1.0  

nitrogen fixation aminotransferase NFS/CDS At2g30970, At1g08490 0.86 1.0  

nitric oxide synthase NOA/NOS At3g47450    

      

glutamate synthetase GOGAT/GLT At5g04140, At5g53460, At2g41220 0.91 0.86  

glutamate-ammonia ligase aka 

glutamine synthetase 
GS/GLN 

At5g37600, At5g35630, At5g16570, 

At3g53180, At1g66200, At3g17820, 

At1g48470 

1.0 1.0  

glutamate Glu   0.6** 1.0  

glutamine Gln   0.9** 0.9*  

 

GABA Shunt  GO:0006540 

glutamate decarboxylase GAD 
At3g17720, At5g17330, At1g65960, 

At2g02010 
1.0 1.0  

gamma-aminobutyrate 

transaminase 
GABA-T At3g22200 0.6* 1.0  

gamma-aminobutyrate GABA   1.9** 1.0  

succinic semialdehyde 

dehydrogenase 
SSADH At1g79440 0.9 1.0  

 

 

increased during waterlogging, whereas levels declined for most amino acids linked to 

the TCA cycle, with the exception of Ala, GABA, and Glu which increased during 

waterlogging.  

Accumulation of succinate, lactate, GABA and Ala has been reported in shoots of 

rice, wheat, corn, barley, rye and Echinochloa sp. (barnyard grass) following 

waterlogging or submergence.  Plants that were more anoxia tolerant (i.e. rice) had a high 
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succinate to lactate ratio and cell sap became alkaline. Plants that were nonrestant 

produced more lactate than succinate and cell sap became acidic, and moderately 

resistant plants produced equal amounts of lactate and succinate and showed little 

variation in cell sap pH.  The authors suggest GABA is an important means of 

consumption of H
+
, but it alone cannot explain the alkaline shift.

45
  Ala accumulation 

cannot explain the effect because the extent of Ala production was similar across plants 

tested.  There is evidence that decarboxylation of arginine to putrescine may be 

responsible for alkalinization in rice.  Succinate does not accumulate in roots, as it does 

in shoots.
45

  Accumulation of GABA during hypoxia has been explained by activation of 

Glu decarboxylase by the lowered cytosolic pH, but this is unlikely because other 

enzymes in the GABA shunt perform optimally at pH 8-10.   

Having explored the functional classification GO processes involving central 

carbon metabolism and nitrogen metabolism, we will now consider the effects of low 

oxygen as it impacts the pathways coupled to central carbon and nitrogen metabolism.  

Figure 3.1 affords a scheme for the biosynthesis of the amino acids from branch points in 

central carbon metabolism.   

Ala is a source of Thr, Ile, Met, Lys via Asp, which can alternately become Asn.  

Branched-chain amino acids Leu and Val, as well as Ser, Cys and Gly are derived from 

pyruvate, competing with the production of lactate and ethanol under hypoxia.  The 

aromatic amino acids (Trp, Phe, Tyr) are made via the shikimate pathway from 

phosphoenolpyruvate (PEP).  Amino acids grouped with nitrogen metabolism include 

Glu, Pro, Gln, His, and Arg, which are connected to the TCA cycle at 2-oxoglutarate.  
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Significantly altered processes will be considered as they were observed in our 

translatomes and metabolome. 

Revisiting the idea that root mitochondria utilize nitrate and nitrite as alternative 

electron acceptors, partly replacing fermentation for NADH reoxidation during 

glycolysis, we can examine these processes using eFP browser for these transcripts.  

Figure 4.18 shows that many dynamic changes take place in the roots and shoots even 

after only two hours of ephemeral stress.  Specifically, NR in roots seems to completely 

change its expression pattern from being predominantly in the root cortex along the 

maturation zone to the root epidermis. 

 

4.4.4.3 Cellular Amino Acid Metabolic Processes 

Besides carbon metabolism, nitrogen metabolism in gray poplar was severely 

affected in waterlogged roots, as seen from numerous changes in the transcriptome and 

the metabolome related to nitrogen uptake, nitrogen assimilation, and amino acid 

metabolism.
12

  With decreased demand for amino acid incorporation into proteins, 

because protein synthesis is an ATP-consuming process, regulation of amino acid 

biosynthesis by feedback inhibition or other means is likely to occur.  Additionally, with 

amino acids available as substrates under energy crisis, we propose that amino acid 

catabolism for entry into glycolysis and subsequent shuttling of those products into ATP-

producing branches of the TCA cycle were the main pathways induced by 2 h low 

oxygen stress. 
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Figure 4.18 Arabidopsis eFP browser mappings of immunopurified mRNA abundance onto seedling cell-

types.  Reactions catalyzed by the reactions in the nitrogen assimilation pathway are shown.  Yellow 

indicates that the transcript is not present (or present at low or nondetectable levels) and red indicates 

transcript is present.  For each transcript, the control condition is shown in the left panel and the hypoxia-

stressed condition is shown at right. 

 

 

 

 

Gene ontology analysis revealed induction of NR (GO:0008940) and nitric oxide 

biosynthesis (GO:0006809) in roots.  Shoots instead induced nitrogen compound 

metabolic process (GO:0051171) which is populated with many regulatory enzymes.  A 

summary of fold changes in mRNA in polysome complexes and corresponding 

metabolite concentrations is provided by Table 4.3.  Not surprisingly shoots do not alter 
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polysome enrichment of NR, since aerial tissues are not the predominant site of nitrogen 

assimilation.   

 Once inorganic nitrogen is absorbed by the roots as nitrate, it is reduced to nitrite 

and subsequently converted to Gln in an ATP-consuming step catalyzed by glutamine 

synthase (GS).  Although this transcript is not altered in abundance, the endproduct Gln is 

significantly decreased after 2 hours of oxygen-limited conditions.  Catalysis via 

glutamate synthase (GOGAT) converts Gln to Glu which can then participate in the 

GABA shunt involving glutamate GAD and GABA-T.  The abundance of GABA-T 

mRNA in polysomes is decreased under low oxygen compared with control conditions, 

which may be a contributing factor to the observed accumulation of the reaction 

substrate, GABA. 

Other significant changes under low oxygen include a depletion of transcripts 

encoding proline and ammonium transporters (At3g55740 and At1g64780, respectively) 

in polysomes of roots.  Shoots loaded glutamate decarboxylase (GAD) mRNAs into 

polysomes but only in some cell types (data not shown).  

Similarly to our previous study of low oxygen on whole Arabidopsis seedlings 

(Chapter 3), many transcripts for amino acid catabolism were loaded in polysomes.  The 

enzymes discussed in the previous chapter were the transaminases (Section 3.3.4.3, Table 

3.5) and again we see AlaAT (At1g17290) and AspAT (At5g19550) strongly 

accumulating, and this time more dramatically in roots than shoots (Table 4.4).  Another 

transferase GGAT (At1g70580) seems to accumulate more in shoots, possibly 

responsible for the observed consumption of Glu. 



 269

A glance at Table 4.4, which summarizes cellular amino acid metabolic processes 

(GO:0006520), reveals a general upregulation of processes leading to amino acid 

catabolism (GO:0009063) and a downregulation of processes leading to amino acid 

biosynthesis (GO:0008652).  Pathways that remain unaffected by 2 hours of low oxygen 

appear to include branched-chain amino acid biosynthesis, since we observe no 

significant alteration in loading status of BCKD gene mRNAs and a corresponding end 

product, Val.  Conversely, we observe large decreases in the polysome loading of 

mRNAs encoding enzymes such as asparaginase (At5g08100), which catalyzes the 

conversion of Asn to Asp and corresponding increases in asparagine synthase 

(At3g47340) indicating that production of the nitrogen transporter Asn is favored.  This 

may serve to divert carbon away from the Asp family amino acid biosynthetic processes.  

Asn may also play an important role in maintenance of redox balance or denitrification.  

Most likely Asp may becomes depleted as a metabolite because it is a cosubstrate for the 

reaction catalyzed by AspAT that is coupled with alanine production from pyruvate. 

Notably, AlaAT1/2 and AspAT2 mRNAs showed greater elevation in the 

translatomes of roots than in shoots, whereas Ala accumulation and Asp depletion were 

more evident in shoots than roots (Tables 4.1 and 4.4; Figure 4.10). The discrepancy 

between gene regulation and metabolite accumulation could be due to pathway regulation 

based on substrate rather than enzyme availability. However, an alternative possibility is 

that Ala (pyruvate or other intermediates) produced in the root is transported to the shoot. 

 The observations presented here are interpreted in the context of the current 

literature to determine whether these data are representative.  From these connections, we 
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can put stock in drawing hypotheses based on other unexpected changes that can be 

identified by either unsupervised multivariate statistics, or clustering and cutting large 

matrices of biologically-informative data until a useful global picture or subset is culled. 

 What follows is an interpretation of our observations in the context of the 

literature in the area of low oxygen responses in plants. Nitric oxide has been proposed as 

a signaling molecule.  The evidence from this study suggests that under low oxygen, 

pathways leading to the production of nitric oxide are stimulated in roots within 2 hours 

of hypoxia onset.  GABA is formed in vivo via a metabolic pathway called the GABA 

shunt. The initial step in this pathway utilizes 2-oxoglutarate formed from glucose  

metabolism via the TCA cycle. 2-oxoglutarate is then transaminated by α-oxoglutarate 

transaminase (GABA-T) to form Glu, the immediate precursor of GABA.  Finally, Glu is 

decarboxylated to form GABA by the enzyme(s) glutamic acid decarboxylase (GAD).
41 

 During episodes of heat stress, GABA accumulates to levels six- to 10-fold higher 

than in unstressed plants.  The synthesis of GABA from Glu consumes protons and thus 

the GAD-catalyzed reaction is one of several reactions involved in the regulation of 

cytosolic pH. GABA is then transported into the mitochondrion where it is converted to 

succinic semialdehyde (SSA) in a coupled reaction consuming pyruvate and producing 

Ala via GABA-T [EC 2.6.1.19].  SSA is converted to succinate by SSA-DH [EC 1.2.1.16 

or 1.2.1.24] regenerating NADPH.  Arabidopsis mutants of SSA-DH demonstrate 

increased hydrogen peroxide production during episodes of heat stress and show 

increased programmed cell death (PCD). Thus, the function of the GABA metabolic  
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Table 4.4 Cellular Amino Acid Metabolic Process (GO:0006520) transcript and metabolite levels as 

measured in this study.  Enzymes whose transcript abundance was significantly altered among 

immunopurified mRNA populations isolated from roots (R) and shoots (S) where N=3.  Values reported 

result from fold changes (FC) between hypoxia-stressed tissue and respective control tissue.  Metabolite 

fold changes (italicized) in roots and shoots (N = 10).  **designates confidence at the 99% interval or 

greater, *designates confidence between 95-99%. 

 

Pathway / Enzyme Abbrev. Gene Location (OrgXsomePos) R S 
 

Amino Acid Catabolism GO:0009063 

hydroxyphenylpyruvate 

dioxygenase 
HPD At1g06570 2.5* 1.8* 

gamma-hydroxybutyrate 

dehydrogenase 
GHBD At3g25530 1.1 1.3 

glutamate dehydrogenase GDH At5g18170, At5g07440 1.7 1.0 

proline oxidase  At3g30775 2.5** 1.8 

alanine aminotransferase AlaAT At1g17290 8.6** 4.4** 

alanine Ala   2.4** 4.6** 

alanine:2-oxoglu. 

aminotransferase 
AOAT At1g23310 1.0 1.1 

asparaginase  At3g16150 3.7** 0.86 

glutamate:glyoxylate 

aminotransferase 
GGAT At1g70580 1.1 1.5 

broad specificity (Asp, Tyr, 

Phe) aminotransferase 
ACS At5g51690 1.1 1.0 

broad specificity (Asp, Tyr, 

Phe) aminotransferase 
ACS At1g62960 0.7 1.0 

branched-chain alpha-keto 

acid dehydrogenase 
BCKD At3g13450, At3g06850 1.2 1.2 

valine Val   1.0 1.1 

aspartate aminotransferase AspAT 2 At5g19550 5.2** 4.2** 

aspartate aminotransferase AspAT 1,3,5 At5g11520, At4g31990, At2g30970 1.1 1.2 

aspartate aminotransferase 
AspAT 

putative 

At5g51690, At1g80360, At1g62960, 

At1g62800, At2g22250 
1.1 1.2 

asparagine synthase AS At3g47340 1.5 1.5 
 

Amino Acid Biosynthesis GO:0008652 

asparaginase ASN At5g08100 0.78 0.76 

S-adenosylmethionine 

decarboxylase 
 At3g02470, At3g25570, At5g15950 0.75 0.82 

arginine decarboxylase  At2g16500, At4g34710 0.48* 0.66 

glycine decarboxylase  At2g35120 0.95 0.88 

isopropylmalate 

dehydrogenase 
IMDH At1g31180 0.51* 1.1 

aspartate kinase ASP putative At3g02020 0.28** 0.70 

aspartate Asp   0.6** 0.8** 

asparagine Asn   0.9 0.9 
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pathway appears to modulate the oxidative status of the cell during heat stress, and may 

be involved in the production of a cell signal, effectively modulating PCD.
41

 

 Regulation of cytoplasmic pH by glutamate decarboxylase (GAD, EC 4.1.1.15) 

has been proposed since GABA synthesis by GAD consumes a proton, and its activity is 

stimulated in acidic conditions (pH ~5.8).  The role of Ala and GABA in maintenance of 

osmotic potential in stressed tissues may be important to counteract the rapid fall of 

regular carbohydrate levels.  Glu is converted to GABA, which is converted to SSA by 

GABA-T, simultaneously producing Ala from pyruvate.  Succinate is produced from 

succinic semialdehyde under normoxia, however under hypoxia SSA can also be reduced 

to GHB.
46

   

Comparison of AlaAT knockout mutants and wild-type plants for Ala 

concentrations over hypoxic stress and subsequent recovery indicated that AlaAT1 is 

primarily involved in Ala breakdown during recovery from low oxygen stress.  Ala 

biosynthesis under hypoxia does not require AlaAT1 activity.
47

   

After a thorough look at primary metabolic pathways, we aimed to ascertain 

whether the aromatic region of the NMR spectrum would yield information about Phe, 

Trp, and Tyr.  The S/N of these metabolites was not sufficient to quantitatively evaluate 

fold-changes (Figure 4.19) although it is clear that shoots are distinct from roots and 

hypoxic conditions in roots are distinct from controls (7.6 and 7.8 ppm). 
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Figure 4.19 NMR spectra of samples representing each treatment.  Expanded to facilitate discussion of 

aromatic amino acids and secondary metabolites.  Shoots under control (A) and low oxygen stress (B) are 

distinct from roots under control (C) and hypoxic conditions (D). 

 

 

4.5 Conclusions 

 

Overall this study enforced our confidence in ribosome-immunopurification for 

the study of translational regulation and metabolic network reconfiguration under low 
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oxygen.  We hypothesized that a different stress response would be observed in aerial 

shoots and terrestrial roots, and as expected, there were aspects of adaptive mechanisms 

that were distinct in each organ.  The reasons for this specialization are likely because 

each organ has access to different detoxification routes and a different capacity for stored 

substrate.  The research also raises the possibility that transport of metabolites may occur 

between the root and the shoot during low oxygen stress. Typically when a plant 

encounters a situation of oxygen limitation, it will either conserve its resources (e.g., 

submergence tolerance by quiescence) or expend them in an effort to escape the stressful 

situation (e.g., submergence survival by escape).
48

  Understanding these processes at the 

molecular level may address agricultural challenges we currently face, and those changes 

which may result upon further progress of global climate change. 

In summary, ATP-generating processes are stimulated while those consuming 

ATP are inhibited in part through translational regulation.  Specifically PK and SCS-

mediated substrate level ATP production may attempt to maintain a supply of energy 

sufficient to survive until reoxygenation.  The reliance on fermentation of pyruvate to 

lactae, ethanol, alanine or GABA to maintain this production may be distinct in the root 

versus the shoot. Moreover, transport of intermediates from the root to the shoot, such as 

pyruvate, Ala may also occur. It will be important to assess whether the observed 

distinctions in gene regulation and metabolism contribute to energy management in the 

two organ systems.  

From the analytical perspective, improvements over our previous study arise from 

modifications to the experimental design (more bioreplicates), sampling 
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(microdissection), sample preparation (lipid removal and solvent homogeneity), data 

acquisition (improved signal-to-noise), resonance assignment (use of databases at same 

pH), and data interpretation (pmn.aracyc).  A non-targeted systems biological approach 

allowed us to examine pathways in which no preexisting hypotheses existed.  In 

conclusion, this work illustrates the utility of a model organism for integrated studies at 

multiple levels of biological regulation and its application to a problem of agricultural 

relevance. 
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Chapter Five 

 

LC-NMR and LC-MS Structural Elucidation 

 

of Arabidopsis Secondary Metabolites 

 

John Limtiaco facilitated LC-NMR based studies for establishing these metabolite 

identifications.  Szabolcs Beni recognized the NMR signature of flavonol aromatic proton 

chemical shifts and couplings, giving us a structural foothold from which to work 

forward in creating an in house Arabidopsis thaliana secondary metabolite database.  

Vishwa Shah assisted in preparation of the plant material for this work and in populating 

the cheminformatic database with secondary metabolite structural information.   

 

In Chapter 4, comparison of root and shoot tissue extracts after brief low oxygen 

stress suggested changes in metabolite abundance in the aromatic region of the NMR 

spectra, where secondary metabolite resonances are found (Figure 4.19).  Our focus in 

this chapter was to isolate chromatographically and determine the structure of a set of 

Arabidopsis secondary metabolites.  Mass information alone was not sufficient for 

structural assignments, even when collision induced dissociation (CID) tandem MS was 

applied.  To elucidate structures of Arabidopsis secondary metabolites, LC was directly 

coupled to NMR.  UV absorbance was recorded online at 254 nm, initiating automated 

loop trapping to store single components and binary mixtures isolated by LC.  After 

tentative structural assignments were made, pure reference material for one compound 

was obtained and interrogated by identical methods.  Assignments for eight secondary 

metabolites of Arabidopsis thaliana are presented here.  These are supported by a 

database populated with structures and calculated values for mass with proposed 

fragments, distribution coefficient, proton and carbon chemical shifts and coupling 

constants.  This chapter establishes the foundation to address a biological question: 

hypoxia, which will be the focus of Chapter 6. 
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5.1 Introduction to Plant Secondary Metabolism  

Secondary metabolism is defined as the sum of chemical reactions which are not 

absolutely required for the survival of the organism.  Primary metabolic reactions involve 

biosynthesis of amino acids, lipids, carbohydrates and nucleotides; providing building 

blocks for respiration and other basic cellular functions (transport, reproduction, energy 

conservation).  Secondary metabolic reactions are responsible for synthesis of molecules 

such as pigments and antimicrobial compounds, which mediate interactions with other 

species but are not directly responsible for basic cellular functions. 

 

5.1.1  Combinatorial, Plasticity, Dynamic Range 

Metabolite biosynthesis in plants follows a combinatorial model where a limited 

number of scaffold molecules are decorated with a limited number of substituents in any 

given plant.
1, 2

  Analytically this results in a large number of constitutional isomers, 

presenting a challenge for structural assignment by UV or MS only, even utilizing exact 

mass information.
3
   

Plasticity in plant secondary metabolomes results from ongoing evolution.  In this 

so-called “arms race,” secondary metabolites play defensive or offensive roles in the 

plant life cycle, naturally resulting in molecules with bioactivity.  The plant metabolome 

is chemically diverse in terms of polarity, molecular mass and amount present.  As of the 

year 2005, already 200,000 secondary metabolite structures had been elucidated from 

plants and microbes.
4
  Metabolites observed in planta span seven orders of magnitude in 

concentration.
5
  Secondary metabolites derive their bioactivity in nonconspecific 
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organisms from their unusual chemical nature, circumventing deactivation and/or 

transport which would normally result in detoxification.
6
 

Between 15-20% of Arabidopsis genes are predicted to encode enzymes of 

secondary metabolism, far more than necessary to produce the number of metabolites 

identified so far.  Because a significant portion of its genome is devoted to secondary 

metabolism, some claim there exist undiscovered molecules yet to be isolated and 

characterized.
7
  An alternative hypothesis is that gene duplication is responsible for the 

redundancy observed in secondary metabolism.  Recent work has suggested gene 

duplication for functional compensation is the reason large numbers of genes seem to 

encode tens or hundreds of combinatorially diversified secondary metabolites, 

underscoring the current interest in developing robust methods to profile the complement 

of secondary metabolic pathways in model systems such as Arabidopsis.
8
 

 

5.1.2  Metabolomics and Metabolic Profiling 

The study of secondary metabolites is an interdisciplinary field comprising 

pharmaceutical natural product discovery, plant behavioral studies documenting 

molecules responsible for communication among and between organisms, and taxonomic 

classification of plant species by their secondary metabolite profiles.
9
  Careful studies of 

plants for medicinal compounds were carried out as early as 1791 in Paris.
10

  The 

complexity of isolating single components from among a mixture containing potentially 

toxic substances required marrying interests of purveyors of medicine (human 

physiology) and chemistry (molecular reactivity). 
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NMR, despite its limitations in terms of sensitivity, is a powerful tool in 

dereplication.
11-14

  The application of LC-NMR to profiling of human urine in 1992 

demonstrated its suitability for metabolite analysis.
15

  The technique became useful to 

researchers in plant natural product screening throughout the late 90s and early 00s.
16

  

The development of WET solvent suppression in the mid 90s significantly improved 

spectral quality and was a contributing factor to the popularization of the technique.
17

 

Commercial availability of LC-NMR flow probes and interfaces led to wide-spread 

adoption of LC-NMR.
12, 16, 18, 19

  An engaging review summarizing challenges and 

applications of LC-NMR in plant studies is afforded by one of the leading groups in the 

field.
20

   

 

5.1.3  Challenges in Chemical Space Exploration 

 The plasticity and combinatorially-biosynthesized diversity in secondary 

metabolism presents both a challenge and an advantage in studies aimed toward 

dereplication.
21

  Taxonomically-related plants produce similar types of molecules, 

thereby reducing the number of potential identifications given only mass information.
22, 23

 

Pure standards for primary metabolites are readily available, whereas for 

secondary metabolites, their low abundance and diversity make standards expensive 

(often chromatographically isolated from biological material) or in some cases 

commercially unavailable (when plant material is limited and benchtop synthesis is not 

an option). 
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We took an approach of limiting the region of chemical space under study.  Three 

strategies accomplished this (1) enrichment via solid-phase extraction capture, (2) a 

liquid chromatographic method focused on the hydrophilic metabolites eluting between 2 

and 20% of the organic mobile phase discarding even moderately hydrophobic 

molecules, and (3) monitoring UV absorbance for peak trapping at 254 nm.  Secondary 

metabolites in Arabidopsis fall into several classes; phenylpropanoids, glucosinolates, 

terpenoids and phytoalexins.
24

  Plant phenolics represent a large group of defensive 

compounds having a phenol (hydroxybenzene) moiety, which absorb UV light at 254 

nm.
25

   

Phenolics range in complexity from one to three rings, and more if hydrolysable 

tannins and condensed tannins are considered.  Phenolics that are colored serve roles in 

pollinator attractants; those that have bitter taste are herbivore deterrants.
26

  The planar 

ring systems can mimic ATP and other redox coenzymes including NADPH, NADH, 

FMNH2 and FADH2.  Anti-inflammatory antioxidant
26, 27

 properties arise through 

covalent interaction with free radicals, notably ROS such as superoxide (O2
-
).  Many 

phenolics have antimicrobial (antibacterial or antifungal) properties.
28

 

It is estimated that about 2% of all carbon synthesized by plants (1 x 10
9
 t per 

annum) is converted into flavonoids, one of the largest groups of naturally occurring 

phenols.
29

  A generalized structure is provided in Figure 5.1.  Flavonoids are virtually 

ubiquitous in green plants, therefore will be encountered in nearly any plant extract.  

Structurally, the flavonoid scaffold contains fifteen carbon atoms arranged in C6-C3-C6 

configuration.  Two aromatic rings are linked by a three carbon unit which may or may 
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not form a third ring.  Further modification of the flavonoid scaffold may result in 

additional (or reduced) hydroxylation, methylation of hydroxyl groups or flavonoid 

nucleus; isoprenylation of hydroxyl groups or flavonoid nucleus; and most importantly 

glycosylation of hydroxyl groups (producing O-glycosides) or the flavonoid nucleus 

(producing C-glycosides).  The effect of glycosylation is to make the flavonoid less 

reactive and more water (sap) soluble.  Glycosides occasionally have one (or more) of 

their sugar hydroxyls derivatized with an acid such as acetic or ferulic.  Among the plant 

kingdom, flavonoids are restricted to Bryophyta or higher classes suggesting evolutionary 

development as recently as 460 million years ago.   

Flowering plants containing large amounts of flavonoid glycosides are 

summarized in the following table (Table 5.1).  It can be seen that a variety of flavonoid 

skeletons are available as well as decorative groups.  The focus of this work was on 

phenylpropanoids, based on our preliminary structural evidence by 1D 
1
H NMR of low-

oxygen stressed Arabidopsis. 

Phenylpropanoids, such as resveratrol found in red wine, have generated public 

interest having shown potential as therapeutic agents in cancer treatment and 

prevention,
30, 31

 protection against neurodegenerative disease,
32

 and management of 

obesity and related cardiovascular problems.
33

  In plants they are thought to play roles in 

regulating  polar auxin transport, a plant hormone which regulates plant growth and 

development, which would be of critical relevance in young seedlings.
24, 34

  

Phenylpropanoids are also credited with providing protection from UV light and defense 

against herbivores and pathogens. 
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Table 5.1 Sources of plant-based drugs of the flavonoid class.  Scaffolds quercetin (Q), luteolin (L), 

kaempferol (K), isorhamnetin (I), apigenin (A), peonidin (P) and eriodictyol (E) are decorated with glucose 

(G), galactose (gal), and rhamnose (R) sugar substitutions at the C3, C7 and less commonly at C8 positions.  

Q3GR is commonly called rutin.  The substituent RG is commonly called neohesperidose. 

 

Plant source   Common name  Flavonoid constituents 

Arnica montana   Arnica   Q3G, Q3Ggal, L7G, K3G 

Calendula officinalis  Marigold  I3G, I3RG, I3RGR, Q3G, Q3GR 

Chamaemelum nobile  Chamomile  A7G, L7G 

Chamomila recutita  German Chamomile A7G, L7G, Q7G, P7G 

Cereus grandiflorus  Night-blooming Cereus I3gal, I3galRG, I3RG 

Crategus monogyna  Hawthorne  Q3gal, Q3RG, Q3Rgal, A8G 

Robinia pseudoacacia  Acacia   K3Rgal7R, A7RG 

Tussilago farfara   Farfarae   Q3G, Q3gal, Q3RG 

Aurantii pericarpium  Seville Orange  E7RG, Q7RG, N7GR 
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Figure 5.1 General skeleton of a flavonol, which generates resonances by magnetically equivalent first-

order coupled protons at the 2’,6’ and 3’,5’ positions.  The C8 and C6 positions also contribute resonances 

to the aromatic reigon, but are more upfield.  The ring enclosed by C5-10 is called the A ring.  The 

heterocyclic ring enclosed by C2-4 is called the C ring.  The ring enclosed by C1’-6’ is called the B ring. 

Numbering for cinnamic acid skeletons is shown also. 

 
 

Phenylpropanoids are naturally occurring phenolic compounds which have an 

aromatic ring to which a three-carbon side chain is attached.  They are derived 

biosynthetically from the amino acid Phe and contain one or more C6-C3 residues.  
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Hydroxycinnamic acids form the building blocks of lignin and regulate growth and 

provide disease resistance.  Nearly ubiquitous in plants are ferulic, sinapic, caffeic and p-

coumaric acid.  Other rarer forms include 3-hydroxy-4-methoxycinnamic, o-coumaric, 

and p-methoxycinnamic acids.
35,

 
36

  These are obtained in best yield by mild alkaline 

hydrolysis since hot acid will cause decarboxylation to the corresponding styrene.
37

 

In Arabidopsis the end products of the phenylpropanoid pathway include sinapoyl 

malate and sinapoyl choline.
38

  Sinapoyl glucose is the substrate used for biosynthesis of 

sinapoyl choline.
39

  The motivation to pursue phenylpropanoids was threefold: (1) their 

potentially interesting roles in regulating plant responses to low oxygen stress given what 

is already proposed regarding their functions in planta, (2) we had observed induction of 

aromatic compounds in the NMR spectrum that correlated with hypoxia treatment, 

although we did not know which resonances were bioactive or even which corresponded 

to phenylpropenoids, and (3) evidence of large fold changes in the transcript abundance 

and polysome loading for messages encoding genes involved in secondary metabolite 

biosynthetic pathways had been observed in several studies.
40, 41

 

 

5.2 Experimental Approach 

The abundance of secondary compounds was selectively enriched via capture and 

release using a hydrophilic-lipophilic balanced (HLB) solid-phase extraction (SPE) 

cartridge.
42

  Areas of chemical space captured by HLB SPE were found to be similar to 

that which adsorbs to C18, when identical solvation, conditioning, loading, washing and 

elution conditions were applied (data not shown). 
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Attempts to interrogate the intact mixture representing secondary metabolite-

enriched Arabidopsis tissue extracts were unsuccessful due to excessive resonance 

overlap in the aromatic region of the spectrum even when two dimensional techniques 

were applied (Chapter 1, Figures 1.7-1.9).  

To alleviate crowding, a chromatographic separation was developed to target a 

small portion of the secondary metabolome, resolving approximately fifteen metabolites.  

Ultra-high pressure liquid chromatography (UPLC) shortened the time necessary for 

method development, as well as providing greater sensitivity and conserving solvent.
43

  

Quadrupole time-of-flight (QTOF) mass spectrometry (MS) was used to detect 

metabolites, which lowers the detection limit of our method approximately 3 orders of 

magnitude.  Incorporating SPE in the sample preparation served to protect the integrity of 

the MS instrument, and improved data quality by reducing levels of interfering ions and 

lipids/waxes. 

The separation was performed in reverse phase, and only early-eluting 

compounds (2 – 20% organic) were analyzed by MS.  Tandem mass spectrometry, by 

means of collision-induced dissociation (CID), was employed to gain structural 

information.  It soon became evident that mass information alone, even with 

fragmentation, could not establish molecular identity.
44

  Plant secondary compounds are 

often not available as pure standards for traditional annotation by spiking.
45

  For this 

reason, we returned to NMR.  In particular, LC-NMR was useful in automated sample 

handling and one-dimensional proton spectra were acquired in sufficient signal-to-noise 

ratio (S/N) to establish molecular identity for several key metabolites. 
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This chapter outlines our approach to annotation and dereplication of a small 

portion of the secondary metabolites made by seedlings of Arabidopsis thaliana.  Levels 

of secondary metabolites such as terpenoids, alkaloids, glucosonolates and flavonoids are 

often higher in young tissue,
46

 we expected to find these compounds in abundance in our 

Arabidopsis seedlings.  Because of the low sensitivity of NMR and the low concentration 

in planta of these molecules, many seedlings had to be pooled to constitute a sample of 

sufficient concentration for NMR.  In a single concentrated extract resulting from nearly 

5,000 pooled seedlings, it was undertaken to focus on dereplication of the most 

hydrophilic secondary metabolites found in Arabidopsis seedling tissue extracts. 

 

5.2.1 Plant Growth 

Arabidopsis thaliana (ecotype Columbia-0) seedlings were prepared as described 

in Chapter 2, section 2.2.2.2 with the following timing specifications.  Briefly, seeds were 

surface-sterilized and vernalized for 3 days prior to being transferred to 1x MS solid 

media containing 1% sucrose (w/v).  Plates were placed vertically in a growth chamber at 

2:00 pm (7 h into the light cycle) on day 0 (September 1, 2009).  Seedlings were 

harvested 7 d later between 12:30 and 3:30 pm into liquid nitrogen and directly 

homogenized into a single pool of tissue, which was lyophilized overnight in 6 x 50 mL 

Falcon tubes.  The total tissue pool (1.7745g DW) resulted from 46 plates containing 

approximately 100 seeds per plate. 
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5.2.2 Tissue Extraction 

Extraction was performed at low pH (pH meter reading 2.89) using 50/50 (v/v) 

acetonitrile-d3/water-d2 as the primary extraction buffer (EB).  Approximately 20 mg DW 

of tissue was combined with 900 µL of EB, which was homogenized with a micropestle 

(Eppendorf) for 4 min manually in 1.5 mL microcentrifuge tubes (Eppendorf).  Primary 

extracts were clarified by centrifugation at 13,200 x g.  Two of these supernatants were 

combined per 2 mL microcentrifuge tube for installation into speedvacuum (to remove 

EB).  Time to dryness was 3-5 h.  Dried extracts were stored under refrigeration (-4 
o
C) 

overnight. 

 

5.2.3 Enrichment of Secondary Metabolites by SPE Capture 

A buffered solution (pH meter reading 2.92) containing 100 µM acetate-d4 in 

Burdick and Jackson (B & J) Water (ultrapure, UPLC-grade) was prepared for a 

reconstitution buffer (RB).  Dried extracts were combined with 200 µL RB, vortexed 60 

s, sonicated 10 min, and vortexed 60 s to resuspend water-soluble metabolites.  

Centrifugation at 13,200 x g precipitated insoluble material. 

Waters Oasis HLB SPE cartridges containing 60 mg sorbent with a liquid volume 

capacity of 3 mL were solvated with 1 mL methanol (solvent contacted sorbent for a 

minimum of 40 s prior to evacuation).  Cartridges were prepared for loading by 

introduction of 1 mL of RB.  Extracts were loaded onto cartridges at approximately the 

loading of 20 mg DW tissue per cartridge with a flow rate equivalent to 0.2 mL / min, 

suspended in RB.   After loading, cartridges were washed (to remove loosely bound and 
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abundant primary metabolites) using 800 µL of 50/50 (v/v) MeOH/H2O.  Secondary 

metabolites were eluted in 150 µL MeOH.  Eluates were dried by speedvacuum 

overnight. 

 

5.2.4 Chromatographic Separation 

Waters (Part No. 186002353) Acquity UPLC BEH C18 (particle size 1.7 µm) 

column was used for method development, operating at a flow rate of 0.5 mL / min at 

40
o
C.  The analytical column (2.1 x 150 mm) was protected with a Waters VanGuard 

column of identical diameter and packing material (Part No. 186003975).  The work of 

Jean-Luc Wolfender at the University of Geneva Laboratory of Pharmacognosy is 

considered to be at the forefront of UPLC-MS based plant metabolomics, and therefore 

served as a template for early experiments.
47

  Detailed studies on flavonoid metabolism in 

Lamiales (which include popular ornamental flowers and dietary herbs such as 

snapdragon, basil and spearmint) utilized exclusively LC-MS.
48

  Many classes of 

secondary metabolites in strawberry flowers were differentiated by organ specialization.
49

  

Information from UV/Visible absorption spectra, MS/MS fragmentation patterns, and 

comparison between calculated octanol-water partition coefficients (log P) and retention 

time were used to establish putative assignments. 

Due to the low abundance of compounds in a plant extract and our desire for a 

more targeted approach, amenable to integration for quantitation and loop trapping by 

LC-NMR for structural elucidation, i.e. fully resolved chromatogram, chromatographic 

conditions were adjusted from the method of Wolfender (1% per min gradient) until less 
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than twenty unique signals were detected by UPLC-MS.  By UPLC a short ramp gave 

way to a long shallow ramp (0.82% change in solvent composition per min).  When this 

method was migrated to HPLC, the short ramp was eliminated, as clarified in Table 5.2.   

 

Table 5.2 Comparison between UPLC and HPLC for gradient elution by aqueous (0.1% formic acid in 

water) and organic mobile phases (B, 0.1% formic acid in acetonitrile). 
 

UPLC Method  Time (min) %B %B Time (min)  HPLC Method 

wolfender_082809d 0  1 5 0    kayla_UPLCmigration 

2 1   

3 6 5 10 

20 20 20 68 

25 98 98 86 

28  98 98 95 

28.1 1 5 96.5 

30  1 5 100 

 

 

 

 

A comparison of chromatograms from these two separations is shown in a 

previous chapter (Figure 1.11), demonstrating how the efficiency of UPLC (over 3.3 

times faster) and the loading capacity of HPLC (greater than 8 times the material per 

peak) are complementary and both are useful for exploration of natural product space.  

An alternative approach to overloading an HPLC column on a single injection is to apply 

post-column SPE trapping by a process called “cumulative loading” wherein multiple 

chromatographic injections can be stored on a single set of SPE cartridges.
50

  Drawbacks 

to this method are it does not work well for hydrophilic molecules because they are not 

trapped efficiently in the SPE step. An additional advantage of LC-SPE-NMR is that 

deuterated solvents can be used for SPE elution and regular (non-deuterated) solvents can 

be used elsewhere (throughout chromatography and UV detection). 



 293

The HPLC separation was performed using Waters Xbridge C18 column (3.5 µm 

diameter packing material) operating at 1.1 mL / min and 25 
o
C (Part No: 186003943).  

The column dimensions (4.6 x 250 mm) all around exceeded the UPLC column by a 

factor of 4 in terms of surface area and 8 in terms of volume.  A Sentry Xbridge guard 

column (length 20 mm) of identical packing material was fitted to the inlet of the 

analytical column (Part No: 186003061).  Constraints on the method were imposed by 

system pressure in the LC-NMR loop storage and transfer lines.  Deuterated mobile 

phases were prepared (Cambridge Isotopes) and utilized throughout the NMR portion of 

these experiments.  To mimic the conditions utilized for UPLC-MS, mobile phase 

solvents containing 0.1% formate-d in ACN-d3 (pump C) and D2O (pump D) were 

introduced to the column according to Table 5.2. 

 

5.2.5 Loop Storage Triggered via UV Absorbance and On-line LC-NMR 

For LC-NMR three modes are possible: on-flow, direct stopped flow, and loop 

storage.  In on-flow mode, NMR spectra are continuously acquired while peaks as the 

peaks elute.  The disadvantage of this mode is that signal averaging can only be applied 

to improve S/N of transients acquired while the component is in the active volume of the 

flow probe.  In direct stopped flow mode, timing is calibrated such that a detector detects 

peaks eluting from the column.  When a peak is detected, the flow continues until the 

peak arrives in the NMR cell.  Then, chromatography is halted allowing NMR 

experiments requiring signal averaging to be performed.  Once the NMR experiments are 

completed, the separation resumes until the next peak is found.  This process can be 
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repeated several times within one chromatogram.  This method suffers from diffusion of 

analyte during chromatographic stop-and-go, which can cause peak broadening in the 

chromatographic dimension. Despite these drawbacks, LC-NMR has been very useful for 

plant metabolite profiling.
13, 14

 

Loop collection and transfer, sometimes referred to as “peak parking,” is an 

established technique in LC-NMR.  Loop storage involves fluidic diversion of up to 20 

µL of detected peaks without interrupting the separation.  Typical peak widths in HPLC 

exceeded 200 µL, so some sample loss occurs under automation. When the separation is 

completed, an HPLC pump (Agilent 1100) is used to transfer material from the loops into 

the NMR probe.  The Bruker peak sampling unit (BPSU-36) stores material from up to 

36 peaks in a single experiment. Collection can be triggered manually or in an automated 

mode by UV absorbance.  Deuterated solvents are used to push material from each loop 

into the NMR flow probe, one at a time.  Nondestructive measurements can be recorded 

(1 and 2D NMR), and peaks can be collected after each loop transfer for further 

interrogation. 

The NMR probe used in these experiments was a 3 mm flow cell Bruker LCSSEI 

(
1
H-

13
C) with Z gradients (H8400/0207).  The probe was tuned, matched and shimmed 

using a 5% tert-butanol solution in D2O.  Timing was calibrated using a 100 mg/mL 

solution of acetaminophen.  
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5.2.6 NMR Acquisition 

NMR spectra were recorded using water suppression through enhanced T1 effects 

(WET), which can accommodate excitation sculpting for the purpose of suppressing 

multiple solvent resonances.
17

   In this procedure a 90
o
 pulse-acquire experiment is 

performed to center the transmitter frequency (O1 = 2819.80 Hz) on the residual water 

resonance around 4.7 ppm.  A frequency list is defined including the resonance of 

acetontrile-d2 (O2 = 1178.85 Hz) around 2 ppm on a spectrometer operating at 599.84 

MHz.  A spectral width of 6613.7 Hz was excited (11 ppm) for adequate coverage of 
1
H 

resonances of plant secondary metabolites. Another simple 90
o
 pulse-acquire experiment 

is performed to write these values to the disk.  A new experiment employing WET 

solvent suppression is opened and O1 is set precisely to match the parameters of the 90
o
 

pulse-acquire experiment.  A sinc function is created using the shape tool and modulated 

to match O1 precisely again, calling in the defined frequency list.  The shaped pulse 

length should be 10,000 µs and must be saved and called in to the acquisition parameters 

of the wet experiment and recalled for the gradient pulses (SPNAM 7…10).  Suppression 

of residual acetonitrile and water resonances can be optimized in real time by adjusting 

the power levels of shaped pulses (sp10 and sp7). 

 

5.2.7 ESI-qTOF Mass Measurements 

Mass spectra were obtained using an ESI source on a quadrupole time-of-flight 

instrument (Waters Corporation, Millford, MA).  A calibration was performed on both 

the quadrupole (q) and the time-of-flight (TOF) independently using sodium formate 
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solution.  Mass resolution between 5000-6000 and mass accuracy between 5-600 ppm 

was obtained throughout the course of plant metabolomic experiments, checked against 

the peptide leucine enkephalin in both positive and negative modes.  Even after careful 

calibration before and between runs, mass accuracy of no less than 200 ppm was typical.  

Mass accuracy of <5 ppm is routine when a lockspray device is employed.  This mode of 

operation was not employed in this dataset to optimize discovery capability.  

Implementation of lockspray reduces effective sampling rate, generating fewer mass 

spectra per chromatographic time unit.  Running a blank every 3 runs was helpful.  

Isotopic envelopes were used to distinguish between plant-derived molecules and system 

peaks / noise.   

Peaks collected after LC-UV-BPSU-36-NMR were dried in a speedvacuum.  

Collected fractions were reconstituted in 50/50 MeOH/H2O for direct infusion 

electrospray ionization (ESI) time-of-flight (TOF) mass spectrometry (MS).  Mass 

spectra were recorded for each collected peak in both positive and negative modes. 

 

5.2.8 MS/MS Fragmentation 

Intact mixtures were concentrated and fractionated by UPLC for tandem mass 

spectrometry (MS/MS).  Experiments were performed using Ar as a collision gas 

accelerated to a range of energies: 10, 15 and 30 eV.  Fragmentations observed were used 

to support structural hypothesis anchored by 1D 
1
H NMR data.  The source temperature 

was maintained at 120 
o
C.  Selected tuning paramaters are listed as follows: capillary 

3000 V, sample cone 25 V, extractor cone 1 V.   
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5.2.9 Dereplication and Databasing 

Major secondary metabolites, such as phenylpropanoids and glucosinolates in 

Arabidopsis, are readily detected in extracts.
51-53

  Identity is established by comparison 

with libraries of reference compounds, or by two-dimensional NMR.  Proton NMR 

chemical shift (δ) information was difficult to obtain directly from LC-BPSU peak 

trapping-NMR due to a lack of chemical shift reference compound in the samples.  

Referencing to solvents and residual formic acid (non-deuterated) gave approximate δ 

(ppm) values.  Unlike metabolomic analyses, a major effort is needed for unequivocal 

identification of metabolites.
54

  Pattern recognition based on an experienced natural 

product spectroscopist’s eye (Szabolcs Beni) was ultimately what provided the structural 

foothold necessary to recognize the flavonoid ring signature in the aromatic region of the 

spectrum.  The hydrophilicity of the molecules and a set of resonances in the sugar region 

of the spectrum together pointed toward glycosylation. 

Restricting database searching by mass was not particularly helpful in establishing 

molecular identities because of the diversity of structural isomers generated by plant 

secondary metabolism.  MS/MS fragmentation patterns were somewhat more informative 

since hexose (-164 Da) and deoxyhexose (or methyl-pentose, -147 Da) losses could be 

clearly observed.  Also sinapic acid daughter ions (223 Da) were observed. 

ACD/Labs software suite including ChemSketch, HNMR Predictor, CNMR 

Predictor, Processor and DB were utilized in the management and cross-referencing of 

data from these experiments.  Molecular structures isolated from Arabidopsis and other 

angiosperms reported in the literature were drawn in ChemSketch. Corresponding 
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references were entered into a database along with descriptors such as class (flavone, 

flavonol, isoflavone, hydroxycinnamic acid, glucosinolate, etc.), common name of the 

molecule (if such exists), localization in planta, and the tissue type in which the 

metabolite was found (if reported).  Not entered into the database were: retention time, 

UV-Visible absorption spectra, chromatograms, mass spectra, tandem mass spectra.  

ACD/Labs software was found to be particularly well suited to NMR-based information.  

Filtering of the database was permitted by keyword, category, or a range of chemical shift 

or mass values which were useful in sorting and filtering information throughout the 

dereplication process. 

 

5.2.10 Simulation and Standards 

ACD/Labs was used to predict 
1
H chemical shift information (δ, ppm), coupling 

constants (J, Hz) and log P for all molecules entered into the database.  Exact masses 

([M-H]
-
, Da) of molecular ions were calculated.  Calculated and predicted values, 

together with support from the literature, were used to make preliminary assignments.  

One compound (kaempferol-3,7-O-dirhamnoside, K37R, common name 

Kaempferitrin) was available as a pure standard.  It was ordered from ChromaDex 

(Irvine, CA).  Agreement was observed between the standard and the endogenous 

metabolite we observed in extracts of Arabidopsis thaliana in terms of ESI-MS spectral 

features, 
1
H NMR predictions and measurements, retention time on our UPLC column 

and ratio between dual channel UV absorbance (254 and 280 nm).  Carbon chemical shift 

information and number of attached protons was obtained through a multiplicity-edited 
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HSQC experiment (me-HSQC), wherein phase of 2D cross peaks indicates 

methyl/methyne (positive phase) or methylene (negative phase) protons. 

Once this assignment had been confirmed against a high-purity standard, the 

assignments of the remaining signals were established in a similar manner, although 

without the benefit of pure standards for confirmation of structure. 

 

5.3 Results 

Enrichment by SPE conferred specificity towards a particular type of molecule.  

Resonances attributed to secondary metabolites rise above the noise as a greater amount 

of biological material is resuspended in a constant small volume (400 µL, accommodated 

into our standard 5 mm NMR probe via Shigemi tube). These one-dimensional spectra 

were acquired on 7-d-old seedling extracts.  It was determined that spectral overlap in 

this sample was prohibitive for facilitating structure elucidation of mixture components.  

Two-dimensional homonuclear experiments (COSY, TOCSY) were performed on this 

sample, as well as diffusion-ordered spectroscopy (DOSY), presented previously in 

Chapter 1 Figures 1.7-1.9. 

Expansions of the 2D NMR spectra reveal the difficulties in making assignments 

for aromatic compounds. The COSY and TOCSY spectra are not useful. Even HSQC 

provides limited information. The best way to make connections from the ring to the rest 

of the molecule is HMBC and that is also complicated in a complex mixture, motivating 

the need to separate the components for identification.  A less complex spectrum is 
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generated by HSQC, wherein assignment can be facilitated by an authentic standard, as 

attempted in Figure 5.2. 

 
Figure 5.2  HSQC (hsqcetgpsi2) spectrum of SPE-enriched ~1.8 g DW Arabidopsis thaliana (Col-0) 

seedling (7 d-old) tissue shown in black/red.  The HSQC of K37R is overlaid in blue with its assigned 

resonances labeled.  The HSQC spectra were acquired with a 1000 µs dephasing gradient to spoil first-

order coherence and a J[H-C] is set to 158 Hz.   

 

 The signals in the HSQC are difficult to divide into individual molecules, 

however HMBC can facilitate the grouping of resonances into connected spin systems.  

Unfortunately, while connectivity within sugar rings can be observed, it is still not 

possible to observe crosspeaks between the methyl protons of the rhamnose sugar 

substituents and any of the protons on the flavonoid skeleton.  The HMBC spectrum 
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(Figure 5.3) is overlaid with the HSQC of the same sample (seedling extract enriched by 

SPE) which is also overlaid with the HSQC of a standard of K37R in methanol-d4. 

 
Figure 5.3 HMBC (hmbcgplpndqf) spectrum shown in black and HSQC spectrum shown in green yield 

complementary information. The HMBC experiment was optimized for visualizing long-range coupling 

while suppressing one-bond correlations.  The HSQC spectrum of K37R standard is overlaid for 

comparison in pink. 

 

 When options for intact mixture analysis were exhausted, a reverse phase 

chromatographic method development was undertaken by UPLC (see Chapter 1, Figure 

1.14).  The method was migrated to HPLC using Waters Xbridge technology, specifically 

designed for UPLC-HPLC method portability.  Following a solvent delay for elution of 

the void, UV absorbance triggered diversion of 120 µL aliquots of eluting peaks into 
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storage loops.  Figure 5.4 presents the entire chromatographic separation monitored by 

absorbance at 254 nm resulting from injection of 2x diluted superextract (20 µL total 

injection volume).  Our goal was for targeted peaks to be loaded on to the column such 

that the maximum UV absorbance for the peaks of interest was around 1000 units, but 

shown here the most abundant peak had a height of only half that, to prevent loss of 

chromatographic resolution by overloading the column.  Each peak is labeled with the 

loop number in which it was stored and the retention time in min. 

On-flow LC-NMR suffered from limitations in dynamic range despite our 

attempts to suppress solvent resonances (Figure 5.5).  Across the x-axis is a one-

dimensional 
1
H NMR spectrum.  Along the y-axis is plotted time, with zero at the bottom 

of the figure and 80 min close to the top.  Between 30 and 50 min, some information 

seems to be present, but the S/N is too poor to support structural conclusions.  Even 

summing transients did not sufficiently improve spectral quality to allow this data to be 

informative. 

In separate experiments, spectra were recorded on collected loop material using a 

minimum of 512 transients.  WET parameters were calibrated for each component on a 
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Figure 5.4 LC chromatogram of superextract wherein UV absorbance at 254 nm triggered automated peak 

trapping of plant natural products.  Numbers of the sampled peaks are assigned here with retention time in 

min listed below each peak number. 
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Figure 5.5  On-flow pseudo-2D spectrum in (lc2wetdc) using WET solvent suppression of HOD and ACN-

d2 resonances via shaped pulses with 
13

C decoupling.  

 

 

 

 

case-by-case basis.  In natural product dereplication studies involving a single taxa, 

genus, phyla, or species, it is often most useful to begin elucidation of the most 

complicated component in the mixture.  Other components likely to be built on similar 

scaffolds sharing common decorations.  The most highly retained molecule in the 

Arabidopsis 7-d-old seedling HLB-enriched extract was stored in loop 13.  Its NMR 

spectrum is shown in Figure 5.6. 
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Figure 5.6 

1
H NMR spectrum (wetdc) using WET solvent suppression and 

13
C decoupling of a natural 

product isolated from 7-d-old seedlings of Arabidopsis thaliana.  Chemical shifts listed above resonances 

have been reported referenced to acetonitrile-d2 in water.  This NMR spectrum corresponds to peak 13 in 

the chromatogram shown in Figure 5.4 which elutes at 54.84 min.  Assignments correspond with 

numbering scheme in Figure 5.1. 

 

 

 

 The most deshielded protons in this molecule can be found on the C ring.  

Resonances contributed by protons on C2’ and C6’ are found at the most downfield 

region near 8 ppm.  The next most deshielded protons, bound to C3’ and C5’, resonate 

closer to 7 ppm and are first-order coupled to C2’ and C6’, respectively.  This results in 

two doublets of equivalent intensity, integrating to two protons each.  The protons on the 

A ring at positions C8 and C6 contribute singlets between 6-7 ppm since they represent 

isolated spin systems.  The proton on C8 is more deshielded than the proton on C6.
38, 55, 56
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An important point of diversification of the flavonol scaffold is at the kaempferol 

(K) C3’position: hydroxylation yields quercetin (Q) while hydroxymethylation yields 

isorhamnetin (I).  Common glycan substituents of flavonols include: glucose, rhamnose, 

galactose and xylose.  These are found both as monosaccharide substituents and  as larger 

oligosaccharides bound at the 3-O or 7-O positions.  Hydroxycinnamic acids substituents 

can occur atthe 3’-O and 4’-O positions of the kaempferol core.  Malonate, isoprene, and 

hydroxycinnamic acids can decorate the hydroxyl groups of attached sugars, adding 

complexity and diversity.  Flavonol 3,7-di-O-glycosides more readily lose a glycan at the 

3 position than the 7 position in positive mode MS,
57

 and vice versa in negative mode, so 

MS/MS is particularly useful when the glycan substituents are of different masses.
58

  

Proton NMR chemical shifts are also structurally informative.
59

 

Combining a structural foothold on a flavonoid scaffold together with UPLC-MS 

data, comparisons were made with what had been reported in the literature according to 

age of tissue, localization of the sample, and specification defined by the taxonomical 

constraints.  These were compared with UPLC-MS-based metabolic profiles of extracts 

of different organs and developmental stages, assisting in logical assignments for 

compounds isolated from peaks 8, 9, 11 and 13 of Figure 5.2.  We propose that the 

identity peak 13 is kaempferol-3,7-O-dirhamnoside, K37R, which has been reported in 

Arabidopsis. Numbering of glycan substituents and nomenclature for fragmentation is 

shown in Figure 5.7.  
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Figure 5.7  Structure of kaempferol-3,7-O-dirhamnoside, K37R, common name Kaempferitrin and exact 

mass of molecular ion predicted by ACD/Labs.  Fragmentation patterns are labeled.  Initial loss of the 

glycone at the C3 position leaving the charge on the singly substituted flavonol glycoside (Y0) is followed 

by a loss of the glycone at the C7 position, leaving the charge on the aglycone (Y1).  Loss of a terminal 

rhamnose is recognizable by mass difference of 147 Da.  Numbering of the glycones is shown, extending 

the numbering scheme to include double and triple prime sites.  The protons on C6’’ and C6’’’ are 

characteristic of rhamnose substituents.  

 

The proposed identification of peak 13 was supported by collision-induced 

dissociation (CID) tandem mass spectrometry, shown in Figure 5.8.  In source 

fragmentation is sufficient to observe loss of the C3 O-linked rhamnose (Y0).  As greater 

collision energy is applied, the molecular ion ([M-H]
-
) is no longer the dominant peak.  

The aglycone (Y1) is observed via loss of the C7 O-linked rhamnose.  Loss of 147 Da is 

observed indicating terminal rhamnose groups. 
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Figure 5.8 MS/MS Fragmentation pattern of UPLC fraction corresponding to peak 13, putatively assigned 

via HPLC-NMR to the identity K37R, under zero (D), ten (C), fifteen (B) and thirty (A) electron-Volts 

(eV) of acceleration voltage.  In source fragmentation is sufficient to observe loss of the C3 O-linked 

rhamnose (Y0).  As greater collision energy is applied, the molecular ion ([M-H]
-
) is no longer the 

dominant peak.  The aglycone (Y1) is observed via loss of the C7 O-linked rhamnose.  Loss of 147 Da is 

observed indicating terminal rhamnose groups. 
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After structural hypotheses were proposed based on literature, preliminary MS, 

MS/MS and 1D 
1
H NMR spectra of a pure standard of kaempferol-3,7-O-dirhamnoside, 

K37R, common name Kaempferitrin were obtained in methanol-d4.  When the standard 

arrived, it was checked to be sure its retention time matched that observed in plant 

extracts and its purity was evaluated chromatographically.  It was injected into the UPLC 

in 50/50 MeOH/H2O and spiked into an extract to eliminate chromatographic or 

spectrometric differences contributed by matrix effects in its retention and 

ionization/fragmentation behavior.   

The NMR sample was prepared in the vial in which it arrived.  The me-HSQC 

experiment was applied to yield chemical shift information in both proton and carbon 

dimensions.  This information was compared with what has been previously reported for 

this molecule (by NMR and MS) and what ACD/Labs predicted for these values based on 

a structural hypothesis.  A comparison of this type is presented in Table 5.3. 
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Table 5.3  Comparison between chemical shifts measured in mixed D2O/ACN-d3 (LC-NMR) from a plant 

extract, chemical shifts measured in pure MeOH from a pure analytical standard.  Multiplicity, m, and 

coupling constant, J, for proton-proton interactions were used for assignment of all resonances observed by 

HSQC, providing carbon chemical shifts.  Predictions by ACD/Labs are also compared with values 

reported in the literature. 

 

 

Atom 

No. 

1
H chemical shift, δ (ppm)  

m 

 

J (H,H) 

(Hz) 

13
C chemical shift, δ (ppm) 

LC-NMR 
Std in 

MeOH 
Predicted Literature 

Std in 

 MeOH 
Predicted Literature 

2’ 6’ 7.85 7.84 7.96 7.80 d 8.8 132.55 131.96 131.96 

3’ 5’ 7.08 7.00 6.86 7.01 d 8.8 117.3 116.59 116.59 

8 6.87 6.8 6.63 6.79 d 2.1 96.33 95.68 95.68 

6 6.62 6.53 6.47 6.52 d 2.1 101.29 100.54 100.54 

1” 5.32 5.42 5.34 5.32 d 1.9 104.03 103.38 103.38 

2” 4.61 4.27 3.86 4.24 dd 1.9/3.5 72.48 71.79 71.79 

3” 3.76 3.76 3.78 3.74 dd 3.5/9.5 72.78 72.02 72.02 

4” 3.34 3.38 3.52 3.33 t 9.5 74.27 73.11 72.11 

5” 3.15 3.36 3.46 3.28 dq 5.9/9.5 73.98 72.09 72.09 

6” 0.87 0.97 1.21 0.89 dd 5.9 18.37 17.85 17.85 

1’’’ 5.68 5.61 5.90 5.60 d 1.9 100.32 99.88 99.88 

2’’’ 4.15 4.07 3.83 4.07 dd 1.9/3.5 72.28 73.33 71.57 

3’’’ 3.96 3.88 3.82 3.88 dd 3.5/9.5 72.68 72.03 72.02 

4’’’ 3.35 3.53 3.67 3.51 t 9.5 74.27 73.78 73.52 

5’’’ 3.69 3.64 3.7 3.61 dq 5.9/9.5 71.85 70.78 71.26 

6’’’ 1.24 1.30 1.31 1.24 dd 5.9 18.83 17.45 18.24 

 

 Progress in dreplication was assisted by a combined approach involving 

measurement, prediction, comparison, and validation (when an authentic standard was 

available).  At the time this work was carried out, only Kaempfeterin was available for 

spiking to establish 100% confidence in assignment of metabolite signal to a precise 

molecule.  Putative assignments based on structural evidence and comparison with 

literature 
2, 25, 34, 47, 49, 53, 56-58, 60-78

 yielded Table 5.4.  Full spectral information for each 

peak is presented in Figure 5.9. 
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 Distinguishing features for kaempferol skeletons included a doublet for H2’ 

whereas quercetin (hydroxylated at C3’) shows a singlet for H2’ around 7.6 ppm.  

Singlets are observed for H6 and H8 for both flavonoids.  The scaffold isorhamnetin (O-

methylated at C3’) was distinguished by its unique mass in combination with the 

appearance of an O-methyl resonance around 4.0 ppm in the NMR spectrum.  Likewise, 

the presence of a sinapate scaffold (a hydroxycinnamic acid with O-methylation at C2 

and C6) was confirmed by the appearance of O-methyl resonances.  Other distinguishing 

features of sinapate are the H7 and H8 doublets between 7.5-8.0 ppm and 6.0-6.7 ppm, 

respectively.  The sinapate resonances  are also more dispersed than the doublets of the 

flavonoids.  Choline is distinguished from malate and glucose substituents on sinapate by 

mass, and also by the appearance of N-methyl resonances around 3.7 ppm.   

 The spectra measured for peaks 4 and 10 did not contain sufficient material for 
1
H 

NMR analysis even though they gave rise to an intense peak in the UV.  The spectra 

measured for peaks 3, 6, and 7 suggested that a mixture of components were overlapped 

in these chromatographic peaks and the complexity of the resulting spectra precluded a 

confident assignment of the individual components.  Although peak 12 consisted of a 

mixture, the integrated intensities of the resonances allowed us to confidently assign two 

structures (Table 5.4).  Full NMR and MS spectra are provided for each peak in 

Appendix B. 
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Figure 5.9 

1
H NMR spectra of metabolites recorded using automated LC-NMR peak selection using 

absorbance at 254 nm. 
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Table 5.4  Putative metabolite identifications according to elution order with corresponding references.  An 

appendix with full spectral and spectrometric data is provided at the end of this dissertation, Appendix B.  

Retention time (tR) is in min for the UPLC separation in Figure 5.2.  Ion mass-to-charge (m/z) ratios are 

rounded to four significant digits to account for the observed 600 ppm difference in mass in the course of a 

set of experiments. Abbreviations: Q = quercetin, R = rhamnose, G = glucose, K = kaempferol, I = 

isorhamnetin, S = sinapoyl, M = malate.   

 

Metab tR (min)  m/z   LC-NMR References  

Q3RG7R 10.5  755.2  Peak 6  77 

K3RG7R 11.5  739.7  Peak 8  77, 79, 80 

Q3G7R 13.0  609.6  Peak 9  61, 62, 79 

K3G7R 15.0  593.3  Peak 11  77 

I3G7R 15.7  623.0  Peak 12  57 

K37R 17.2  577.3  Peak 13  59, 79 

SG  8-9  385.1  Peak 2  57, 76 

SM  15.7  339.1  Peak 12  81 

 

5.4  Discussion 

In Chapters 3 and 4, the metabonomic approach was employed successfully using 

1D 
1
H NMR spectroscopy of intact mixtures.  Limited sample preparation allowed 

relative quantitation of metabolites affected by hypoxia stress in seedling extracts of 

Arabidopsis thaliana.  The advantages of 
1
H NMR are clear; it is nondestructive, 

quantitative, and nonselective.  However sensitivity and mixture complexity were 

limiting factors for interrogation of secondary metabolites generally present in lower 

abundance in plant tissues.   

 

5.4.1  Coverage of Chemical Space by SPE Capture  

Changing SPE sorbent may be an effective way to diversify coverage of the 

secondary metabolome, as shown in Figure 5.10.  Corresponding structures for diverse 
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sorbents are shown in Figure 5.11.  This approach is analgous to the work of Carlson et 

al.
82

 who designed a suite of sorbent materials for capturing regions of chemical space in 

mammalian-based metabolic profiling.  The HLB stationary phase is more desirable 

because it does not have the wetting requirements which accompany C18 phases.  This 

gives the operator more freedom in experimental design for maximum recovery of target 

analytes.  In a follow-up study (data not shown) the secondary metabolite profiles of 

Xiphidium caeruleum root exudates recorded using LC-DAD were indistinguishable 

regardless of whether C18 or HLB was used, when following manufacturers 

recommended guidelines for washing and elution of the C18 phase.  With our study, we 

took a widely-targeted approach, meaning that we hoped to capture an array of secondary 

metabolites while excluding interfering ions and lipds/waxes which tend to cause a loss 

of instrument performance and complicate the analysis and a uniform approach for 

washing and elution were applied to all stationary phases in Figures 5.10 and 5.11.   

Although not firmly established, we believe our current method has the potential 

to detect glucosinolates.
83

  Since not all glucosinolates contain a moiety which absorbs at 

254 nm, many of these molecules although observable in our ESI-MS studies were not 

automatically trapped by the BPSU due to a lack of UV absorbance signal at that 

wavelength.  Therefore of the secondary metabolites synthesized by Arabidopsis, we 

have covered all classes excluding alkaloids, which are more hydrophobic and if present 

in this organism we have biased our methods against their detection by focusing on 

hydrophilic metabolites only. 
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Figure 5.10 Aromatic region of 
1
H NMR spectra recorded on Arabidopsis extracts enriched by solid-phase 

extraction by discovery polyamide (DPA 6S), crosslinked polystyrene (ENV+), hydrophilic-lipophilic 

balanced copolymer (HLB), and monofunctional C18 (MFC18) showing selectivity for different 

components based on differences in structure.  Sorbent structures are presented in Figure 5.11 for 

comparison.  A non-SPE treated sample is presented for comparison (Mock). 

 

 

 

Figure 5.11 Solid-phase extraction (SPE) sorbent polymeric structures.  A portion of each is shown for 

comparison of structural similarities and differences.   
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Figure 5.12 Arabidopsis seedling extract (A) without SPE-enrichment is compared with the 1D 

1
H NMR 

spectral quality obtained when using HLB for secondary metabolite enrichment (B).  Optimization of 

elution conditions: 100% MeOH (C), 80% MeOH (D), 50% MeOH (E), 20% MeOH (F), and 0% MeOH in 

H2O (G) indicated that a strong solvent is necessary to elute the metabolites of interest from the cartridge.  

Regions occupied by resonances of Arabidopsis secondary metabolites kaempferol (K), quercetin (Q), 

isorhamnetin (I), and sinapate (S) are indicated, although chemical shifts will vary slightly depending on 

substitution patterns.  

 

 

5.4.2 Method Portability using Waters BEH C18 Chromatography Columns 

Good agreement was observed between retention behavior of molecules 

introduced into the C18 column for HPLC or UPLC.  The use of deuterated mobile phase 
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solvents did not appreciably affect retention behavior or elution order.  By correlating 

peak height in the UV-detected chromatograms using absorbance measured at 254 nm, it 

was facile to relate peaks from HPLC back to the UPLC-MS separation.  Because LC-

NMR is non-destructive, reclaimed peaks could be introduced to the direct infusion port 

of the ESI-MS for confirmation of mass-to-charge ratios recorded for peaks in a UPLC 

separation, which was useful in these experiments. This also ensured that compound 

degradation did not occur during loop storage in the lengthy LC-NMR analyses.  

 

5.4.3 UV Absorbance 

In this study, UV-Vis was not particularly useful except for triggering peak 

trapping.  Had it been available on the chromatographic systems used for these 

experiments, diode-array detection would have offered an advantage for this study.  

Diode array detection is particularly useful in plant metabolomics for identification of 

groups of chemically/structurally related molecules in a complex mixture.
18

  The 

wavelength 254 nm was selected in this work for its common use in industrial settings, 

considered a “catch all” for phenolics and organic molecules containing conjugated ring 

systems.  For UPLC-MS, a dual channel wavelength detector was available, therefore 

ratios of absorbance could be calculated, but this feature was underutilized for 

dereplication.  
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5.4.4 Suitability of LC-NMR for Exploratory Analysis 

LC-NMR has great potential to facilitate plant metabolomic studies.
12

  In our lab, 

it was an intergral part of the pipeline that allowed us to secure a sturdy foothold with 

which to tackle the literature and catalog searches that ultimately led us to confident 

assignment of one secondary metabolite, and to establish putative assignments for 7 

more.  In this work only one-dimensional proton spectra were acquired on each loop, 

which was time-consuming in itself, due to the small amount of material present even 

from a pooled superextract.  Sensitivity being a clear issue in natural product studies by 

NMR, typically a cryoprobe is used, but this was not available for this work. Two-

dimensional (multiplicity-edited HSQC and HMBC) spectra of loop material would have 

been useful to obtain proton and carbon chemical shift information and long-range 

couplings (via heteronuclear multiple bond correlation, HMBC) that are used to establish 

sugar-scaffold linkages and pin down de novo structural assignments in the absence of 

authentic standards.  An alternative approach is proposed by Wolfender et al. using 

microcoil NMR spectroscopy for this purpose.
68

 

 

5.4.5 Role of Mass Spectrometry in Structural Analysis 

Mass spectrometry for structural analysis in plant secondary metabolism can be 

misleading, given the combinatorial nature of these molecules.  Fragmentation patterns 

can only establish the building blocks that were used to assemble the molecule, not 

necessarily the way in which the parts were connected, which is often the most critical 

aspect for biological activity.  The mass-to-charge ratios of molecular ions in negative 
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mode were used to search against open-source repositories of information such as the 

METLIN database and the Madison Metabolomics Database Consortium.  Literature 

accessed through Web of Science provided known molecules and there seem to be an 

abundance of publications using ESI-MS for flavonoid analysis.
84

 

Tandem mass spectrometry (MS/MS) was useful to confirm structural hypotheses, 

but without a foothold gained by NMR, the information was difficult to interpret 

directly.
84

  Losses of 146 and 163 Da indicated the presence of non-terminal rhamnose 

and glucose, respectively.  Terminal sugars were visualized as mass losses 1 Da heavier.  

Observation of a fragment at 223 Da indicated the presence of sinapic acid.  The mass-to-

charge ratio observed for the aglycone upon application of 30 eV collision energy to the 

parent ion pointed toward identities of flavonoid scaffolds, but precise positioning of 

hydroxyl and methyl substitution patterns were not observed via cross ring collisions, as 

proposed by others.
58

 

 

5.4.6 On-line and Off-line Measurements: Automating Analyses 

Performing a metabolomic exploration on-line is a smart approach since 

secondary metabolite abundances appear to be tightly regulated in planta.  Many of these 

molecules become unstable outside the vacuolar compartments in which they are 

maintained while part of the living system.  Modifications can occur as a result of 

exposure to solvent (acetylation is common, methylation less so, acyl migration has been 

reported for acylation modifications along a sugar substituent in MeOH), UV-visible 

light, oxygen in the atmosphere, etc.  Maintaining the molecules inside the on-line 
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analytical system ensures that what one is measuring is not an artifact but is biologically 

relevant and identical to the molecule as it exists in planta. 

Another advantage to automation is reproducibility.  The SPE protocol described 

here is labor-intensive and time-consuming.  The use of a BioMek robot may have 

improved these parts of the method.  A dispersive SPE would have perhaps been easier to 

automate than SPE cartridges.  The recovery obtained using the SPE in the manner 

described here for K37R standard was 17% + 2%.  The maximum recovery observed for 

K37R standard in a buffer using the HLB system were 88% + 5% using 5 replicates, 

optimized iteratively by varying volume and identity of solvents used for reconstitution, 

dilution, conditioning, washing, and elution.   

 

5.4.7 Data Management for Dereplication 

Managing data from a variety of instrument platforms was a real challenge.  

Software packages to support databasing were either picture- or number-oriented, either 

MS- or NMR-based, either too stripped-down or too cumbersome to accommodate the 

functionality we were seeking to facilitate the dreplication process.  In the end, data 

management and integration was accomplished using Powerpoint, which could display 

pictures, text and tables.  Text searching was an option, although searching by a range of 

values was not possible.  Final assignments were made at our data processing workbench, 

which supports ACD/Labs, Waters Agilent MassLynx, Bruker Topspin, and Microsoft 

Office, with access to the internet/databases/literature and 4 large screens.  Dynamic 

switching and realtime browsing of raw data, references, and simulated data were critical 
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for putative assignments to be established.  Often in the absence of pure standards for 

verification of chemical identity, chemical synthesis provides structural insight.
71

 

 

5.5   Conclusions 

 By combining liquid chromatography with UV detection and mass spectrometry, 

a large amount of preliminary information can be obtained about the structures contained 

in an extract.  Molecular mass, number of methoxyl and hydroxyl groups, number of 

sugars, their sequence and certain elementary information about the substitution pattern 

on specific scaffold molecules can be established with little sample required.
85

  Other 

spectroscopies such as IR or NMR can be added to the pipeline once molecules have 

been targeted for isolation.  Compilation of a spectral library is recommended for data 

management and to facilitate the pattern recognition that often is the crux of natural 

product dereplication and chemical space explorations.   

So-called “top down” systems biological approaches begin by chunking a system 

into complex pieces and further subdividing the pieces into smaller parts.  For 

proteomics, this means an intact protein is studied in the MS.  In “forward” genetics a 

large-scale mutagenesis (on several million seeds) is carried out, or in the case of 

chemical genetics a large library of molecules (200,000 – 600,000 compounds) are 

screened, in the search for genes or gene products that have a particular function.  Map-

based cloning or target identification, respectively, are used to restrict the problem, to 

ultimately arrive at knowledge of the function of one gene.   
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“Bottom up” approaches start with basic elements first, following a seed model 

where complexity is built up upon a foundation of small known elements.  For 

proteomics, this means proteins are digested into peptides, which are characterized and 

reassembled to provide a model of the original protein.  Reverse genetics searches for an 

observable (measurable) phenotype.  Directed mutagenesis or gene silencing is applied to 

a specific gene, and a corresponding phenotype is observed to facilitate determination of 

gene function.  Thus, starting from one or a few known smaller elements, larger systems 

can be understood. 

Analogously to genomics or proteomics, metabolomics can be approached either 

forward/reverse or top-down/bottom-up.  If nothing is known about the system a priori 

and comparative metabonomics is applied, the forward/”top down” approach is emulated, 

as was the case for Chapters 3.  If targeted metabolite profiling examines in detail one 

pathway or related family of metabolites, this is more analogous to the reverse/”bottom 

up” approach, which was more like Chapter 4 (by NMR) and will be the thrust of Chapter 

6 (by LC-MS).  Working entirely in MS would not have been possible without support by 

these structural assignments made using hyphenated LC-NMR and LC-MS/MS.  In this 

chapter, broad coverage of secondary metabolic biosynthetic pathways in Arabidopsis 

was mapped.   

This work was extended to more fully elucidate the nature of low oxygen stress in 

a model plant Arabidopsis thaliana, a workhorse for the new frontiers in systems biology.  

Quantitative interrogation of secondary metabolic pathways became the focus.  This 

material is the basis for Chapter 6. 
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Chapter Six 

LC-MS study of hypoxic Arabidopsis 

Sean Cutler and Andrew Defries facilitated delivery of selected chemicals from 

CePCeB’s Microsource Spectrum library.  These compounds were used for initial 

dereplication and attempts at method standardization.  AD was particularly helpful in 

discussions regarding optimization of chromatographic conditions.  Christopher Jones 

assisted with UPLC-MS method development and operation of the instrument for the data 

presented in this chapter.  Greg Barding applied multivariable data analysis to search for 

correlations within the dataset.  Julia Bailey-Serres and Cynthia Larive provided insight 

and direction throughout in the iterative process that led to these experiments. 

 

 

6.1 Introduction 

In Chapter 5, HPLC-NMR was employed in parallel with UPLC-MS to establish 

the molecular identities of several classes of secondary metabolites isolated by HLB-SPE 

from tissue extracts of the model plant Arabidopsis thaliana.  Eight molecules were 

assigned to peaks in UPLC-MS chromatograms, six flavonol glycosides, and two 

phenylpropanoids.  This chapter builds on these structural assignments and extends the 

work to quantitatively monitor secondary metabolites in Arabidopsis extracts using 

UPLC-MS.  Exploratory analysis of secondary metabolite profiles using multivariate data 

analysis (MVDA) was applied to reveal changes in metabolite abundance that are not 

apparent in raw data. 

Metabolite measurements by 
1
H NMR of whole seedling or specific organ 

extracts (highlighted in Chapters 3 and 4) were not applicable to secondary metabolism 

due to limitations in sensitivity and resolution.  We sought to determine how hypoxia 

stress affects secondary metabolite pathways using SPE enrichment of several classes of 

secondary metabolites followed by UPLC-MS.  By enrichment of the extract on a solid 
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phase cartridge, sensitivity can be improved.  Through chromatographic separation, 

resolution challenges were addressed.  This work represents the first study to focus on 

secondary metabolic adaptations of molecules in the functional classes phenylpropanoids, 

flavonoid glycosides, and glucosinolates under hypoxia stress in a plant. 

Secondary metabolism (as articulated in Chapter 5) comprises all biosynthetic 

pathways in planta that lead to the formation of molecules inessential for the growth and 

development of the plant.
1
  These secondary metabolites are not without function; 

chemical ecology is the study of secondary metabolites that mediate communication, 

perhaps to manipulate partners, competitors, and ecosystems.
2, 3

  In response to biotic 

interactions, such as herbivory, molecules are synthesized to promote symbiotic 

relationships or deter harmful organisms from interacting with the plant.
4, 5

  Abiotic 

(e.g.,UV) stress can alter pigmentation, or conversely a mutation can cause sensitivity to 

UV light,
6
 due to re-coordination of biosynthetic pathways leading to colored secondary 

metabolites for purposes of “sunscreen”, most likely by protecting against reactive 

oxygen species that damage DNA and membranes. 

Primary and secondary metabolic pathways are interrelated.  Figure 6.1 shows 

phosphoenolpyruvate (PEP), a key coupling intermediate (Chapter 1) for glycolysis, 

which can be converted to shikimate rather than pyruvate by a different series of 

enzymatic reactions.  The common precursor to aromatic amino acids and many 

secondary metabolites is chorismate, which itself is a precursor to vitamins B9, K1, and 

the signaling molecule salicylate.  The aromatic amino acids Tyr and Phe can be 

biosynthesized through a common intermediate, prephrenate (not shown), in three steps, 
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or directly via two distinct intermediates, which are acted upon by aromatic amino acid 

transaminase (AAAT).  Both of these amino acids provide a source of phenylpropanoids, 

the class of secondary metabolites, which became the focus of this work.   

 

 

Figure 6.1  Metabolic pathways in higher plants leading from primary to secondary metabolism.  Key 

intermediates phosphoenolpyruvate (PEP), shikimate, and chorismate are precursors to the aromatic amino 

acids Tyr, Phe and Trp.  Aromatic amino acids are further diversified into secondary metabolites of the 

structural and/or functional classifications summarized in boxes around each intermediate.  Phe gives rise 

to the flavonoids naringenin (N), kaempferol (K), and quercetin (Q), as well as sinapoyl-glucose (SG) and 

sinapoyl malate (SM).  Flavonoids are commonly decorated with glucose (G) and rhamnose (R) sugars.   

 

 

 

The roles of secondary compounds are summarized in Figure 6.1, in no particular 

order.  Tocochromanols, such as vitamin E, function as antioxidants.  Phenylpropanoids 

in Arabidopsis have been attributed to have a UV protecting function
7, 8

  as well as 

having been found in root exudates,
4, 9

 suggesting a role in plant-environment 

communication.  Response of plants including changes in the levels of phenylpropanoids 
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to oomycete and pathogen attack has also been reported.
10

 Flavonoids produced in roots 

provide protection against fungi and nematodes and can exhibit allelopathic effects.  

Ferulic and coumaric acids in soil may affect root water absorption.
11

   

Historically, the development of chromatography was facilitated by plant 

pigments.  Genetic screens seek observable phenotypes, and a change in color is easy to 

spot by eye.  For these reasons, flavonoid biosynthetic pathways have been elucidated 

using a series of transparent testa (tt) mutants, which lacked pigmentation in the testa 

(seed coat) of Arabidopsis.
12, 13

  Thin-layer chromatography (TLC) has been the 

workhorse for natural product studies, fluorescence of flavonoids is enhanced by 

diphenylboronic acid (DPBA), which can be used for in vivo staining to obtain 

information about flavonoid localization as well as quantitation of flavonoids in plant 

extracts resolved by TLC or HPLC.  

 Until this work, scant evidence of metabolite level changes in secondary pathways 

in response to oxygen deprivation was reported in the literature.  A nontargeted 

UPLC/ESI-QTOF-MS method facilitated detection of >1,000 of mass signals in roots and 

leaves with S/N > 5.  Nontargeted detection of alterations in metabolic profiles between 

wild-type and mutant plants combined with multivariate analysis facilitated 

phenylpropanoid and flavonoid pathway analysis, unraveling metabolic connections.
14

  

For these reasons, we included secondary metabolite profiling in this study, believing that 

observed changes in transcript abundance may be reflected in metabolite levels. 

In preliminary work to support the quantitation of secondary metabolites, a small 

library of secondary metabolites was surveyed (Spectrum collection, MicroSource 
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Discovery Systems, Gaylordsville, CT), to provide retention times for evaluation for their 

use as a surrogate and internal standard.  These standards were arrayed in a 386 well plate 

in the amount of 2 µL in DMSO.  The molarity range was 10-6.5 mM.  These compounds 

were diluted in 200 µL mobile phase and transferred to LC-MS vials.  Under the same 

chromatographic conditions, Table 6.1 reports retention times and predicted partition 

coefficients (log P) for molecules explored in preparation and throughout this study. 

The molecules listed in Table 6.1 are representative of secondary metabolites 

found in Angiosperms.  This small database was populated by text-based searching of 

chemical literature by ISI Web of Science.  Search terms included “SPE” and “plant 

secondary metabolism.” Structural similarity of secondary metabolite scaffolds against 

the Center for Plant Cell Biology (CePCeB) at UCR’s collection of screening libraries 

was performed in ChemMine.
15

  Compounds for which a sample was available through 

the CePCeB core facility, with a similarity to plant secondary metabolites, were all found 

in the Microsource Spectrum library.  Other compounds for which vendors could be 

located through similarity searching in SciFinder scholar were ordered (kaempferol-3-R-

7-R and quercetin-3-R from Chromadex, Irvine, CA and naringenin-7-G from Idofine, 

Hillsborough, NJ).  Aglycones hesperetin and naringenin were available from Sigma-

Aldrich (St. Louis, MO).  Chemical abstracts service (CAS) issues unique numerical 

identifiers to every chemical described in the open scientific literature.  The numerical 

designation of chemical substances is convenient for database searches and transcends 

language, nomenclature, conventions, and governments, facilitating international 

accessibility to chemical information.   
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Table 6.1 Secondary metabolites evaluated.  N. A. for a CAS number means that no such designation has 

been assigned to this molecule.  In cases where solubility was a problem, e.g., quercetin aglycone, no 

retention time and observed mass-to-charge ratio (m/z) information is recorded although a standard has 

been purchased.  R = rhamnose, G = glucose. 
 

Secondary 

metabolite 

Obs. tR  

(min) 

Predicted 

log P 

Molecular  

formula 

Observed 

m/z 

Mol. wt. 

(g / mol) 

CAS 

no. 

gallic acid 2.3 0.91 + 0.33 C7H6O5 169 170.12 149-91-7 

glucoibervirin 4.4 1.31 + 0.77 C11H21NO9S3 421.7 407.48 26888-03-9 

gentisic acid 5.6 1.56 + 0.26 C7H6O4 153 154.12 490-79-9  

glucobrassicin 5.7 1.35 + 1.37 C16H19N2O9S2
- 448.8 447.46 4356-52-9 

epigallocatechin 6.1 -0.10 + 0.38 C15H14O7 305 306.27 1617-55-6 

cianidanol 6.6 0.49 + 0.38 C15H14O6 289 290.26 7295-85-4 

caffeic acid 7.2 1.42 + 0.36 C9H8O4 179 180.16 331-39-5  

glucohirsutin 7.7 1.27 + 0.77 C16H31NO10S3 494 493.62 21973-60-4 

epicatechin 9.1 0.49 + 0.38 C15H14O6 289 290.26 7295-85-4 

sinapoyl glucose 9.4 0.45 + 0.54 C17H22O10 386.6 386.35 29881-39-8 

quercetin-3-R-G-7-R 10.4 0.69 + 1.50 C33H40O20 755.2 756.66 162062-89-7 

kampferol-3-R-G-7-R 11.6 0.89 + 1.47 C33H40O15 742 740.65 162062-89-7 

ferulic acid 11.9 1.64 + 0.36 C10H10O4 193 194.18 537-98-4 

quercetin-3-G-7-R 13.1 1.03 + 1.48 C27H30O16 611.5 610.51 18016-58-5 

ellagic acid 14.2 0.52 + 1.48 C14H6O8 301 302.2 476-66-4  

3-hydroxycoumarin 15.2 1.60 + 0.75 C9H6O3 161 162.14 939-19-5 

kampferol-3-R-7-G 15.3 0.20 + 1.43 C27H30O15 595.4 594.52 N. A. 

isorhamnetin-3-G-7-R 15.7 1.00 + 1.45 C28H32O16 625.6 624.54 N. A. 

kaempferol-3-R-7-R 17.2 1.66 + 1.45 C27H30O14 579.4 578.52 482-38-2 

? 17.4 -  - 496 - - 

fisetin 17.9 2.52 + 0.62 C15H10O6 287 286.23 528-48-3  

quercetin-3-R 18 2.17 + 1.46 C21H19O11 448.4 447.3 522-12-3 

naringenin-7-G 18.5 0.82 + 0.83 C21H22O10 433 434.4 529-55-5 

? 18.8 -  - 463.9 - - 

daidzein 21.5 2.78 + 1.33 C15H10O4 257 254.23 486-66-8  

hieracin 21.7 1.86 + 0.68 C15H10O7 301 302.23 1621-84-7 

neoglucobrassicin 22 1.07 + 1.38 C17H22N2O10S2 478 478.5 5187-84-8 

4-methoxyglucobrassicin 22 1.07 + 1.38 C17H22N2O10S2 478 478.5 83327-21-3 

genistein 22.2 2.96 + 1.40 C15H10O5 269 270.24 446-72-0  

apigenin 22.3 2.10 + 0.56 C15H10O5 332 270.24 520-36-5  

naringenin   22.3 3.19 + 0.38 C15H12O5  271 272.26 480-41-1 

67604-48-2 

mucronulatol 22.7 2.27 + 0.38 C17H18O5 303  N. A. 

rhamnetin 22.9 2.58 + 0.62 C16H12O7 315 316.26 90-19-7 

? 23.2 -  - 306.3 - - 

hesperetin  23.3 2.90 + 0.39 C16H14O6 285 302.27 520-33-2  

41001-90-5 

quercetin - 2.07 + 0.72 C 15H10O7 - 302.24 117-39-5 

glucoiberin - -0.81 + 0.77 C11H21NO11S3 - 439.48 554-88-1 

melatonin - 0.96 + 0.44 C13H16N2O2  - 232.28 73-31-4 
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6.2 Experimental Approach 

6.2.1 Preparation of Plant Material  

Approximately 100 seeds of Arabidopsis thaliana ecotype Columbia-0 were sown 

on sterile Murashige and Skoog basal salt mixture (MS medium) containing 1.0% w/v 

sucrose and 0.4% agar (Phytagel, Sigma).  Seeds were arranged on plates in a single 

horizontal line 2/3 up from the bottom of the plate.  Prior to sowing, seeds were sterilized 

as described in Chapter 2, section 2.2.2.2.  After sowing the seeds, plates were stored 

horizontally in a positive flow hood for 1 h before excess water was removed by sterile 

Pasteur pipet.  Plates were transferred to the growth chamber, and positioned vertically in 

wooden holders for 7 days.  A single Scotch tape hinge was placed on the top of each 

plate to secure the lid and facilitate handling. 

Seedlings were prepared in the controlled facility maintained in the Genomics 

Building, University of California, Riverside, Bailey-Serres laboratory.  A single 

genotype was grown on all plates, which were randomized according to proximity to 

lights.  Light period: 16 h day at ~80 µmol photons m
-2

 s
-1

/ 8 h darkness at 23
 
°C  

(Percival Scientific, model CU36L5C8).  No water or additional nutrition was supplied to 

the aseptic closed plates for the duration of 7 day germination and growth phase.   

On the 7
th

 day after plant establishment, plates were transferred to the stress room.  

Plates were placed vertically into Lucite chambers, 16-21 plates per chamber vertically, 

into which 99.998 % (v/v) argon gas was pumped and ambient air was allowed to exit 

under positive pressure.  Dim light was provided to simulate light levels during 

submergence under murky water (5 to 7 µmol photons m
-2 

s
-1

) at room temperature (23 to 
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25
 
°C).   Supplemental light provided by Verilux HappyLite MiniPlus Sunshine 

Supplement System (26 Watt Spiral Fluorescent Light Bulb, P/N CFS26GU24VLX) and 

Good Earth Portable Luminaire (05/06 E180723) was filtered to the appropriate dimness 

using a ChemWipe.  Measurement of light levels was carried out by Licor Quantum 

Sensor (S/N Q24051) and Light Meter (S/N LM2-1144).  Timing of day, night, and 

application of low oxygen stress were consistent with Chapters 3-5. 

Controls were placed in identical chambers open to laboratory air.  Oxygen 

deprivation was applied similarly to the work presented in Chapter 3.  Briefly, 9 h of 

argon treatment, equivalent to 1.5 h gradual stress followed by 7.5 h anoxia, was applied 

to seedlings placed vertically in stress chambers.  The argon was bubbled through water 

to minimize dessication stress.  Three groups were treated simultaneously in each 

bioreplicate: 9 h stress (H), 9 h control (C), and 9 h stress followed by 1 h recovery (R).  

Seedlings were stressed at growth stage 1.0, which corresponds to an average of 6 days 

from the date of sowing, where cotyledons, or the first light-harvesting organs to emerge 

from the seed, are fully opened.
16

 This experiment was designed to be similar to that used 

for NMR metabonomic and translatome analysis in Chapter 3 and therefore the results 

should be comparable. 

Immersion in liquid nitrogen (LN2) within 5 min of release from stress treatment 

was the metabolism quenching method.  Petri plates were opened and the whole frozen 

seedlings were transferred via sterile tweezers to a mortar and pestle containing liquid 

nitrogen (LN2).  Plant material was homogenized until it reached the consistency of a fine 

powder.  Suspended in LN2, powdered plant material was transferred from the mortar to 
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three individual 50 mL Falcon tubes, which were transported to Chemical Sciences in a 

Dewar immersed in LN2.  A slurry of dry ice and acetone (-78 
o
C) was prepared to boil 

off excess LN2 (-196
o
C) prior to lyophilization.  After all moisture was removed from the 

plant material, it was stored at -20
o
C for ~1 year prior to analysis. 

 

6.2.2 Tissue Extraction 

Tissue dry weight was obtained prior to the addition of an extraction buffer (EB) 

containing a surrogate (naringenin-7-O-glucoside, N7G, 20 µM, Idofine, Hillsborough, 

NJ).  EB was prepared by mixing acetic acid with Burdick and Jackson (B & J) ultrapure 

water (Optima grade, Fisher Scientific), adjusting to pH 7.0 using ammonium hydroxide, 

resulting in a 100 µM buffer.  To this, acetonitrile (Optima grade) was added in a 1:1 

volume ratio.  Surrogate (N7G) suspended in 100% MeOH was added to give 20 µM.  

This buffer was mixed by vortexing and many inversions.  Approximately 20 mg of 

tissue constituted each sample where possible (some pools of tissue were limited to 5 mg) 

to which 900 µL EB was added.  Manual homogenization with a micropestle for 4 min 

was used for metabolite extraction.  After centrifugation for 10 min at 13,200 x g, 

supernatants were transferred to a new tube for concentration to dryness under 

speedvacuum (Savant) for approximately 3 h.   

 

6.2.3 SPE Enrichment 

Solid-phase extraction with Waters Oasis HLB cartridges was employed for the 

enrichment of target analytes and elimination of interfering compounds.  Each extract 
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was reconstituted into 200 µL of 50/50 MeOH/H2O, vortexed 60 s, sonciated 10 min, and 

vortexed 60 s more then centrifuged for 4 min at 5,000 x g to remove insoluble material.  

This supernatant was diluted to a volume of 5 mL using B & J water in a volumetric 

flask.  SPE cartridges were conditioned with 2 separate treatments (40 s each) of 3 mL 

MeOH, which was evacuated for 10 min by vacuum (20 kPa) prior to equilibration.  This 

was found to be an important step in maximizing recovery of target metabolites.  

Cartridges were equilibrated using 3-5 treatments of 3 mL B & J water.  During this time, 

flow rates were equalized among all cartridges attached to the SPE vacuum manifold.   

Each reconstituted extract was loaded onto an individual cartridge by 1000 µL 

Eppendorf pipet, being careful to avoid cross contamination via pipet tips.  Flow rates of 

approximately 0.2 mL / min were used to maximize sample loading driven by gravity.  

Occasionally an air bubble would decrease the flow rate of a cartridge, in these cases 

positive pressure driven by a pipet bulb was applied.  Water was used to wash loosely 

bound and noninteracting compounds from the cartridge, 2 mL was added and removed 

under gentle pressure.  Cartridges were dried under 20 kPa vacuum for 10 min.  

Metabolite elution was achieved in 1 mL of acetonitrile (ACN).  This strong solvent was 

found to be necessary for adequate recovery of metabolites (~20% recovery under MeOH 

elution, ~88% recovery under ACN elution, 1 mL each, data not shown).  A Teflon 

needle guided eluent into microcentrifuge tubes directly below each cartridge enclosed in 

an adjustable collection rack system, inside the manifold.  Strong solvent (ACN) had to 

be removed prior to analysis by LC-MS, therefore eluates were dried for 3 h by 

speedvacuum.  Samples were stored overnight at -20
o
C. 
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6.2.4 Chromatography 

A 10% MeOH reconstitution buffer (RB) prepared in B & J water containing 0.5 

µM quercetin-3-O-rhamnoside (Q3R, Chromadex, Irvine, CA) was used for internal 

standardization.  Each extract was reconstituted in 100 µL of RB, vortexed for 60 s, 

sonicated for 10 min, and vortexed for 60 s again.  Centrifugation for 4 min at 13,200 x g 

ensured that no particulates were introduced to the chromatographic instrument.  

Supernatants were transferred to conical-bottom MS vials with plastic screw cap lids and 

recycled septa. 

Although it is common practice to reconstitute samples for LC-MS analysis in the 

mobile phase used for separation, preliminary studies revealed sample instabilities when 

0.1% formic acid was present in RB over the duration samples remained in the 

autosampler (0 - 48 h).  Therefore we used an RB which contained no buffering agent, 

particularly no acid.  All procedures were carried out at room temperature (23-25
o
C).  

Blanks (B) were run at the beginning and end of each batch.  Standards (STD) 

were also run at the beginning and end of each batch, consisting of the surrogate (N7G) 

and the internal standard (Q3R) added at 50 µM in 50/50 MeOH/H2O. A quality control 

(QC) was prepared for each bioreplicate by pooling 25 µL aliquots from each treatment 

(75 µL total volume of QC).
17

  

Run order is shown in Figure 6.2.  The plant tissues resulting from the first 

bioreplicate assayed, consisting of three treatments (C = 9 NS, S= 9 HS, R = 9 + 1R), 

which were sampled once (1 analytical replicate) per tissue pool.  Refined extracts 
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reconstituted in RB were sampled 3 times (machine replicates 1, 2, 3).  A batch is 

considered what can be accomplished either during one workday or one overnight run.  

Batch supervision is on the front end (calibration, resolution check) and back end, to 

ensure that each batch was analyzed successfully and no degradation of instrument 

performance occurred during the batch.  Figure 6.3 shows the scheme for sampling of 

technical replicates and corresponding filenames of UPLC-MS chromatograms.  

 

 

Figure 6.2 Run order for a batch.  The first injection of any day is a blank (B) to prepare the 

chromatographic system and ensure that the column is clean.  Then a sample containing the surrogate and 

internal standard (STD) is injected.  This is to record a baseline response for mass and retention times in the 

absence of a matrix.  Then a pooled sample representing all three biological treatments (QC) is injected to 

record mass and retention times for surrogate, standard, and endogenous metabolites in the matrix.  Each 

treatment (C, S, R) is sampled three times.  QC is run again to determine mass and retention time drifts.  

The STD is run again as well as a blank and the column is washed if no more batches are to be run 

immediately.  For this method, 30 min per injection is the runtime, so one batch can be easily 

accommodated into a standard workday. 
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Figure 6.3 Run order and filenames corresponding to LC-MS metabolic profiling experiment carried out 

on 7-d-old seedlings of Arabidopsis thaliana.  Each biological replicate involved 3 treatments.  Quality 

controls for each batch were prepared by pooling an aliquot representing each treatment to account for all 

metabolites.  The final bioreplicate was diluted 6-fold, as indicated in filenames for machine replicate A. 
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Samples were injected within 9 h of reconstitution using a sequence template 

shown in Figure 6.4.  A Waters Acquity UPLC was used for these experiments, 

controlled using MassLynx software. The chromatographic separation was carried out in 

a UPLC BEH C18 column (2.1 µm i.d., 1.7 µm diameter particles, 150 mm length, fitted 

with a VanGuard guard column of identical diameter and packing material. The flow rate 

used was 0.4 mL / min and the column was maintained at 40
o
C.  Gradient elution in 0.1% 

formic acid was carried out according to Table 6.2.  Briefly, an isocratic 5% ACN stage 

was maintained for 2 min, most of which was sent to waste using a solvent delay to 

prevent early eluting hydrophilic ions from entering and contaminating the mass 

spectrometer.  A gradient between 2 and 20 min increased the organic content to 20%, 

wherein the separation of glycosylated secondary metabolites was achieved by a 

relatively shallow ramp of approximately 0.83% B. After 20 min, the eluent was sent to 

waste using a solvent delay and the column was cleaned using 98% ACN for 3 min. 

 

Table 6.2 Separation parameters for non-targeted profiling of Arabidopsis secondary metabolites.  A UPLC 

BEH C18 column (2.1 µm i.d., 1.7 µm particles, 150 mm length) under gradient elution, flowing at 0.4 mL 

/ min at 40
o
C.  To promote ionization, 0.1% formic acid was added to the aqueous (H2O) and organic 

(ACN) mobile phases. 
Time  

(min) 

% B 

(ACN) 

Action / post-column activity 

0 5 Eluent to waste (SD1), Isocratic 

2 5 Eluent to ESI-MS 

Begin Gradient (G1) 

20 20 End G1, Eluent to waste (SD2) 

Gradient (G2) 25 98 

28 98 Column cleaned 

Column reequilibration 28.1 5 

30 5 Ready for next injection 
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6.2.5 UV Absorbance 

Dual channel measurements of UV absorbance were collected throughout all 

chromatography at 254 nm and 365 nm.  These wavelengths were chosen to correspond 

to the flavonoid A ring and flavonoid C rings, respectively.  Detection at 280 nm is most 

generally used for simultaneous separation of mixtures of phenolic acids although for 

dual monitoring, (254 and 280) or (280 and 320) can be ideal wavelengths.
18

  

  

6.2.6 MS (TOF) Mass Measurements 

A Waters QTOF Micromass Mass Spectrometer operated by Chris Jones was 

used to acquire these data.  Electrospray ionization and ion guiding was operated in 

negative mode.  The capillary was maintained at 3 kV bias.  The source was maintained 

at 120 
o
C.  A desolvation gas (N2) was used flowing at 650 L / h and 250 

o
C 

cooperatively with a cone gas flowing at 10 L / h.  The sample cone maintained at 1 V 

guided droplets and ions toward the extraction cone, which was also maintained at 1 V. 

After a solvent delay (0-1.5 min) the mass range of 75-1500 m/z was interrogated 

using a scan time of 0.5 sec.  Resolution between 5000-6000 and mass accuracy between 

5-600 ppm (0.004-0.428 Da) across the dataset was observed.  Another solvent delay was 

utilized during column washing (20-30 min) and re-equilibration.  

Metabolite identifications were made using retention time window, mass spectral 

similarity, and coordinated information from literature and Table 6.1. 
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6.2.7 Data Pre-processing 

To ensure unbiased analysis, peaks (unique m/z) were automatically detected in 

the UPLC-MS TIC using MassLynx software using a peak-to-peak baseline noise 

threshold above 1000 counts.  The observed mass of our surrogate was 433.2329 Da, 

while the exact mass calculated by ACD/Labs for [M-H
-
] was 433.1140 Da, leaving a 

274.7 ppm systematic bias throughout this dataset. 

 

6.2.8 MarkerLynx Multivariate Data Analysis 

MarkerLynx was used for spectral deconvolution and peak integration with the 

following parameters: a chromatographic window of 2-20 min, spectral window of 200-

1000 m/z, 0.20 Da mass accuracy, peak width at 5% height of 9 sec, peak-to-peak 

baseline noise of 1, marker intensity threshold of 30 counts, mass window of 0.5 Da for 

peak alignment, noise elimination level of 3.0. Isotopes were treated individually. 

Unique retention time and m/z pairs were identified automatically and each 

considered as an independent variable.  Signal intensity of each retention time and m/z 

pair were automatically calculated and exported in a table.  For some metabolites, the 

signal was not above a signal-to-noise (S/N) cutoff threshold.  These appear as zero in the 

exported data.  To avoid bias in the univariate statistics, these cells were changed from 

zero (would have been included in calculations) to empty (excluded from calculations).  

Comparative metabolomics in LC-MS-based metabolomics involves calculating 

normalized averages representative of treatment and control, then a ratio of these yields a 

fold change for each retention time and m/z pair.  Both biological (N = 4) and technical 
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(N = 3) replicates were recorded across three treatments (S, C, R) as defined in Figure 

6.2.  Significant differences in normalized metabolite signal intensity between S and C 

were identified by calculating a p-value using a Student’s t test. 

Retention time and m/z pair signal intensities (variables) were normalized to the 

signal intensity of the surrogate (N7G) in the column representing each chromatogram.  

Variables with a p-value less than 0.05 were transported to Minitab for multivariable data 

analysis (MVDA).  Principal component analysis (PCA) validated the p-value cutoff to 

consider significant for consideration as biomarkers of low oxygen stress.  Including 

variables with p-value up to 0.10 was performed for cross-validation (data not shown). 

When a metabolite was not observed above a S/N cutoff, it was considered not present.   

 

6.3 Results 

 A key contribution of this work was that it established a pipeline for exploration 

of chemical space in plant secondary metabolomes.  Without analytical strategies for 

metabolite identification and quantification, as well as data management strategies for 

extracting knowledge out of huge amounts of data, we cannot make progress with 

discoveries in this area.  Our goal was to explore the spectrum of secondary metabolites 

of 7 d seedlings of Arabidopsis thaliana grown under control growth conditions (C), 

deprived of oxygen for 9 h (H) or reoxygenated for 1 h following 9 h of low oxygen 

stress (R) by use of LC-MS metabolic profiling.  The HPLC-NMR and other structural 

clues (Chapter 5) led to the identification of several secondary metabolites, but in this 
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chapter, UPLC-MS data is treated in an unsupervised way to identify signals contributed 

by unknown molecules or adducts.   

Constraining the data-fitting routines provided by MarkerLynx to a S/N cutoff 

reduced the dimensionality of the dataset to 3800 retention time and m/z pairs (variables).  

Univariate comparisons between hypoxic stressed (H) and control treated (C) samples 

were performed for each of the 3800 ions observed above the S/N cutoff.  Our calculation 

of p-value assumed that the distributions of each population was two-tailed with unequal 

distributions.   

Table 6.3 provides the most significantly different retention time and m/z pairs 

(variables).  Some of these variables showed a fold change greater than 1.0, indicating 

these molecules accumulated in response to low oxygen stress.  However, for the 

majority of the significantly altered variables in the extracts, we saw fold changes less 

than 1.0, indicating depletion of the metabolite in response to the stress.  To determine 

the compounds with these masses, the METLIN database was searched resulting in one 

or more distinct structural possibilities for each of the observed chemical signals.
19

  

Proposed empirical and structural information is provided in Table 6.3. 

For visualization of the normalized signal intensity and standard deviation for 

each of the proposed flavonoids in Table 6.3, a plot was generated (Figure 6.4).  The 

trend appears to be that these molecules are less abundant after 9 h of low oxygen and a 

slight recovery for some compounds is observed after 1 h of reoxygenation.  
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Figure 6.4  Average relative metabolite abundance in extracts representing Arabidopsis seedlings (N=9) 

for control (C), hypoxia (H), and recovery (R) treatments.  Error bars indicate standard deviations.   

 

 

 

To continue exploring these molecular signals and changes in their accumulation 

in response to hypoxia stress, we constructed a PCA model including a small data matrix 

comprised of only the variables, which had a cutoff of p-value less than 0.05.  The scores 

plot is shown in Figure 6.5.  Here each LC-MS chromatogram is represented by a single 

point.  Hypoxia-treated (�) seedling extracts are clearly distinguishable from controls 

(�).  The separation according to biological treatment appears mostly along principal 

component (PC) 1 with biological or analytical variance contributing to the second 

component.  The corresponding loadings plot shows the m/z values responsible for the 

trends.  Comparison with Table 6.3 aids identification of coeluting ions, which may be 

part of the same molecule. 
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Table 6.3 Biomarkers of hypoxia stress identified by UPLC-MS combined with MVDA.  Retention time 

(tR) and mass-to-charge ratio (m/z) are shown together with the fold change in abundance of the biomarker 

when the normalized signal intensity in the stress treatment is divided by the normalized signal intensity in 

the control treated tissue.  Significance is quantified by p-value.  All ions reported exhibited a statistically 

significant change above/below the control, with >95% confidence from a dataset consisting of 4 

bioreplicates x 3 machine replicates for each treatment.  For fold changes designated with NA, the fold 

change cannot be calculated because the function becomes undefined if the amount of the metabolite in 

control tissue is below the method detection limits. 

 
tR 

(min) 

m/z Fold 

change 

9HS/9NS 

p-value for 

9HS/9NS  

Proposed molecular features 

based on 

METLIN m/z search 

Proposed  

molecular 

formulae 

Present calls 

out  

of 36  

7.1 460.2 1.97** 0.0012   26 

13.4 777.3     14 

13.4 721.4     17 

13.4 578.3     18 

13.4 358.2 6.65** 0.00056   25 

13.4 307.1 1.78** 0.00010   18 

5.0 553.1 0.40* 0.015   36 

5.3 917.2 0.44 0.058 flavonoid, three sugars 

flavonoid, phenylpropanoid 

C39H50O25 

C42H46O23 

36 

5.4 388.1 0.48* 0.049   36 

6.2 683.4 0.53* 0.033  C30H36O18 35 

8.1 637.4 0.24 0.075 flavonoid, two sugars 

flavonoid, one sugar and a 

phenylpropanoid 

C29H34O16 

C32H30O14 

 

23 

8.1 457.0 0.28* 0.017  C23H22O10 36 

9.4 469.2 0.46* 0.034   35 

9.4 427.2 0.42* 0.015   31 

9.8 294.2 0.30* 0.042   27 

13.1 610.2 0.44* 0.037 flavonoid, two sugars 

flavonoid, one sugar, 

phenylpropanoid 

C27H31O16 

C30H27O14 

 

36 

16.2 578.3 0.33* 0.027 flavonoid, two sugars 

flavonoid, sugar,  

phenylproponoid 

flavonoid,sugar combined 

with o-methylation and 

malonation 

C27H31O14 

C30H27O12 

 

C26H27O15 

 

 

36 

18.3 917.4 0.47* 0.043 flavonoid, 4 sugars  

flavonoid, 3 sugars, 

phenylpropanoid 

C39H50O25 

C42H46O23 

 

36 

18.3 445.1 0.32* 0.025  C22H22O10 

C21H18O11 

36 

18.6 469.2 0.51* 0.036   36 
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Figure 6.5 PCA scores plot showing UPLC-ESI-MS-based metabolic profiling of 9 h hypoxia stress (H) 

and 9 h control (C) SPE-treated seedling extracts.  The model was constructed using all variables listed in 

Table 6.3 with the exception of m/z 917.4, tR 18.3, which dominated the loadings plot.  C  (�) and H (�) 

seedling extracts are distinguishable as distinct groups along the first component axis (i.e. PC1). 

 

Examining the loadings plot (Figure 6.6) in the context of Table 6.3 grouping of 

ions can be observed according to whether the metabolite accumulates in response to 

stress or is depleted.  Interestingly one ion varies along PC2, currently unidentified m/z 

427.2.  These two PCs are sufficient to explain 91% of the variance in the selected dataset 

containing only significantly different ions between C and S.  Figure 6.7 demonstrates 

this graphically in an explained variance plot. 
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Figure 6.6 Loadings plot generated by PCA demonstrating the variables responsible for the separation 

between control and hypoxia-stressed 7 d Arabidopsis seedling SPE-enriched extracts.  Biomarkers 1-3, 8, 

and 14-15 (Table 6.3) vary along the second component axis, and are accumulated under hypoxia stress, 

relative to control.  Alternately, biomarkers 4-7, 9-13, 16-19 vary along the first component axis, and are 

depleted in the HS, relative to NS samples.  Interestingly biomarkers 9 and 9b initially appeared to be 

fragments of the same molecule (same tR) but they do not covary, indicating they are independent 

molecules. 
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Figure 6.7 Plotting eigenvalue on the y-axis and eigenvector on the x-axis gives an explained variance plot.  

The scores and loadings plots (Figures 6.5, 6.6) account for 91% of the variance in Table 6.3. 

 

Next, we sought to query the dataset comprising all 3800 ions to determine if the 

molecules whose identity was established via HPLC-NMR in Chapter 5 were altered in 

response to extended low oxygen stress.  Table 6.4 summarizes these findings.  In short, 

no significant changes in these metabolites were observed. 

 

6.4  Discussion 

For LC-MS based studies that aim at even relative quantitation, many aspects 

must be demonstrated to establish method reliability and robustness.  Mass signal 

detection and quantification must be carried out manually if the exploration of the data by 

nontargeted (global) analysis is to be trusted.  Böttcher et al.
14

 report that “features” must 
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Table 6.4 Changes in levels of identified metabolites in response to oxygen deprivation.  None of the 

relative abundances of the metabolites identified respond (become accumulated or depleted) significantly in 

response to 9 h low oxygen stress in 7 d Arabidopsis seedlings.  Due to their abundance, all of the 

metabolites reported in this table were present in all samples. 

Metabolite identity 

 

tR (min) 

 

Obs. m/z 

p-value 

9HS/9NS 

FC 

 9HS/9NS 

sinapoyl-glucose 9.4 386.658 1.0 1.0 

K-3-R-G-7-R 11.6 742.389 0.52 0.79 

 11.6 741.338 0.64 0.86 

Q-3-G-7-R 13.1 609.208 0.84 0.94 

K-3-R-7-G 15.1 594.211 0.56 0.87 

 15.2 595.250 0.46 0.69 

I-3-G-7R 15.6 624.251 0.61 0.88 

K-3-R-7-R 17.2 578.233 0.28 0.73 

Q-3-R 18.3 447.109 0.25 0.61 

 

initially be selected manually (11 knowns plus three unknowns over a range of several 

orders of magnitude in intensity); features were defined as having a unique retention time 

and m/z pair.   We applied this approach to our hypoxia and recovery study of 

Arabidopsis extracts.  Böttcher et al. reported retention time shift observed across 

replicates was 32 + 13 s (n = 16 for all statistics).  Average mass accuracy of 4.8 + 1.9 

mD (0.15 ppm) was reached using qTOF MS.  Mean relative standard deviation (RSD) 

values of percentile-normalized feature intensities were 8.0 + 3.5% for machine replicates 

and 9.1 + 4.0% between analytical replicates.
20

  For a clarification of this terminology see 

Chapter 1, Figure 1.3.  We observed retention time drift on the order of 3-4 s and mass 

accuracy of 500 ppm across the dataset.  Despite the use of a surrogate to correct for 

sample loss and instrument drift, we did not achieve high accuracy or precision in these 

metrics.   
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The most severe drawbacks to LC-MS metabolite profiling is (1) dynamic range 

of the TOF detector especially when coelution occurs, which cannot be accounted for by 

performing a dilution and (2) retention time drift, which has been reported in the 

literature to be compensated for in post-processing using XCMS software.
21

  In our 

hands, this was not possible.  MarkerLynx provided a sufficient means for feature 

selection and data dimensionality reduction via automated peak integration. 

In some cases, semi-quantification has been reported by normalizing the internal 

standard response to 1 in all LC-MS TICs.
14

  The abundance of kaempferol glycosides in 

Arabidopsis leaves was in many cases one order of magnitude higher than quantities 

observed for quercetin, isorhamnetin and cyanidine, indicating that all samples could be 

run twice, once at full strength and again at a 10x diultion.
22

  Where pure standards are 

available for the secondary metabolites of interest, concentration can be determined using 

a standard curve.
23

  Fold changes between control and mutant plants have been reported, 

using biochanin A as an internal standard, as well as distinct differences between root (21 

signals) and shoot (24 signals) secondary metabolomes.
24

 

A key advantage of multivariate data analysis is that we can identify significantly 

changing variables that are not apparent by visual inspection of LC-MS chromatograms.   

The MarkerLynx software was used to deconvolute coeluting ions by reducing the data to 

retention time and m/z pairs prior to integration.   

Working in a model system like Arabidopsis gives a researcher the option to order 

corresponding mutants to test whether the presence of the gene encoding the biosynthetic 

capability of the plant to make such a molecule is compromised and whether that affects 
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the plant’s ability to survive low oxygen stress.  The following literature references point 

to potential future hypotheses to be tested.  In Arabidopsis roots, several genes that 

encode enzymes in cell-wall, lipid and flavonoid biosynthesis and in defense responses 

are repressed under low oxygen conditions.
25

  Anthocyanin production has been observed 

under hypoxia and contributes to survivability.
26

  In intact plants, hypoxia induces a 

decrease in chlorogenic acid (less phenolics).
27

  Flavonol glycosides are thought to 

mediate ROS,
28, 29

 may be produced under hypoxia in preparation for oxidative burst 

upon reoxygenation.  A coupled reaction quenches ROS by reducing ascorbate to 

dehydroascorbate (DHA) while the flavonol glycoside is oxidized to a semiquinone.
30, 31

  

Quantitative real-time PCR was used to evaluate gene expression of messages encoding 

enzymes in the flavonoid biosynthesis pathway in common buckwheat (Fagopyrum 

esculentum) in conjunction with HPLC for quantitation of flavonoid products in different 

organs, sprouts, seeds, flowers and leaves.  An outcome of this was the finding that the 

content of rutin was 60% greater at 12 days after sowing when plants were grown in the 

light instead of the dark.  Gallic acid was only found in sprouts grown in light.
23

 

There are two possible explanations for why the abundance of these flavonoids 

are altered in response to low oxygen stress.  First, if the molecules are short lived, then 

they may be turned over and not replenished under NADPH- and ATP-limited 

conditions.  Second, if these flavonoids help to fight ROS, then ROS formed during the 

transition from normoxia to hypoxia could reduce their abundance and again they would 

likely not be replenished.  There remain open questions in this work with regard to 

exploration of markers of recovery.  Figure 6.8 shows the mRNA data from Chapter 3 
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with a focus on secondary metabolism.  Genes indicated by arrows are identified in the 

legend, which may provide a foundation for follow-up experiments together with this 

metabolite data. 

 

 

Figure 6.8 MapMan outputs with normalized relative transcript abundance shown as signal log2 ratio 

(SLR).  Induction is shaded in blue while downregulation is in red.  The abundance of mRNAs involved in 

secondary metabolism are significantly altered in response to the perturbation. (1) At3g10340 

Phenylalanine ammonia lyase (PAL) SLR = -3.0 (2) At5g39050 Anthocyanin 5-aromatic acyltransferase 

(anthocyanin-5-O-glucoside-6-O-malonyltransferase)  SLR = 2.1 (3) At3g50270 anthranilate N-

hydroxycinnamoyl/benzoyltransferase SLR = -2.3 and At2g33590 cinnamoyl-CoA reductase SLR = 2.0 (4) 

At4g23600 tyrosine aminotransferase / tyrosine transaminase SLR = 2.3 (5) At1g72680 cinnamyl-alcohol 

dehydrogenase (putative) SLR = 1.9 (6) At5g23220 isochorismate hydrolase (superoxide inducible protein) 

SLR = -2.8. 

 

6.5 Conclusion 

In conclusion, the use of software such as MarkerLynx for nontargeted 

exploration of secondary metabolomic information can facilitate identification of 

1 

2 
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molecular signatures corresponding to substances which change in abundance, either 

accumulating or becoming depleted, under low oxygen stress in planta.  Due to the high 

biological variability (40-100%) no significant differences were observed between 

hypoxia-stressed and control seedling extracts in metabolites identified in Chapter 5.  

Hypotheses regarding the identity and function of biomarkers listed in Table 6.3 may lead 

to the better understanding of secondary metabolic reconfiguration to survive anoxia.   

The biggest roadblocks to turning data into information in this study were two-

fold (1) retention time windows were large, 3-4 min, and (2) baseline distortions may 

have influenced reliability of integrated peak intensities.  Digital resolution was sufficient 

at 1 scan per second.  Reproducible injections are critical.  This is the reason for an 

internal standard, and normalizing to N7G was found to be effective for this purpose. 

Determining which signals to include in the model was subjective, based on limit 

of quantification (LOQ), S/N 10 was a good starting point, but there may be a reason to 

set the threshold higher to exclude variables and generate a dataset which is manageable 

if noise seems to dominate the scores and loadings plots.  This study also demonstrated 

that both hypothesis generating and targeted analyses can be performed at the data 

analysis stage, even on the same dataset.  As we saw with NMR in Chapters 3 and 4, 

application of both targeted and unsupervised statistical methods were able to extract 

more information from the dataset.  In this chapter, samples were interrogated by LC-MS 

only.  This study also demonstrated that both hypothesis-generating and targeted analysis 

can be performed at the data analysis stage, even on the same dataset. 
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Chapter Seven 

Conclusions and Future Directions 

 

7.1  Conclusions 

This dissertation explores the development of analytical methods suitable for 

recording global (nontargeted) metabolomic information as well as affording quantitation 

for a handful of abundant primary metabolites (targeted) in Angiosperms (flowering 

plants). Analogous measurements were applied to less-abundant secondary metabolites, 

requiring dereplication in the absence of authentic standards. The methods used included 

1D 
1
H NMR, 2D 

1
H-

1
H NMR, 2D 

1
H-

13
C NMR, LC-NMR, HPLC, UPLC-MS. 

1D 
1
H NMR proved useful for metabolite identification and relative 

quantitation in complex mixtures. In Chapter 2, 1D 
1
H NMR was used to record the 

effect of sample preparation on the metabolites extracted from wet or dry mature plant 

leaves. Quality was assessed with respect to reproducibility, where 1D 
1
H NMR 

provided excellent performance by contributing immeasurable instrument variability and 

providing a direct readout of quantity of all mixture components. In Chapters 3 and 4, 

1D 
1
H NMR was applied to investigate a problem of biological interest: reconfiguration 

of primary metabolism in response to low oxygen stress (hypoxia/anoxia) in the model 

angiosperm Arabidopsis thaliana.  Advances in experimental design lead to 

quantification of higher numbers of metabolites, and higher resolution of organ-specific 

metabolic profiles in seedlings. 
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1D 
1
H NMR was also used for identifying secondary metabolites enriched 

by solid-phase extraction (SPE) using a hydrophilic-lipophilic balanced (HLB) stationary 

phase for capture and purification. In Chapter 5, HPLC coupled to 1D 
1
H NMR provided 

enough structural information to establish tentative assignments to eight distinct but 

structurally related phenolic compounds.  

LC-MS was also vital in this work for providing complementary structural 

information, particularly because plant extracts contain thousands of molecules 

diversified by combinatorial biosynthesis for which standards were not available. In 

Chapter 5, UPLC-MS provided efficient handling of limited quantities of sample and 

solvents throughout chromatographic method development. Gradient elution developed 

by LC-MS established conditions for peak trapping in LC-NMR, where structure 

assignment in 1D 
1
H NMR is more straightforward when complete resolution of 

components is achieved chromatographically. In Chapter 6, UPLC-MS was applied to 

investigate the secondary metabolism of seedlings under prolonged low oxygen (anoxia) 

stress and recovery. 

 

7.2 Future work 

In the area of hypoxia, open questions remain regarding light availability, nutrient 

availability, temperature and combination of stresses and the impact on primary 

metabolism and energy utilization. The interplay between carbon and nitrogen 

metabolism is of interest.
1, 2

  Efforts to improve plant survival of stress may be mediated 

by exogenous application of nutrients, if signaling pathways and responses are known. 



 

 364

The effects of hypoxia stress pretreatment and its enhancement of survivability have not 

been fully investigated in Arabidopsis,
3, 4

 although such work has increased the 

performance of heart transplants.
5
  From this work it follows that interpretation of the 

recovery data acquired in Chapters 3 and 6 has potential to inform future hypotheses in 

this area.  

With an understanding of molecular signaling under hypoxia, survivability and 

biomass or nutrient accumulation of crops could be increased.  Chemical simulation of 

hypoxia pretreatment could be induced by exogenous application of some molecule, 

analogously to herbicide safeteners, allowing plants to better survive actual 

environmental crises.
6
 Alternately, bioengineered plants with inducible promoters driving 

the expression of survivability-related genes could be planted and treated with an 

inducing agent in advance of environmental stress such as a flood or ice storm. The use 

of transgenic plants to determine which pathways are critical for survival may shed light 

on areas of current controversy, such as whether the TCA cycle is operating in a reversed 

mode or two distinct branches.
1, 7

  Recent studies suggest metabonomic studies of abiotic 

stress in plants are ongoing and open questions remain in the field.
8
 Environmental 

stresses caused by drought, elevated temperature, salinity and rising CO2, or a 

combination of two or more of these stresses,  pose a growing threat to agriculture.
9
 

The role of osmolytes has not been thoroughly investigated, nor has the role of 

reactive oxygen species (ROS) and nitric oxide in signaling changes in oxygen 

availability. Experiments comparing phenotypic changes of roots and shoots under 

hypoxia in the light and dark
4
 reporting changes in volatile metabolites, adenylates and 
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sugars, has been completed but a more detailed look at the molecular mechanisms 

utilized by Arabidopsis to survive hypoxia could be achieved using metabolic profiling. 

We aimed to determine how those mechanisms may be distinct in different organs. We 

hypothesized that photosynthetic capability of shoots as well as the specialized 

mechanisms for nutrient assimilation in roots would be distinctive. This is of relevance 

to agriculture because some crops are predominantly shoots (broccoli, spinach, lettuce) 

and some are roots (potato, ginger, carrot). 

Analytically, the dedication of a pipeline for sample fractionation and 

characterization, data management and publication can significantly improve the 

throughput and quality of plant-based metabolomic studies. Expansion of our database 

infrastructure became necessary, and further efforts to assimilate computer science, 

chemometrics, and bioinformatics approaches to managing chemical data will enrich the 

outcomes.  International collaborations become of the utmost importance, through 

literature connections, travel to scientific meetings or training and outreach within one’s 

own campus.  Although some believe that there is one best statistical test for each set of 

experimental data,
10

 others argue that expanding the battery of statistical tests applied to 

multivariate data may serve the purpose of cross-validation of discovered biomarkers and 

trends within large datasets.
11

 

Advances in computing power have enhanced the tracking and modeling of 

higher numbers of variables. Systems biology and biologistics represent a paradigm shift 

in biological research, providing the application of these new modalities of thought and 

experimental design were applied to a problem (oxygen deprivation) which has evolved 
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over 439 million years, since the appearance of land plants.
12

  One could consider 

metabolites like passengers on railways, where metabolic pathways are analogous to train 

lines/routes, if one train is canceled, this eventually causes upstream and downstream 

effects, analogous to the network disruption we observe in response to low oxygen.  The 

serious application of biologistics to understanding pathways is still in its infancy
13

 and 

attempts at bioengineering have had limited success.
14-16

  Further merging of these fields 

may prove fruitful, and the methods developed in this dissertation could be applied to 

studies such as these. 

 Metabolic profiling of primary and secondary pathways in plants will enhance 

studies of chemical ecology, biodiversity, conservation biology, and systematics.  

Biological questions regarding cell-to-cell or plant-to-plant communication, networks, 

signaling, coordination, symbiosis, defense, growth, and adaptation may be addressed 

using careful sample preparation and dereplication or proposal of a novel structure if 

necessary.  Since estimates of chemical diversity in metabolomes exceed current entries 

in databases, there exist molecules yet to be described which may have biological 

activities of interest in isolation or in a concerted mechanism with other metabolites.  

New solid phases for chromatography and/or sample preparation may be critical for 

exploration of novel chemical space within secondary metabolomes. 

Plant metabolite profiling has the potential to play a key role in the 

standardization of herbal medicines for quality control of feedstocks, to facilitate 

metabolic engineering or selective breeding, and for bioactive natural product 

discovery.
17

  A majority of the over 7 billion people in the world (80%) utilize plants to 
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meet their primary health care needs.
18

  From local, native plants, pharmacognosy and 

ethnobotany are born.  Studies of cultural and holistic uses of plants can be treated 

scientifically, using a plant metabolomic approach.  Western medicine, in particular 

absorption, distribution, metabolism and excretion (ADME) studies investigating the 

potential of combination therapies, can also benefit from the analytical technologies and 

computational approaches to data analysis developed to meet the challenges of working 

in complex plant extracts. Analogously to ADME studies of western medicines (small-

molecule drugs), bioavailability of vitamins and secondary compounds is of further 

interest.   

It follows naturally that plant metabolomics and metabolic profiling has the 

potential to improve agriculture.  Non-targeted genome-wide functional genomic studies 

incorporating metabolic profiling may reveal genes that can improve crop production 

(yield) through resistance to biotic and/or abiotic stress.  Perhaps also the nutritional 

value (quality) of foods can be improved.  In these ways, metabolomics has the potential 

to aid in the alleviation of poverty and hunger.
19

  By improving these factors, the security 

of all people is improved.  In areas where traditional farming employs fertilizers and 

pesticides against pests and pathogens, issues of pollution and sustainability may be 

addressed in an ecological (metabolic) context.  With globalization becoming the norm, 

trade among countries in produce and goods is common.  Methodology for 

standardization in terms of quality and source authenticity of plant materials is already of 

interest.  Besides the use of plants for food or pharmaceuticals, industrial uses such as 

soap, biofuel, even plastics can also continue to be explored. 
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As a final word on future avenues, it seems we will want biotracking in more than 

one dimension.  Ideally we would track the location and transport, incorporation or 

modification of a substrate, even when the organism incorporating it is in symbiosis with 

another organism.  Heterorganismal metabolome-metabolome interactomes will perhaps 

be the next facet of systems biology.  This type of experiment would provide broad-

spectrum bioactivity by providing a complement of molecules as inputs from organism A 

to organism B.  One can even imagine modeling entire ecosystems. 

There exists an exciting future for micrometabolomics as well (i.e. of specific 

cells, cell types or tissues).  Interesting avenues for studies include; localization in planta, 

studies relating structure, amount, regulation, localization and biological activity, cross-

talk between secondary metabolite biosynthetic pathways, understanding the ecological 

importance of each secondary metabolite, and studies correlating natural variation in 

secondary metabolism with plant fitness or interactions with the environment.
20
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