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ABSTRACT 

 

This thesis research concentrates on the development and applications of mass 

spectrometry-based metabolomics to elucidate biochemical alterations involved 

in basic research models for two common human diseases: mammalian cell 

culture model of hepatocellular carcinoma (HCC) and transgenic mouse model 

of Alzheimer's disease (AD). Two major approaches were developed: (1) 

targeted quantitative metabolomics for elucidation of altered cancer metabolism 

in human liver cell lines caused by the overexpression of the oncogene 

eukaryotic translation initiation factor 5A2 (EIF5A2) and O-Linked 

β-N-acetylglucosamine (O-GlcNAc) modification; (2) non-targeted metabolite 

profiling for early discovery of potential non-invasive urinary metabolite 

markers in the transgenic mouse model TgCRND8 of AD. 

For cancer metabolism research, much effort has been focused on development 

of ultrahigh performance liquid chromatography triple quadrupole mass 

spectrometry (UPLC-MS/MS)-based targeted metabolomics method and its 

emerging applications in exploiting oncogene-induced metabolic alterations. To 

achieve our goal, more than one hundred intermediate and/or metabolite were 

selected and broadly categorized into cationic species and anionic species. 

Tandem mass spectrometric conditions were extensively optimized for each 

analyte by using energy-resolved collision-induced dissociation. Two crucial 

operating parameters of tandem mass spectrometry, namely, cone voltage and 

collision energy were finely tuned to get the highest signal response of the 
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parent ion and fragment ions. Multiple reaction monitoring (MRM) transitions 

were created for each targeted compound, providing foundation for MRM-based 

assays. Meanwhile, to enhance the retention and separation of the water-soluble 

metabolites on reversed-phase C18 column, hydrophobic ion-pairing 

interactions separation (HIPS) strategies were proposed and established via 

complementary use of two ion-pairing reagents, heptafluorobutyric acid and 

tributylamine, for the cationic species and anionic species, respectively. The 

‘HIPS’ strategies led to efficient retention and resolution of polar 

intermediates/metabolites, covering the majority of components involved in 

central carbon metabolism and amino acid metabolism. Even isomeric pairs, like 

citrate-isocitrate and leucine-isoleucine, were almost baseline resolved. The 

performance evaluation of the developed UPLC MRM-based assays showed that 

nanomolar levels of limit of quantification were achieved. The developed 

methods enabled quantitative analysis of central carbon metabolism in 

mammalian cells. The altered metabolism induced by the overexpression of the 

oncogene EIF5A2 in human normal liver cell line LO2 was studied. We found 

that the altered aerobic glycolysis and pentose phosphate pathway dysregulated 

the tricarboxylic acid (TCA) cycle and amino acid imbalances presented as 

distinct metabolic features in EIF5A2 overexpressed LO2 cells. 

In chapter 3, we performed quantitative analysis of central carbon metabolism 

and amino acid metabolism via the established UPLC-MRM-based 

metabolomics, which was combined with pharmacological inhibition of the 
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catalytic enzymes, O-linked N-acetylglucosamine transferase (O-GlcNAc 

transferase, OGT) and β-N-acetylglucosaminidase (O-GlcNAcase, OGA) in 

order to uncover the contribution of protein (including the glycolytic enzymes) 

O-GlcNAc modification to metabolic alterations in cancer cells. We found that 

OGA inhibition led to decreased levels of intermediates in both glycolysis and 

TCA cycle, but increased level of pentose phosphate pathway. Interestingly, the 

opposite phenotypes were obtained in OGT inhibition, i.e., the increased levels 

of glycolysis and TCA cycle were observed. Our data suggested that O-GlcNAc 

modification could direct switches of glucose metabolism through coordinated 

glycolysis and TCA cycle pathways in HCC cell line. 

In chapter 4, an improved UPLC-MS/MS method for accurate and rapid 

assessment of the content and redox state of coenzyme Q10 (CoQ10) and the 

crucial component of electron transport chain (ETC) was described. 

Non-aqueous reversed phase liquid chromatography on a C18 column was 

hyphenated with tandem mass spectrometry working in the electrospray 

ionization positive MRM mode, with methanol serving dual roles as sample 

preparation solvent and mobile phase. This rapid extractive and analytical 

method could avoid artificial auto-oxidation of reduced form of CoQ10, enabling 

the native redox state assessment. To demonstrate the utility of the developed 

method, 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) exposed mice liver tissue 

were analyzed, revealing the down-regulated mitochondrial ETC in TCDD 

exposed mice group. 
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Chapter 5 reported the study to assess whether the urinary metabolic alterations 

linked to early pathophysiological changes in the TgCRND8 mouse model of 

AD. An unbiased metabolomics approach using high resolution Orbitrap mass 

spectrometry coupled with hydrophilic interaction liquid chromatography was 

conducted to uncover the metabolic alterations as a relevant readout of 

biochemical activity that implicated in the pathogenesis and progression of AD 

in the TgCRND8 mice. A total of 73 differential metabolites of urine sample sets 

was identified in 12-week and 18-week transgenic mice compared to wild-type 

littermates, covering perturbations of aromatic amino acids metabolism, TCA 

cycle and one-carbon metabolism. Of particular interest, divergent tryptophan 

metabolism, such as up-regulation of serotonin pathway while down-regulation 

of kynurenine pathway, was observed. The accumulation of both 

N-acetylvanilalanine and 3-methoxytyrosine indicated the aromatic L-amino 

acid decarboxylase deficiency. The microbial metabolites derived from 

tryptophan metabolism and drug-like phase II metabolic response via the 

glycine conjugation reactions were also highlighted, indicating that genetic 

modification in mouse brain not only alters genotype but also disturbs gut 

microbiome. Together, our study demonstrated that the integrative approach 

employing mass spectrometry-based metabolomics and a transgenic mouse 

model for AD might provide new insights into the metabolic phenotypes of AD 

with a noninvasive approach.
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Chapter 1 

General introduction 

 

1.1 Metabolic changes in cancer and Alzheimer’s disease 

Cancer and Alzheimer’s disease, two devastating conditions affecting the world’s 

aging populations, are characterized by chronic and progressive cellular malfunction. 

Recent studies suggested that dysregulated metabolism involved in the pathology of 

the both family of diseases1, 2. It is increasingly appreciated that altered metabolic 

changes can promote pathogenesis of many different subtypes of these diseases 

including breast cancer3, non-small cell lung cancer4, and Alzheimer’s disease5, 6. But, 

understanding the metabolic alterations and its multiple biological consequences in 

these diseases remain challenging. The metabolomics approach, an emerging “omics” 

tool in the field of systems biology involving global profiling or targeted analysis of 

multiple metabolites presented in a biological system under certain conditions, can 

provide vital information about how metabolic pathways interact and are regulated. 

There is a growing interest in extending metabolomics to multidisciplinary research in 

studies of cancer and Alzheimer’s disease, which are mainly fueled by advances in 

instrumental analytical sciences and bioinformatics. 

1.2 Mass spectrometry in metabolomics 

Mass spectrometry continues to play an increasingly important role for metabolomics, 

along with the recent significant advancements of separation sciences and technology. 

Currently, there are two major strategies used in metabolomics: non-targeted 
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metabolite profiling (global profiling) and targeted quantitative analysis. 

1.2.1 Non-targeted metabolite profiling based on high resolution mass 

spectrometry 

Non-targeted metabolite profiling, as an unbiased method attempting to capture the 

whole metabolome, provides a snapshot of the biological system’s overall 

biochemical status. A typical procedure for non-targeted metabolite profiling, 

generally involves the following four steps: sample preparation; instrumental analysis; 

multivariate data analysis; metabolite identification and pathway interpretation.  

Sample preparation 

Sample preparation, is a fundamental and essential step in metabolomics analysis as it 

affects both the following metabolite measurements and biological interpretation. 

Even though various studies on sample pretreatment for different biological or clinical 

specimens have been reported, they have critical points in common and should obey 

the gold rules of thumb for sample preparation that with maximize sample integrity 

and metabolite coverage. General guidelines of sample preparation for non-targeted 

metabolomics include, but are not expressly limited to, the following7-9: 

1. be as non-selective as possible to ensure maximum metabolite coverage & recovery 

as well as be reproducible;  

2. be simple and fast, to prevent metabolite loss and/or degradation during sampling, 

storage, pretreatment processing and enable high-throughput; 

3. versatile for analysis by different instrument platforms with good compatibility. 

A typical sample preparation procedure, including three key steps: quenching, 
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extraction, and concentration, was illustrated in the following figure (Fig. 1.1): 

 

 

 

 

 

 

 

 

 

Fig. 1.1 Simplified overview of sample preparation in metabolomics analysis, adapted 

from the reference10.  

Two most important considerations of sample preparation for metabolomics 

The real challenge of non-targeted metabolite profiling is to comprehensively cover 

the analysis of multiple constituents having diverse chemical structures with wide 

ranges of concentrations. As the first step in metabolomics analysis, the importance of 

sample preparation cannot be overemphasized. To obtain real snapshots of the 

metabolome, fast sampling and immediate quenching of all metabolic reactions is just 

as critical as the following instrumental analysis step. The sampling and quenching 

process should be done as fast as possible in order to avoid any alterations in 

intracellular metabolite levels. The other key factor should be considered is 

optimization of a suitable extraction method, which with minimal metabolites loss or 
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degradation. For those, some reliable quenching and metabolite extraction method 

have been developed. Stopping the cellular metabolism in an aqueous methanol 

solution at low temperatures (−40 or –50 °C) has become a standard way of 

quenching11, 12. Several other techniques also have been used to rapidly arrest 

metabolism, including freezing in liquid nitrogen, acid/alkali treatment, as 

summarized by Villas-Bôas et al13. The ideal quenching method is to stop any 

metabolic activity, but without damaging the cells' integrity.  

After quenching, the cells then were washed in cold Phosphate-Buffered Saline (PBS) 

solution (pH 7.4), aliquoted, centrifuged and conveniently stored at –80 °C for 

subsequent extraction and analysis. To extract metabolites with a broad range of 

solubility, different aqueous/organic solvents extraction systems, such as 

methanol/water, acetonitrile/methanol/water, usually combined with repeated 

freeze-thaw cycles or ultrasonic treatment are commonly used, which are suitable for 

both mass spectrometry (MS) and nuclear magnetic resonance (NMR) analysis7. 

However, it is a seemingly easy but potentially tricky task and many considerations 

specific to the sample set, range of metabolites, analytical methods, etc. that should be 

taken into account at the very beginning of the study. Fit-for-purpose quenching and 

extraction strategies for yeast metabolomics were presented by Winder et al14. 

Improvement and standardization of sample preparation for high-throughput 

non-targeted metabolite profiling still remain to issue. 

Instrumental analysis 

Currently, two major analytical platforms, MS13, 15-17 and NMR spectroscopy18-20 are 
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commonly used in metabolomics studies. Each technique has its own specific 

advantages and limitations21. Comparatively speaking, NMR, as a direct, 

non-destructive method, has several advantages over MS for metabolomics 

applications including the relative ease of sample pretreatment, the capacity of 

detecting a broad range of metabolites as well as providing structural information, but 

it suffers from relatively less sensitivities. In contrast, modern MS provides a unique 

combination of high sensitivity and selectivity by hyphenated with separation 

techniques15. For unbiased non-targeted metabolite profiling, high-resolution mass 

spectrometry, combined with separation science, such as gas chromatography mass 

spectrometry (GC/MS)22, 23, high performance liquid chromatography mass 

spectrometry (HPLC/MS)24,25, capillary electrophoresis mass spectrometry 

(CE/MS)26-29 was highly appreciated. The three different types of mass spectrometers 

commonly encountered in non-targeted metabolomics were briefly described as 

below: 

Quadrupole time-of-flight - mass spectrometer 

Quadrupole time-of-flight mass spectrometer (Q-TOF MS), as one type of 

high-resolution MS instruments, is widely used in non-targeted metabolite profiling 

due to their high mass resolving power and mass accuracy. The working principle of 

Q-TOF MS is the separation of ions based on their different travel times through a 

flight tube using the quadropole as an ion filter. The mass spectrum is produced by 

measuring the transit times at fixed flight distance by an ion detector, which are 

depend on their mass-to-charge ratio (m/z) values30. The time-of-flight analyzer can 
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acquire spectra quite fast with high sensitivity. It also has high accuracy, which allows 

elemental formulas to be determined for metabolite identification31. The Q-TOF MS 

combined with LC32 or CE33 is one of the most widely used non-targeted 

metabolomics methods. 

Orbitrap mass spectrometer 

The orbitrap is a new type of mass analyzer which employs trapping in an 

electrostatic field with no radio frequency or magnetic fields34. Ion stability is 

achieved only due to ions orbiting around an axial electrode. The m/z of the 

oscillating ions is proportional to the frequency of the axial oscillation. The ion 

frequencies are measured in the time domain manner as transient of the image current, 

with subsequent fast Fourier-transform (FT) to produce the mass spectrum35. 

Orbitrap-based mass spectrometers have become a workhorse in metabolomics 

analysis, often coupled to liquid chromatography36. Thanks to its accurate mass 

measurements, high resolution power, high dynamic ranges and high sensitivity37, 38, 

orbitrap mass spectrometry has been employed for metabolomics databases 

building39. 

Fourier-transform ion cyclotron resonance mass spectrometer 

Fourier-transform ion cyclotron resonance (FT-ICR) is a very special type of mass 

spectrometer that measuring the m/z value of ions based on the cyclotron frequency of 

the ions in a fixed magnetic field with very high accuracy40. FT-ICR MS is an 

extremely powerful technique offers much more accurate and precise measuring than 

any other type of mass spectrometers, which makes it an ideal tool for metabolomics 
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study13, 16, 41, 42.  

Even though high-resolution mass spectrometers are really powerful tools for 

non-targeted analysis, it is important to note that the overall separation technology is 

striving to meet, and even exceed, and integrate with the demands of metabolomics 

analysis. The goal of metabolomics is to detect and determine as many components as 

reasonably possible that can be served as “feature” of the samples. Comprehensive 

analytical strategies to cover more metabolites, including both non-polar and polar 

compounds by using complementary or orthogonal separation techniques such as a 

reversed-phase column and a hydrophilic interaction chromatography column 

employed in liquid chromatography43, combination of LC/MS and GC/MS44, 

two-dimensional gas chromatography45, etc. 

Data pre-processing and pretreatment 

Data processing is an important step that plays a critical role in metabolomics analysis 

and has a big impact on the ultimate results46. In particular, the data pre-processing to 

make the raw data suitable for the statistical analysis can greatly affect the outcome of 

the data analysis47. During the recent years, various data extraction methods and 

bioinformatics tools have been developed for metabolomics, as summarized in the 

following table (Tab. 1.1). These tools share common functions in peak picking, 

alignment, baseline correction, visualization and statistical analysis. 
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Tab. 1.1 Web-based resources for MS-based metabolomics data processing. 

Name Source Ref. 

XCMS2 

XCMS Online 

metaXCMS 

XCMS: http://metlin.scripps.edu/xcms/ 

XCMS Online: https://xcmsonline.scripps.edu/ 

metaXCMS: http://metlin.scripps.edu/metaxcms/ 

48 

49 

50 

MZmine 2 http://mzmine.sourceforge.net/ 51 

MetAlign 3.0 http://www.wageningenur.nl/en/show/MetAlign-1.htm 52 

OpenMS http://open-ms.sourceforge.net/downloads/ 53 

mzMatch/Peak

ML 

http://mzmatch.sourceforge.net/ 54 

mzMatch-ISO http://mzmatch.sourceforge.net/untargeted_labelling.php 55 

XAlign http://stage.louisville.edu/faculty/x0zhan17/software 56 

MetSign http://stage.louisville.edu/faculty/x0zhan17/software/soft

ware-development/metsign 

47 

MZedDB No link available 57 

msCompare No link available  58 

apLCMS http://www.sph.emory.edu/apLCMS/ 59 

xMSanalyser http://emoryott.technologypublisher.com/technology/114

03 

60 

MSClust https://wiki.nbic.nl/index.php/MSClust  61 

MRCQuant http://compgenomics.utsa.edu/MRCquant.html 62 
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Tab. 1.1 Web-based resources for MS-based metabolomics data processing 

(Continued). 

MetiTree http://www.metitree.nl/ 63 

MET-IDEA http://bioinfo.noble.org/download/ - 

MetHouse No link available - 

MetDAT http://smbl.nus.edu.sg/METDAT2/  64 

MetaMapp http://metamap.nlm.nih.gov/ 65 

IDEOM http://mzmatch.sourceforge.net/ideom.php 66 

CAMERA http://www.bioconductor.org/packages/release/bioc/html/

CAMERA.html  

67 
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Multivariate data analysis and validation 

Subsequent multivariate analysis techniques of the extracted data, including principal 

components analysis (PCA) and partial least squares discriminant analysis (PLS-DA), 

are commonly employed to visualize these data by dimensionality reduction, and for 

discrimination. The following two aspects are general reminders to pay specific 

attention: sensitivity and specificity of suitable statistical model, also possible 

over-fitting of the model. For avoiding false discoveries, cross validation assessments 

using permutation test68-71, jackknifing technique72, 73 are popularly performed and 

highly appreciated. 

Metabolite identification and pathway interpretation 

Without metabolite identification, the discovery of any metabolic signature via cluster 

analysis is largely meaningless. Identification of differential metabolites, as well as 

the new ones, and subsequent biological interpretation, is one of the most difficult and 

time consuming parts in any metabolomics experiment. 

For metabolite identification by mass spectrometry, it is always happens that more 

than one compounds can match a measured parent ion or a certain elemental 

compositions. Currently, metabolite identification is heavily dependent on utilization 

of a variety of high-resolution mass spectrometers as mentioned earlier, which can 

generate accurate mass and isotopic abundances of the elements, and standard 

compounds & databases. Generally, by comparison with the corresponding authentic 

compounds, the major metabolites can be confirmed. However, the unequivocal 

identification of individual metabolite is still a slow, laborious job. Comprehensive 
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strategies combing high accuracy, high resolution mass measurement, fragmentation 

pattern analysis and publicly available metabolomics databases searching are effective 

approaches for annotation and identification of metabolites in mass 

spectrometry-based metabolite profiling. Commonly used metabolomics databases are 

listed below (Tab. 1.2)74: 
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Tab. 1.2 The commonly used metabolomics databases. 

Database  Content  Tools Link Ref

I. Reference spectral database 

METLIN  LC/MS, LC/MS/MS, FT-MS 

spectra, chemical structures, link 

to KEGG, chemical formula 

3D 

visualization, 

JME molecular 

visualization 

tool 

http://metl

in.scripps.

edu/  

75 

76 

MassBank  GC, ESI, and FAB-MS, MS/MS 

spectra, chemical structure and 

name, separation method, 

experimental conditions 

3D visualization http://ww

w.massban

k.jp/?lang

=en  

77 

MMCD  NMR and LC/MS spectra, 

physical properties, links to 

chemical and metabolomic 

databases, chemical structure 

PubChem 

structure editor, 

SESAME, 

Google 

http://mmc

d.nmrfam.

wisc.edu/  

78 

GMD  

 

 

GC-MS spectra, retention time, 

experimental methods and 

protocols 

compound name 

converter 

http://gmd

.mpimp-go

lm.mpg.de

/  

79 

NIST 11 * EI-MS and MS/MS spectra, 

retention time 

MS search 

software, 

http://ww

w.sisweb.c

- 
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AMDIS, MS 

interpreter 

utility 

om/softwa

re/ms/nists

earch.htm  

II. Compound-, species-, and compound-specific metabolite profile database 

HMDB  Metabolites found in the human 

body, NMR, GC-MS and 

MS/MS data, physical, clinical 

and physicochemical properties, 

chemical structure, concentration 

data, pathway information, 

experimental methods 

Data Extractor, 

ChemSketch, 

BLAST search, 

MetaboCard, 

MS and NMR 

spectral search 

utility, Metabo 

LIMS 

http://ww

w.hmdb.ca

/about  

 

80 

CSF 

Metabolo

me  

CSF metabolites, NMR, GC-MS, 

and LC/FT-ICR-MS data, 

physical properties, associated 

disease, concentration data, 

chemical structure 

Similar tools in 

HMDB 

http://ww

w.csfmeta

bolome.ca/ 

 

81 

SMDB Human serum metabolites, 

NMR, GC-MS, and 

LC/FT-ICR-MS data, physical 

properties, associated disease, 

concentration data, chemical 

Similar tools in 

HMDB 

http://ww

w.serumm

etabolome.

ca/  

82 
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structure 

LMSD  Lipids, chemical structure and 

formula, physical properties, 

links to other lipid and pathway 

databases, experimental data and 

protocols 

ChemDraw, MS 

prediction tools, 

MarvinView, 

LMSD tools 

package 

http://ww

w.lipidma

ps.org/  

83 

PubChem  Chemical compounds and 

structures, links to Entrez 

databases, bioactivity data from 

high throughput screening 

programs 

PubChem 

Structure Editor, 

Entrez, 

PubChem3D, 

PubChem 

Download 

Facility 

http://pubc

hem.ncbi.

nlm.nih.go

v/  

- 

DrugBank  Drug, drug targets, 

physicochemical, clinical, and 

pharmacological properties, links 

to other databases, 3D and 

chemical structure 

DrugCard, 

ChemAxon, 

MarvinSketch, 

HMDB 

Tools, 

BioSpider, 

PolySearch 

http://ww

w.drugban

k.ca/  

84 

III. Metabolic pathway database 

KEGG  Metabolic and regulatory KEGG Atlas, http://ww 85 
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pathways, protein–protein 

interactions, genes of completely 

and partially sequenced genome, 

drugs, glycans, small molecules, 

reactions, functional hierarchies 

KegHier, 

KegArray, 

KegDraw, 

KegTools, 

KEGG2, KEGG 

API 

w.genome.

jp/kegg/pa

thway.htm

l  

BioCyc  Pathway and genome database of 

organisms with completely or 

partially sequenced genome, 

database of chemical 

compounds, links to other 

databases 

Pathologic, 

Genome 

browser, 

Pathway Tools, 

BLAST search 

http://bioc

yc.org/  

86 

MetaCyc  Metabolic pathways of 

organisms determined from 

experiments, enzymes, genes, 

chemical compounds, 

biochemical reactions, links to 

other databases 

Pathologic, 

Genome 

browser, 

BLAST search, 

Pathways Tools, 

Google 

http://ww

w.metacyc

.org/  

86 

HumanCyc  Human metabolic pathways, 

genes, metabolic enzymes, links 

to other databases 

Pathologic, 

Genome 

browser, 

Pathways Tools,

http://hum

ancyc.org/  

87 
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BLAST search 

Reactome  Human metabolic pathways, 

reactions, proteins, links to other 

databases 

SkyPainter, 

PathFinder, 

BioMart 

http://ww

w.reactom

e.org/Reac

tomeGWT

/entrypoint

.html  

88 

IV. Metabolomics LIMS database 

SetupX  Experimental design to data 

reporting, raw data, links to other 

databases 

BinBase, 

Google 

http://fieh

nlab.ucdav

is.edu/proj

ects/binba

se_setupx  

89 

Sesame 

LIMS  

Experimental protocols, data, 

sample details, laboratory 

resources, links to other 

databases 

Tools for 

accessing and 

visualization of 

data, and 

collaborative 

analysis 

http://sesa

me.wisc.e

du/  

90 

Metabo- 

LIMS 

NMR and MS experimental data, 

metabolite database, sample 

information 

BioSpider, 

PolySearch 

http://meta

bolims.co

m/home/  

91 
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MeMo  

 

Yeast metabolomics experiment, 

links to databases specific to 

yeast  

SEMEDA http://dbkg

roup.org/

memo/  

92 

Metabo- 

lights 

Metabolomics experiments and 

derived information, links to 

other databases 

ISA- converter http://ww

w.ebi.ac.u

k/metaboli

ghts/  

 

93 

 

To overcome, at least partly, this time-consuming and laborious task, characterization 

of isotopic abundance measurements, isotope pattern matching, MS/MS 

fragmentation analysis in high resolution mass spectra for increased confidences of 

metabolite identification has been reported very recently94, 95. Also, bioinformatics 

tools for automatic peak assignment and metabolite identification using high 

resolution mass spectra trees have been developed by Miquel Rojas-Cherto et al63, 96, 

as well as de novo identification of metabolites proposed97. 

Several web-based programs for metabolic pathway interpretation and visualization, 

are freely available for academic research, which offers the possibility to link 

metabolites identified within a metabolic networks reconstruction, as presented in 

Table 1.3 (Tab. 1.3). 

  



18 
 

Tab. 1.3 Web-based metabolomics data analysis tools for metabolic pathway 

interpretation and visualization. 

Name Source Ref. 

MetaboAnalyst http://www.metaboanalyst.ca/MetaboAnalyst/faces/Home

.jsp  

98 

MetPA http://metpa.metabolomics.ca/MetPA/faces/Home.jsp  99 

MSEA http://www.msea.ca/MSEA/faces/Home.jsp  100 

MPEA http://ekhidna.biocenter.helsinki.fi/poxo/mpea/  101 

MetExplore  http://metexplore.toulouse.inra.fr/metexploreJoomla/inde

x.php  

102 

MetaMapp http://uranus.fiehnlab.ucdavis.edu:8080/MetaMapp/home

Page  

65 

MAVEN http://genomics-pubs.princeton.edu/mzroll/index.php  43 

MetaP http://metabolomics.helmholtz-muenchen.de/metap2/  103 

Paintomics http://www.paintomics.org/cgi-bin/main2.cgi  104 

KOBAS  http://kobas.cbi.pku.edu.cn/home.do  105 

KaPPA http://kpv.kazusa.or.jp/kpv4-kegg/main/index.action  106 

VitaPad http://bioinformatics.med.yale.edu/group/  107 
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To sum up, a typical non-targeted metabolite profiling experiment based on high 

resolution mass spectrometry consists of five steps: sample preparation, instrumental 

analysis (data acquisition), data pre-processing and pretreatment, multivariate data 

analysis and validation, metabolite identification and pathway interpretation. Besides 

ensuring that the study had been properly designed, it is important to see the 

“big-picture” behind the pipeline. The goal of a metabolomics study is to generate a 

comprehensive view on the small molecular compounds in the samples, which are 

closely linked to biological function. 

1.2.2 Targeted quantitative metabolomics based on triple quadrupole mass 

spectrometry 

Recent advances in mass spectrometry and separation science have made it possible to 

transfer non-targeted metabolite profiling into targeted quantitative metabolomics that 

performs accurate measurements of multiple metabolites. In targeted metabolomics, 

the triple quadrupole mass spectrometer is generally accepted as the gold standard for 

precise determination, and multiple reaction monitoring (MRM), or selected reaction 

monitoring (SRM) techniques are typically used which can overcome the challenging 

quantification problems associated with co-eluting analytes in complex samples15, 108, 

109. 

Chromatographic separation strategies in targeted metabolomics 

Simultaneously separation and quantitation of highly polar, water soluble metabolites, 

such as phosphorylated carbohydrates, carboxylic acids and amino acids by liquid 

chromatography is a big challenge in targeted metabolomics. These compounds are 
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always poorly retained in a conventional reversed-phase liquid chromatography 

(RPLC). To overcome the most obstacles in separation of polar metabolites, three 

different strategies have been reported (Fig. 1.2): (i) using hydrophilic interaction 

liquid chromatography (HILIC) columns108; (ii) using ion-pairing reagents as mobile 

phase additives110; (iii) chemical modification of the analytes (pre-column 

derivatization techniques)111, 112. 

Stationary phase
(HILIC columns)

Analytes
(Pre-column derivatization)

Mobile phase
(Ion-pairing reagents) 

 

Fig. 1.2. Three strategies to improve polar compounds retention in liquid 

chromatography. 

 

HILIC in targeted metabolomics 

Compared with conventional RPLC, HILIC is an alternative useful analytical method 

for polar compounds, in which the analytes interact with a hydrophilic stationary 

phase and elute with high percent organic solvent as the mobile phase113. HILIC, as a 
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powerful separation technique, has become increasing used in metabolomics 

studies114-116. Besides offering improved separation efficiency, HILIC coupled to mass 

spectrometry provides high MS sensitivity due to increased ionization efficiency 

resulting from the high proportion of organic solvents in the mobile phases116, 117. 

Ion-pairing reversed-phase liquid chromatography in targeted metabolomics 

Ion-pairing reversed-phase liquid chromatography, as a more general and applicable 

technique, is widely used to analyze ionic and polar molecules in complex mixtures. 

Ion pair chromatography relies upon the addition of ion-pairing reagents (ions with 

the opposite charge of target analytes) to the mobile phase to promote the formation 

of ion pairs with the ionic components, as well as provide a hydrophobic region to 

interact with the stationary phase. Tributylamine (TBA)110, 118, 119 and 

heptaflurobutyric acid (HFBA)120-122, as volatile ion-pairing reagents, are 

recommended for anionic metabolites (phosphorylated carbohydrates, carboxylic 

acids, nucleotides), and cationic components (amino acids, polyamines, vitamin B6 

vitamers, glycerophosphoethanolamine, lyso-glycerophosphocholine, 

lyso-glycerophosphoethanolamine) separation respectively. By using the ion-pairing 

reagents, it is easy to achieve sufficient retention and sharp peak for those 

metabolites. 

In addition to using different liquid chromatographic methods in parallel, it is worth 

noting that two-dimensional chromatography approaches have also been developed 

for metabolomics, which permit orthogonal separation occur serially123-125. 

Chemical derivatization and stable isotope labeling 
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In targeted metabolomics analysis, reference materials of each targeted metabolite are 

essential for quantitative and qualitative analysis. However, the lack of authentic 

standards is one of the current challenges generally faced. Chemical derivatization of 

metabolites enables introduction of individual internal standard for all targeted 

compounds by using isotopically labeled reagents and facilitating the relative 

quantitation of each derivatized metabolite. 

Different stable isotopic labeling strategies have been developed that introduce 

isotope-enriched tags taking advantages of various chemical derivatizations. Guo et. 

al.126 reported a targeted metabolome analysis strategy by using reductive amination 

to introduce isotopic tag onto both primary and secondary amine metabolites and 

applied this strategy to the quantification of amine-containing metabolites in human 

urine by LC-ESI MS analysis. This method was proved to be effective to overcome 

matrix effects, and the characteristic mass difference between the heavy and light 

dimethylamines provided additional information to facilitate metabolite identification. 

Guo et. al.127 also demonstrated the isotope labeling method for profiling carboxylic 

acid-containing metabolites in biofluids by mass spectrometry using isotope-coded 

p-dimethylaminophenacyl (DmPA) bromide as the reagent. This labeling approach 

was showed to be effective for accurate metabolite quantification, improvement of the 

chromatographic retention, enhancement of ESI ionization efficiency, and facilitated 

identification of the metabolites. Very recently, the use of isotope-labelled 

derivatization reagents (alkylation and silylation) in GC-MS/MS analysis for most of 

the metabolites involved in central carbon metabolism has been reported128, 129.  
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Mass spectrometry detection strategies in targeted metabolomics 

Rather than covering as many metabolites as possible in non-targeted metabolite 

profiling, targeted metabolomics analysis mainly focused on detection of specific 

analytes of interest. Both gas chromatography- and liquid chromatography-based 

mass spectrometry methods are commonly used in targeted metabolomics. 

Selected ion monitoring (SIM) in GC/MS for quantitative targeted analysis 

For multiple compounds quantitation in targeted metabolomics, GC/MS is always 

operated in the selected ion monitoring (SIM) mode, which allows selective detection 

of the specific compounds with enhanced sensitivity relative to full scan mode. 

Typically two unique ions are monitored for each compound, with unwanted ions 

being filtered. GC/SIM-MS can greatly increase sensitivity, also be able to reduce 

complex matrix interferences. Target metabolite analysis of free amino acids in 

plasma as silylated derivatives by GC-SIM-MS has been reported130. MRM coupled 

with stable isotope labeling technique using a triple quadrupole GC/MS for 

quantification of amino and non-amino organic acids has also been described128. 

MRM in LC/MS for quantitative targeted analysis 

Triple quadrupole mass spectrometry combined with liquid chromatography operated 

in the MRM mode becomes a gold standard for quantitative measurement of target 

compounds. MRM methods, principally more specific than SIM, permit both 

structure-dependent specificity for the analytes and its relative or absolute 

determinations. Analytical strategies developed for LC/MS-based targeted 

metabolomics were reviewed in detail by Lu et. al131. 
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Remarkable achievements in mass spectrometric technology have made it possible to 

simultaneously quantitative analysis more than hundreds of metabolites in a single run 

by fast positive/negative ion–switching132, which are really useful for large-scale 

analysis with limited sample volumes.  

Stable isotope tracer analysis in targeted metabolomics 

Stable isotope tracer, applied to elucidate metabolic pathways, can provide dynamic 

information about cellular metabolism. Through the combined use of stable isotope 

tracers and hyphenated chromatography mass spectrometry, altered metabolic 

networks would be deciphered. The 13C labeled glucose at different positions was 

commonly used to trace metabolic pathways, which using glucose as the only nutrient 

carbon source. (Fig.1.3) 

Hexokinase

Glucose-6-phosphateGlycogen Pentose phosphate 
pathway 

Glycolysis

Glucose

Glycogenesis

Pyruvate
TCA CYCLE

 

Fig. 1.3 Simplified pathways of glucose metabolism. 

1.3 Aims of projects 

1) To develop quantitative targeted metabolomics platforms for central carbon 

metabolism in cancer cells by ultrahigh performance liquid chromatography 
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tandem mass spectrometry. 

2) To characterize the altered metabolic pathways induced by oncogenic mutations 

by the established quantitative targeted metabolomics. 

3) To understand O-GlcNAcylation for supporting cell growth and survival. 

4) To perform urinary non-targeted metabolite profiling for a better understanding of 

Alzheimer’s disease. 
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Chapter 2 

Development of targeted metabolomics method by using ion-pairing 

reversed-phase liquid chromatography tandem mass spectrometry to elucidate 

cancer metabolism 

 

2.1 Introduction 

Reprogramming cellular metabolism is an emerging hallmark of cancer133, which 

characterized by high glycolysis even under aerobic conditions, known as the 

Warburg effect134. Growing number of abnormal metabolic patterns in different types 

of cancer including breast3, lung4, leukemias135 and pancreas136 are reported, which 

are mechanistically related to the malfunctions of metabolic enzymes, as well as the 

alterations of oncogenes or tumor suppressor genes137. These recent advances have 

extended our understanding of altered metabolism in cancer biology, with 

bioenergetic and biosynthetic requirements, as well as the maintenance of redox 

homeostasis highlighted138. Fundamentally, the altered metabolism may offer 

promising opportunities for the development of novel therapies to target cancer cell 

metabolism139. Thus, more explorations to unravel the specific metabolic features in 

various conditions are expected for further advancement by means of 

multidisciplinary approach. 

Metabolites play a key role in cancer metabolism, either to serve as nutrients for 

energy production or precursors for macromolecular biosynthesis134. Accordingly, the 

systematic survey of metabolites, termed as metabolomics, is considered to provide a 
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direct functional readout of the biochemical activity or (patho)physiological status of 

a cell140. Among the analytical technologies employed for measuring these small 

molecules, mass spectrometry coupled to different separation techniques, such as 

capillary electrophoresis141, capillary ion chromatography142, gas chromatography143, 

high performance liquid chromatography132 or microfluidic chips144, are the major 

tools to analyze a wide range of metabolites simultaneously. Considering the 

remarkable differences in abundance and chemical diversity, as well as the 

coexistence of isomeric and isobaric metabolites, tandem mass spectrometry coupled 

to liquid chromatography has always been desirable principally due to the high 

separation efficiency with adjustable selectivity through changes in the mobile and 

stationary phase in separation systems108, 110, 145-147, and high sensitivity as well as 

selectivity provided by tandem mass spectrometry148, 149. By using targeted or 

nontargeted approach or a combination of both, LC/MS-based metabolomics requires 

fit-for-purpose sample preparation150, sensitive and reliable instrumental methods as 

well as powerful bioinformatics tools for data processing and analysis132, 151. It is a 

remarkable fact that tandem mass spectrometry coupled with ultra high performance 

liquid chromatography (UPLC-MS/MS) serves as a key tool enabling fast and 

sensitive analysis of small molecules in complex biological systems145, 148. 

Development of UPLC-MS/MS-based metabolomics platform capable of analyzing a 

broad range of metabolites in diverse biological processes, including cancer studies, is 

continuously increasing and expected152. 

Previously, hyphenated liquid chromatographic and mass spectrometric methods, such 
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as hydrophilic interaction chromatography mass spectrometry (HILIC-MS)108, 132, 153, 

ion-pairing reversed phase liquid chromatography tandem mass spectrometry110, 118, 119, 

145, 154, 155, or other separation strategies141, 142, 146-148, 156-158, have proven to be a 

powerful tool for measuring cell metabolism and characterizing metabolic variations 

under certain physiological or pathological conditions. Within living cells, a core set 

of metabolic event, called the central carbon metabolism, including glycolysis, the 

TCA cycle (also known as the citric acid cycle or the Krebs cycle), pentose phosphate 

pathway, lays foundation for the generation of energy and reducing power and the 

production of intermediates and biosynthetic precursors that are essential for cell 

growth, proliferation and cell survival. Indeed, compelling evidence indicates that 

there are three crucial requirements for supporting cancer cell growth and 

proliferation: accelerated energy production, sufficient macromolecular biosynthesis 

and maintenance of redox balance133, 134, 138, 159. In the meanwhile, the importance of 

investigating regulation of cancer cell metabolism via appropriate model systems, and 

the need for continual improvement of existing methods as well as development of 

new techniques allowing more sophisticated measurements of cell metabolism come 

into focus even more clearly when we examine the complex relationship between 

metabolism, cancer, and genetics. Therefore, in this work, by choosing immortal 

hepatic cell line LO2 as experimental model for HCC research, we concentrate on 

targeted metabolomics, focusing attention on analyzing for glycolysis and its 

interconnected pathways, to elucidate oncogene-induced metabolic changes through 

the relative quantification of specific known metabolites involved in carbohydrate 
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metabolism using liquid chromatography tandem mass spectrometry. Here we present 

the development and the application of mass spectrometry-based targeted 

metabolomics platform for liver cancer cell metabolism research. The platform uses 

heptafluorobutyric acid (HFBA) and tributylamine (TBA) as ion-pairing reagents in 

two reversed phase liquid chromatography system with complementary separation 

selectivities, coupling to electrospray ionization triple quadrupole tandem mass 

spectrometry operated in positive and negative ion mode, respectively. The platform 

has been successfully applied to measure central carbon metabolites and amino acids 

in human hepatic cell line LO2 transfected with the oncogene eukaryotic translation 

initiation factor 5A2 (EIF5A2), clearly demonstrated the feasibility of the developed 

platform. 

2.2 Materials and methods 

2.2.1 Chemicals and reagents 

Acetonitrile and methanol for sample preparation and chromatographic separation 

were HPLC grade and obtained from Tedia (Fairfield, OH, USA). Ultrapure water 

was purified by a Milli-Q Academic Water Purification System from Millipore 

(Millipore, Bedford, MA, USA). TBA (99%) was purchased from Acros Organics 

(New Jersey, USA). HFBA (≥ 99.5%) and the highest purity commercially available 

metabolite standards were obtained from Sigma-Aldrich (St. Louis, MO, USA) and 

used without further purification. (Table A2.1) DMEM media, fetal bovine serum, 

penicillin-G and streptomycin were obtained from Life Technologies (Gibco BRL, 

Grand Island, NY, USA). Immortalized human liver cell line LO2 was purchased 
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from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). 

2.2.2 Cell culture and sample preparation 

EIF5A2-ORF were amplified using polymerase chain reaction (PCR) and cloned into 

mammalian expression vector pcDNA 3.1 (Invitrogen, Life Technologies, Carlsbad, 

CA, USA) according to the manufacturer’s instructions. Transient transfection of 

EIF5A2-expressing vector (pcDNA3.1-EIF5A2) or empty vector into LO2 cells was 

conducted in parallel as previously described160. EIF5A2-transfected cells and empty 

vector-transfected control were maintained in high-glucose DMEM supplemented 

with 10% fetal bovine serum and 1% penicillin-G/streptomycin. All cell cultures were 

incubated at 37 °C in a humidified atmosphere of 95% air and 5% CO2 and the culture 

medium was changed twice a week. 

Sample preparation, including biochemical reactions flash-quenching and intracellular 

metabolites extraction was performed by snap-freezing in liquid nitrogen followed by 

extraction with cold 80% methanol solution based on previous reports8, 12, 132, 161. In 

brief, after removal of the growth medium, the cells were quickly rinsed with 

pre-warmed PBS (pH 7.4, 37 °C). After washing, any remaining wash buffer was 

discarded and the plastic Petri dish was immediately frozen in liquid nitrogen to 

quench metabolism, then briefly placed on dry ice, and followed by cold 80% 

methanol metabolite extraction or short-term (one week) conserved at −80 °C until 

further sample treatment. 

For metabolite extraction, the dishes were thawed on ice and 1.5 mL of ice cold 80% 

methanol (containing internal standards 0.32 μg•mL-1) was added to each plate. The 
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cells were scratched from the culture dish in the solvent, and transferred into a 15 mL 

BD Falcon tube. Immediately, the capped tubes were immersed and kept in liquid 

nitrogen until the fluid stopped boiling, and then thawed on ice for 3 min, followed by 

briefly vortexed and spun (30 s) in the tube. This freeze-thaw-vortex cycle was 

repeated two more times. The samples were incubated at −20 °C for 1 hour, allowing 

release of metabolites, and centrifuged at 3000 rpm for 3 min at 4 °C. Supernatants 

were then transferred to new 2-mL Eppendorf microcentrifuge tubes, and the residues 

were extracted once in cold H2O by almost identical procedure of the formal 80% 

MeOH extraction, with the freeze-thaw cycle step omitted. The supernatants were 

pooled together for each sample and dried under the gentle nitrogen gas stream at 

room temperature. The extracts were re-dissolved in 100 μL HPLC grade water and 

centrifugaed at 12, 000 rpm for 15 min at 4 °C. Supernatants were then transferred to 

new glass sample vials for UPLC-MS/MS analysis. All experiments were performed 

in four biological replicates. 

2.2.3 Instrumentation 

High resolution mass spectrometry experiments were performed on a quadrupole 

orthogonal acceleration time-of-flight mass spectrometer (API QStar Pulsar I, Applied 

Biosystems/MDS SCIEX, Concord, ON, Canada) equipped with a Turbo-Spray 

ionization source, and the instrument was controlled by Analyst QS 1.1 software from 

the same company. UPLC-MS/MS analyses were performed on a Waters Acquity ultra 

performance liquid chromatograph (UPLC) system hyphenated with a Waters TQD 

triple quadrupole mass spectrometer fitted with a Z-spray electrospray ionization 
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source. MassLynx v.4.1 software was used for data acquisition and analysis (Waters 

Corp., Milford, MA, USA). 

Direct injection ESI-MS/MS 

Standards dissolved in H2O (10 μg•mL-1) were introduced into Waters TQD triple 

quadrupole mass spectrometer by syringe infusion pump (flow rate, 10 μL•min-1 with 

Hamilton Microliter, Harvard Apparatus). Full scan mass spectra were utilized to 

provide the protonated molecule [M+H]+ in the positive ion mode or the deprotonated 

molecule [M–H]– in the negative ion mode over the mass range from m/z 50 to a m/z 

value 50 Th greater than that of the individual metabolite. Product ion spectra were 

generated from the precursor ion ([M+H]+ or [M–H]–) at different cone voltages (CV) 

and collision energies (CE), varying from 5 to 45 eV with a step size of 5 eV, and with 

the resulting settings further fine-tuned adjustments if necessary. The optimization of 

cone voltages and collision energies was achieved individually for each compound. 

MRM transitions were obtained by the combination of the specific precursor ion and 

the unique fragment ion with high sensitivity and selectivity. For this infusion 

experiment, ion source parameters of the desolvation temperature and gas flow rate 

were maintained at 200 °C and 400 L•h-1, respectively. 

Exact mass measurement of product ions with Q TOF-MS/MS 

Elucidation of common fragmentation patterns of the carboxylic acids and 

identification of distinctive product ions were performed on a quadrupole orthogonal 

acceleration time-of-flight mass spectrometer in negative ion mode. Product ion 

spectra of individual precursor ion were acquired at various collision energies, 
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varying from 5 to 25 eV, with a step size of 5 eV. The TurboIonSpray parameters were 

optimized as follows: ion source gas 1 (GS 1), gas 2 (GS 2), and curtain gas (CUR) 

was set at 20, 15, and 30, respectively. No temperature of GS 2 was applied. Ion spray 

voltage (IS), declustering potential (DP), declustering potential 2 (DP 2), focusing 

potential (FP) was set at −3500 V, −50 V, −10 V, and −120 V. The mass range was set 

from m/z 40 to 500. External calibration of the mass spectrometer was conducted 

prior to each measurement using 20 ng•mL-1 solution of taurocholic acid in 

acetonitrile/water (50:50, V/V).  

Two complementary chromatographic separation methods  

HFBA and TBA, as MS-compatible ion-pairing reagents, were adopted for the 

complementary analysis of cationic and anionic water-soluble metabolites through 

two independent injections using separate dedicated C18 columns, respectively. 

Analysis of the cationic metabolites was achieved by ion-pairing LC-MS/MS using 

HFBA as the volatile mobile phase additive on a Waters Acquity UPLC BEH C18 

column (2.1 mm × 100 mm, 1.7 μm) with the mobile phase consists of 100% pure 

methanol (Eluent A) and methanol-water mixture (3:97, v/v) containing 0.02% HFBA 

and 0.1% glacial acetic acid (Eluent B). The optimal gradient elution was carried out 

at a flow rate of 200 μL•min-1 with details as follows: initially 0 % A for 3 min, and 

then increased to 15% A at 4 min, to 35% A at 9 min, to 95% A at 9.2 min and 

maintained at this condition for 3 min, and returned to initial condition at 12.3 min, 

which was followed by 8 min column re-equilibration. The column (labeled as 

‘ip-HFBA-C18’) was maintained at room temperature (25 °C). The mass spectrometer 
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was operated in positive ionization mode. The optimized ion source parameters were 

as follows: capillary voltage 2.8 kV, source and desolvation temperatures were 120 °C 

and 400 °C, respectively. Nitrogen gas was used as the desolvation gas (800 L•h-1) 

and cone gas (50 L•h-1). High purity argon gas was used for collision-induced 

dissociation in MRM mode.  

Analysis of the anionic metabolites was conducted on the same instrument, but with 

another dedicated column (Waters Acquity UPLC BEH C18, 2.1 mm × 100 mm, 1.7 

μm, labeled as ‘ip-TBA-C18’), using TBA as a volatile ion-pairing reagent. Mobile 

phase A and B were 100% pure methanol and methanol-water mixture (3:97, v/v) 

containing 10 mM TBA and 15 mM glacial acetic acid, respectively. The mobile 

phase flow was maintained at 200 μL•min-1 during all the following gradient elution: 

initially 0 % A for 3 min, and then increased to 3% A at 6 min, to 25% A at 9 min, to 

60% A at 13 min, to 95% A at 15.5 min, and maintained at this condition for 7.5 min, 

and returned to initial condition at 23.5 min, which was followed by 8 min column 

re-equilibration. The column was kept at room temperature (25 °C). The mass 

spectrometer was operated in negative ionization mode. The optimal ion source 

parameters were as follows: capillary voltage 3.0 kV, source and desolvation 

temperatures were 120 °C and 300 °C, respectively. Nitrogen gas was used as the 

desolvation gas (800 L•h-1) and cone gas (50 L•h-1). Argon as the collision gas was 

used for molecular dissociation in MRM mode. 

2.2.4 Quality control using common reference compounds 

A simple quality control strategy based on three common exogenous compounds 
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(PCPA, DMABA, Q-15N2) and two sets of endogenous metabolites (the isomer pairs 

of citrate & isocitrate, coded as Cit-IsoCit; and leucine & isoleucine, coded as 

Leu-IsoLeu) was established to assess the efficiency and reproducibility of the entire 

targeted metabolomic workflow. The PDQ-Mix (mixture of PCPA, DMABA, Q-15N2 

dissolved in 80% methanol) was added before making metabolites extraction, to 

evaluate sample preparation methods. Aqueous solution of Cit-IsoCit, and Leu-IsoLeu 

was served as a quality tracker for assessing UPLC-MS/MS performance in negative 

and positive ion mode, respectively. The solutions of Cit-IsoCit or Leu-IsoLeu were 

automatically analyzed at the beginning, the end, and at regular intervals (every eight 

injections) throughout the analytical run. Variations in peak shape, retention time, loss 

of chromatographic resolution, and the signal response in mass spectrometry were 

checked manually. 

2.2.5 Quantification and method validation 

External standard methods were used for absolute and relative quantification of the 

targeted metabolites. Calibration curves were constructed using the least-square linear 

regression by plotting the peak areas against the corresponding concentrations from 

the analysis of 7-point working standard solutions. Method validation was performed 

by studying intraday (low, medium, and high concentration levels at three different 

time points) and interday (three consecutive days) precision for representative 

metabolites of three categories (phosphorylated sugars, carboxylic acids, and amino 

acids), linear range, limit of quantification (LOQ, defined as a signal-to-noise ratio 

(S/N) of ten), limit of detection (LOD, defined as a signal-to-noise ratio (S/N) of three), 
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potential interferences, reproducibility and stability. 

2.2.6 Instrument cleaning and maintenance 

After the analysis in positive ion mode, the dedicated solvent channel for the HFBA 

method was cleaned in the following sequential manner: flushing the entire HPLC 

system (without column) with 1 mM ammonium hydroxide in water (approximate pH 

10), followed by a mixture of methanol/isopropanol/acetonitrile (60/20/20 in volume 

ratios), and then return it to general cleaning cycle. The eluent was diverted to waste 

during the whole cleaning process. The clean-up of ‘ip-HFBA-C18’ column and MS 

ion source was conducted using normal procedures. 

For instrument cleaning after analysis in negative ion mode (the TBA method), 

similar procedure was performed, with 1% formic acid in water used for the removal 

of TBA. The ‘ip-TBA-C18’ column and MS ion source were also routinely cleaned. 

2.3 Results and discussion 

To achieve the goal of establishing a mass spectrometry-based quantitative 

metabolomics platform for cancer studies, in this work, we concentrated our efforts on 

developing triple quadrupole tandem mass spectrometry with MRM coupled to ultra 

high performance liquid chromatography for measurements of the central carbon, 

energy and redox metabolism and amino acid metabolism pathways in cultured 

human cells. 

2.3.1 Metabolites categorized as cationic or anionic species for complementary 

separation and detection 

As a prelude towards developing a sensitive and selective MRM mass spectrometric 
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method for targeted quantitative assays, we selected 73 small molecule metabolites 

from among the amino acid and carbohydrate metabolism pathways. These polar and 

water-soluble molecules with diverse chemical structures and physical properties were 

categorized broadly into two major classes defined as the cationic and anionic species, 

according to the fact that whether the compounds possess proton donor or acceptor 

abilities via Brønsted–Lowry acid–base theory. Thus, nitrogen-containing metabolites, 

including amino acids, were assigned as the cationic species. Likewise, carboxylic 

acids and compounds with phosphate group were grouped into the anionic species, as 

sorted in Table A2.1. Since their charge state (e.g., positively charged or negatively 

charged or zwitterionic) can be a major determinant in controlling pseudo-molecular 

ion formation in mass spectrometry, electrospray ionization was performed in positive 

ion and negative ion mode for the cationic and anionic species in this work, 

respectively. Consequently, for nitrogen-containing metabolites, the protonated 

pseudo molecular ions were acquired in full scan mass spectra and selected as 

precursor ions for following collision experiments. Similarly, the deprotonated pseudo 

molecular ions were obtained and used as precursors for acidic compounds. The 

results for each metabolite were summarized in the second column (PRECURSOR) of 

Tables 2.1 & 2.2. 
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Table 2.1 Quantification and confirmation transition ion lists and the optimized 

MS/MS conditions for the anionic species MRM assays in negative ion mode. 

 

METABOLITE NAME PRECURSOR 
([M−H]−) 

PRODUCT 
ION 
(quantifier/
qualifier) 

CONE 
VOLTAGE 
(V) 

COLLISION 
ENERGY 
(eV) 

G6P 259 97 -30 -12 
259 139 -30 -12 

F6P 259 97 -30 -12 
259 169 -30 -12 

FBP 339 79 -30 -20 
339 241 -30 -15 

G3P 169 97 -25 -12 
169 79 -25 -20 

E4P 199 97 -30 -12 
199 79 -30 -20 

S7P 289 97 -30 -12 
289 79 -30 -20 

R5P 229 97 -30 -15 
229 79 -30 -15 

TPP 423.1 302 -21 3 
- - - - 

UDP-GlcNAc 606 159 -30 -40 
606 385 -30 -40 

Pyruvate 87 43 -25 -10 
- - - - 

Lactate 89 43 -25 -10 
89 45 -25 -10 

Citrate  191 111 -25 -10 
191 87 -25 -10 
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Table 2.1 Quantification and confirmation transition lists and the 

optimized MS/MS conditions for anionic species MRM assays in negative 

ion mode (Continued). 

 

Isocitrate 191 111 -25 -12 
191 85 -25 -12 

α-ketoglutarate 145 101 -20 -10 
 
Succinate 

145 57 -20 -10 
117 73 -25 -10 

 
Fumarate 

117 99 -25 -10 
115 71 -25 -12 

 
Malate 

115 45 -25 -12 
133 115 -20 -10 

 
Oxaloacetate 

133 71 -20 -10 
131 87 -20 -6 

 
Acetyl-CoA 

131 43 -20 -6 
808 134 -50 -40 

 
Coenzyme A 

808 404 -50 -40 
766 159 -50 -40 

 
AMP 

766 79 -50 -40 
346 79 -30 -22 

 
ADP 

346 134 -30 -22 
426 79 -40 -40 

 
ATP 

426 159 -40 -40 
506 159 -40 -40 

 
IMP 

506 79 -40 -40 
347 79 -30 -25 

 
Glutathione  

347 97 -30 -25 
306 143 -25 -15 

 306 128 -25 -15 
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Table 2.1 Quantification and confirmation transition lists and the optimized MS/MS 

conditions for anionic species MRM assays in negative ion mode (Continued). 

 

Glutathione disulfide 611 272 -40 -40 
 
Serine 

611 306 -40 -40 
104 74 -20 -15 

 
Glutamine 

104 42 -20 -15 
145 127 -20 -15 

 
 

145 118 -20 -15 
    

Aspartic acid 132 88 -25 -15 
 
Glutamic acid 

132 71 -25 -15 
146 102 -25 -15 

 
L-Glutamine-15N2 

146 128 -25 -15 
147 129 -20 -15 

 
Uric acid 

147 120 -20 -15 
167 124 -30 -20 

 
Inosine 

167 42 -30 -20 
267 135 -30 -25 

 
Xanthine 

267 108 -30 -25 
151 108 -30 -25 

 
Hypoxanthine 

151 42 -30 -25 
135 92 -30 -25 

 135 65 -30 -25 
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Table 2.2 Quantification and confirmation transition lists and the optimized MS/MS 

conditions for cationic species MRM assays in positive ion mode. 

 

METABOLITE 

NAME 

PRECURSOR 

([M+H]+) 

PRODUCT 

ION 

(quantifier/qua

lifier) 

CONE 

VOLTAGE (V)

COLLISION 

ENERGY (eV) 

Alanine 90 44 18 18 
90 72 25 20 

Arginine 175 70 18 20 
175 158 20 25 

Asparagine 133 74 25 20 
133 46 15 20 

Aspartic acid 134 88 18 18 
134 116 30 20 

Cysteine 122 59 15 20 
122 105 10 10 

Glutamic acid 148 84 16 15 
148 130 20 20 

Glutamine 147 84 20 15 
147 130 20 10 

Glycine 76 30 20 18 
Histidine 156 110 20 15 

156 93 20 22 
Isoleucine 132 86 15 10 

132 69 20 20 
Leucine 132 86 15 10 

132 44 20 20 
Lysine 147 84 20 15 

147 129 20 10 
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Table 2.2 Quantification and confirmation transition lists and the optimized MS/MS 

conditions for cationic species MRM assays in positive ion mode (Continued). 

 

Methionine 150 133 16 10 
150 104 16 15 

Phenylalanine 166 120 18 15 
166 103 18 18 

Proline 116 70 18 18 
Serine 106 60 18 16 

106 88 18 12 
Threonine 120 74 15 15 

120 120 15 11 
Tryptophan 205 146 20 20 

205 188 30 15 
Tyrosine 182 136 18 16 

182 165 18 12 
Valine 118 72 15 10 

118 55 20 20 
Sarcosine 90 59 20 20 

90 44 20 25 
Taurine 126 108 16 10 
Agmatine  131 72 23 18 
Nicotinamide 123 80 25 20 

123 96 25 12 
Glucosamine 180 162 25 15 

180 144 25 15 
Putrescine 89 72 25 10 
Citrulline 176 159 25 10 

176 70 20 25 
Ornithine 133 70 25 12 

133 116 20 10 
Carnitine 162 60 25 15 

162 103 25 15 
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Table 2.2 Quantification and confirmation transition lists and the optimized MS/MS 

conditions for cationic species MRM assays in positive ion mode (Continued). 

 
Ac-carnitine 204 85 25 18 

204 60 25 15 
Ac-cysteine 164 122 25 10 

164 76 25 15 
Biotin 245 227 25 15 

245 97 25 30 
Riboflavin 377 243 20 25 

377 159 20 30 
Thiamine 265 122 20 20 

265 144 25 10 
Pal-L-carnitine 400 85 40 35 
Homocysteine 136 90 25 10 

136 56 25 10 
Folic acid 442 295 30 15 

442 176 30 30 
DH-folic acid 444 297 25 12 

444 178 30 15 
TH-folic acid 446 299 30 15 
Arginino-SA 291 70 20 25 

291 116 20 15 
SAH 385 136 25 20 

385 134 25 20 
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Table 2.2 Quantification and confirmation transition lists and the optimized MS/MS 

conditions for cationic species MRM assays in positive ion mode (Continued). 

 

SAM 399 250 22 15 
399 136 20 18 

PCPA 200 154 18 18 
    
200 83 18 18 

DMABA 166 122 20 15 
166 78 20 25 

Q-15N2 149 85 20 15 

 

2.3.2 Fragment ions generated via energy-resolved collision induced dissociation 

(ER-CID) in QQQ & Q-TOF MS/MS 

To obtain fundamental information for creating quantitative and confirmative 

transitions (quantifier and qualifier ions) for MRM assays, energy-resolved MS/MS 

experiments of the selected precursor ions were designed to study the CID 

fragmentation patterns. The major MS/MS fragment patterns of each metabolite with 

different functional groups were characterized, which was discussed in more detail 

below. 

For the anionic species, [M−H]− ions were the dominant precursors and their MS/MS 

mass spectra were influenced by the type and number of functional groups, and the 

instrument parameters, such as cone voltage and collision energy applied. As shown 

in Figure 2.1, the distinct patterns of carboxylic acids exhibit neutral loss of H2O and 

CO2 to give peaks which corresponds to [M−18−H]− and [M−44−H]−, prominent due 

to cleavage of bonds next to C=O (Fig. 2.1A). For metabolites containing phosphate 
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group, like phosphorylated carbohydrates and nucleotides, the main fragment ions are 

m/z 97 or 79, which result from [H2PO4]− or [PO3]− (Fig. 2.1B), indicative of presence 

of phosphate moieties. Amino acids and nitrogen-containing compounds, here 

categorized as cationic species, the expected [M+H]+ ions and their specific MS/MS 

fragment ions were obtained by the positive ion mode, that were wrapped up in the 

third column (PRODUCT ION) of Tables 2.1 & 2.2. 
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Fig. 2.1 MS/MS fragmentation patterns of carboxylic acid and phosphorylated 

carbohydrate, illustrated with succinate and glucose 6-phosphate. (A). Neutral loss of 

44 was predominantly observed, as a general fragmentation feature of carboxylic 

acids; (B) the cleavage of phosphate group of phosphorylated carbohydrates results in 

the major ion [H2PO4]− m/z 97. 
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The cone voltage (CV) and collision energy (CE), two critical MS/MS parameters, 

were optimized by full scan mass spectrometry, and sequentially followed by collision 

induced dissociation experiments, both in energy-resolved manners, to give the most 

abundant molecular ion as well as structurally informative fragment ions. Glucose 

6-phosphate, as an illustrative example, the results showed that the peak intensity of 

precursor ion (m/z 259) was increased with the incremental adjustment of the cone 

voltage until 30-35 V, after that point, the precursor ion intensity decreased due to 

in-source fragmentation occurs, shaped like inverted U-curve (Fig. 2.2A&C). Since 

the cone voltage serves to focus the ion beam through the sample cone with the result 

that the optimal precursor ion intensity was observed at a cone voltage of 30-35 V. 

Similarly, the optimization of collision energy value was performed through the 

utilization of product ion scan, via collision induced dissociation experiments. The 

result showed that the best signal intensity of the major fragment ion (m/z 97) was 

obtained at an operation range of 10-15 eV (Fig. 2.2B&D). Thus, the energy-resolved 

mass spectrometric experiments described here allows the identification of the 

optimal CV and CE values for each targeted molecular ion and the predominant 

product ions. 
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Fig. 2.2 Energy-resolved mass spectra of the deprotonated glucose 6-phosphate m/z 

259 in negative ion mode. The top panel shows the schematic of a triple quadrupole 

mass spectrometer here with the two critical parameters CV (cone voltage) and CE 

(collision energy) displayed in red color; (A) Full scan mass spectra of m/z 259, 

showing the effect of the cone voltage setting of 15-40 V on the signal response of 

precursor ion, and its corresponding peak intensity was plotted as a function of the 

cone voltage applied as shown in (C); (B) Product ion mass spectra of m/z 259, 

showing the effect of the collision energy setting of 8-25 V on the generation of 

predominant fragment ions, and its major product ion (m/z 97) intensity was plotted as 

a function of the collision energy applied as shown in (D). 

  

m/z
50 75 100 125 150 175 200 225 250 275 300 325 350 375 400

%

0

100

%

0

100

%

0

100

%

0

100

%

0

100

%

0

100 259

259

259

259

259

199

97
259

CV: 15

0

5

10

15

20

25

30

35

5 10 15 20 25 30 35 40 45 50

In
te

ns
ity

 (*
e6

)

CV

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5 10 15 20 25 30

In
te

ns
ity

 (*
e6

)

CE

m/z
50 75 100 125 150 175 200 225 250 275 300 325 350 375 400

%

0

100

%

0

100

%

0

100

%

0

100

%

0

100 259

97

199 259

97

199 259

97

97

CV: 20

CV: 25

CV: 30

CV: 35

CV: 40

CE: 8

CE: 10

CE: 15

CE: 20

CE: 25

(B)

(C) (D)

(A)



49 
 

Following the same experimental procedures, ER-CID in tandem quadrupole mass 

spectrometer was used to identify specific and common conditions of the CV and CE 

that offer the greatest and stable product ion intensity for each metabolite that studied 

in this work. It is worth noting that TCA cycle metabolite isomers (citrate and 

isocitrate) can be distinguished without ambiguities by their MS/MS spectra that show 

unique ions (m/z 87 of citrate; m/z 73 of isocitrate in Fig. 2.3A&C), even though they 

have identical major fragment ions (m/z 111 of both citrate and isocitrate), along with 

the proposed fragmentation pathways illustrated in Fig. 2.3B&D. The distinctive 

fragmentation patterns of citrate and isocitrate showed unique ions with isomer 

differentiation capability by quadrupole tandem mass spectrometry. 
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Fig. 2.3 Distinguishing structural isomers of citrate and isocirate by MS/MS 

experiment. (A) MS/MS mass spectra of citrate; (B) the proposed fragmentation 

pathways of citrate, supported by the exact mass measurements in Q-TOF MS; (C) 

MS/MS mass spectra of isocitrate; (D) the proposed fragmentation pathways of 

isocitrate, supported by the exact mass measurements in Q-TOF MS. Of note, Citrate 

and isocitrate produce identical major fragment ion m/z 111, as indicated in red color, 

while their unique ions displayed in blue color (m/z 87 of citrate; m/z 73 of isocitrate). 
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2.3.3 Construction of MRM transition library from ER-CID MS/MS data 

The set up of transitions is essential for the success of MRM method construction and 

optimization. In general, for most of the targeted metabolites, two MRM transitions 

were selected to monitor: the precursor ion, its most abundant product ion and 

specified fragment ions, which were based on the MS/MS spectra obtained via 

ER-CID experiments. The cone voltage and collision energies were carefully 

optimized for each compound to yield maximum ion intensity for the precursor and 

product ions, and avoid interferences present in complex matrices. The optimal 

transition pairs selected for the final MRM assay are summarized in Table 2.1 and 

Table 2.2. Interestingly, it was found that our results were consistent with previous 

studies done by various mass spectrometric platforms108, 110, 145, 162. From the general 

applicability perspective, it is reasonable to conclude that the transition library 

constructed here can serve as a reliable resource for developing MRM-based assays in 

tandem mass spectrometric analysis. 

2.3.4 Hydrophobic ion-pairing interactions separation (HIPS) strategies for 

targeted metabolomics 

Separation methods play important roles in metabolomics that offering improved 

identification and reliable quantification of metabolites in complex biological 

matrices157. The targeted polar metabolites, which categorized as cationic or anionic 

species, were effectively retained on C18 columns in two separate yet complementary 

chromatographic systems. The key features of the separation methods are using of 

two ion-pair reagents (HFBA & TBA) that carry a charge opposite of the favored 
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cationic and anionic species, respectively. Thus, both the cationic and anionic 

metabolites exhibit enhanced retention and resolution, through the implementation of 

hydrophobic ion-pairing interactions. Here again, the relevant chemical and physical 

properties of the targeted compounds serve as fundamental basis for design of the 

proposed “Hydrophobic ion-pairing interactions separation (HIPS) strategies”, as 

illustrated in Fig.2.4.  
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Fig. 2.4 Mechanistic illustration detailing the hydrophobic ion-pairing interactions 

between HFBA and cationic species, TBA and anionic species, respectively. Note: 

HFBA and heptafluorobutyric acid were favoring cationic species; TBA and 

tributylamine were favoring anionic species. ‘ip-HFBA-C18’ stands for dedicated C18 

column for cationic species analysis; ‘ip-TBA-C18’ stands for dedicated C18 column 

for anionic species analysis. 
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As expected, addition of very low concentrations of HFBA (0.02%) to the mobile 

phase yielded sufficient separation and adequate retention of the highly polar cationic 

species (Fig.2.5). Baseline resolution of the isomeric amino acids leucine and 

isoleucine, as well as glutamine-lysine isobars was achieved with a shorter run time 

(less than 8.0 min, Fig. 2.7A), demonstrating that the designed hydrophobic ion 

pairing method has significant resolving power and peak capacities offering new 

possibilities for high-throughput assays with broad metabolite coverage.  

 
 

Fig. 2.5 MRM chromatograms from the UPLC-ESI-MS/MS analysis of cationic 

species in standards solution. The corresponding metabolite for each peak was 

indicated and its retention time was summarized in Table 2.3. X axis is retention time 

in minutes. 
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Meanwhile, the volatile ion-pair reagent TBA carrying a positive charge was 

employed for separation of the anionic species. The anionic polar metabolites 

involved in central carbon metabolism were well retained and resolved with good 

peak shape. Particularly worthy of note are resolution of isomer pairs. Isocitrate and 

citrate, which are notoriously difficult to separate under general RPLC conditions, 

were successfully resolved from each other in this work (Fig. 2.7B). 

 
 

Fig. 2.6 MRM chromatograms from the UPLC-ESI-MS/MS analysis of anionic 

species in standards solution. The corresponding metabolite for each peak was 

indicated and its retention time was summarized in Table 2.4. X axis is retention time 

in minutes. 
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Fig. 2.7 Representative pairs of isomers from cationic and anionic species are almost 

baseline resolved. (A) Isoleucine (RT 7.33) and leucine (RT 7.61); (B) Isocitrate (RT 

10.06) and citrate (RT 10.49). RT: retention time. 

 

2.3.5 Performance evaluation of the developed method 

Performance evaluation of the developed method was carried out in terms of precision, 

sensitivity, selectivity, linearity, limit of detection (LOD) and limit of quantitation 

(LOQ). Good reproducibility of each metabolite (200 nM concentration level, 

measured three times in a day, for three consecutive days) was achieved as indicated 

by less than 15% coefficient of variation. Evaluation results of the developed method 

for cationic and anionic species are summarized in Tables 2.3 & 2.4. 

  

A B
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Table 2.3 Parameters evaluated for performance assessment of the developed method 

for the cationic species. 

No. Metabolite RT (min) LOD 
(nM)

LOQ 
(nM) 

R2 Reproducibility 

1 Asparagine 1.50 1.5 4.0 0.9999 13.2% 
2 Aspartate 1.50 2.6 7.9 0.9989 5.9% 
3 Threonine 1.69 5.3 15.9 0.9981 2.6% 
4 Serine 1.54 8.0 20.1 0.9902 9.4% 
5 Glutamine 1.60 3.0 8.8 0.9996 7.6% 
 Lysine 3.29 2.8 8.5 0.9996 6.9% 
6 Glutamine-15N 1.59 1.2 3.6 0.9992 2.7% 
7 Alanine 1.56 5.0 15.8 0.9981 11.6% 
8 Proline 1.85 4.0 12.2 0.9975 3.3% 
9 Glycine 1.64 12 36.2 0.9965 1.1% 
10 Glutamate 1.73 3.0 9.2 0.9993 10.8% 
11 Citrulline 1.81 0.8 3.5 0.9994 2.6% 
12 Glucosamine 2.67 0.4 1.2 0.9965 3.1% 
13 Homocysteine 2.72 0.5 1.7 0.9969 7.1% 
14 Argininosuccinic 

acid 
2.80 1.7 4.6 0.9980 1.4% 

15 Ornithine 3.02 1.6 4.8 0.9987 7.1% 
16 Histidine 3.11 2.8 8.6 0.9997 1.1% 
17 Arginine 3.09 1.4 4.1 0.9997 7.9% 
18 Carnitine 3.16 1.6 4.9 0.9992 8.5% 
19 N-Acetyl-L-cysteine 3.92 3.0 9.5 0.9972 2.0% 
20 Valine 3.09 2.1 6.4 0.9932 3.2% 
21 Nicotinamide 4.36 3.0 9.5 0.9988 2.0% 
22 Methionine 5.10 2.0 6.4 0.9999 1.1% 
23 Acetyl-carnitine 6.16 1.2 3.5 0.9967 3.9% 
24 Tyrosine 6.75 1.2 3.5 0.9999 2.4% 
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Table 2.3 Parameters evaluated for performance assessment of the developed method 

for the cationic species (Continued). 

25 SAH 7.25 3.0 9.1 0.9956 7.9% 
26 Isoleucine 7.33 4.0 13.1 0.9999 9.7% 
 Leucine 7.61 2.8 8.5 0.9999 14.9% 
27 Putrescine 7.35 1.4 4.6 0.9943 1.3% 
28 SAM 7.50 0.9 2.8 0.9952 6.6% 
29 Phenylalanine 8.24 0.7 1.5 0.9973 2.7% 
30 Folic acid 8.63 1.5 4.1 0.9995 6.2% 
31 Thiamine 8.71 3.0 8.7 0.9986 7.8% 
32 Biotin 9.35 1.0 3.2 0.9928 0.9% 
33 Riboflavin 9.72 1.0 3.3 0.9935 6.9% 
34 Tryptophan 10.11 3.0 8.5 0.9999 4.7% 
RT: retention time; LOD: limit of detection; LOQ: lower limit of quantification; 
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Table 2.4 Parameters evaluated for performance assessment of the developed method 

for the anionic species. 

No.  Metabolite  RT (min)  LOD 
(nM)

LOQ   
(nM) 

R2  Reproducibility 

1  Glutamine  1.25  0.5  2.1  0.9970  10.3% 
2  Serine  1.25  2.0  7.5  0.9939  5.7% 
3  Glutamate  1.87  0.3  1.2  0.9984  13.2% 
4  Hypoxanthine 1.84  0.7  2.1  0.9976  13.4% 
5  Uric acid  1.96  2.0  6.4  0.9922  13.5% 
6  Xanthine    1.96  0.8  3.2  0.9972  10.2% 
7  Aspartate  2.26  0.1  0.3  0.9948  0.9% 
8  Inosine  2.82  2.0  6.0  0.9901  9.1% 
9  Lactate  3.54  0.8  2.7  0.9995  10.0% 
10  Succinate  4.21    0.5  1.5  0.9983  8.7% 
11  G6P  4.31  3.0  10.0  0.9937  2.1% 
12  S7P  4.50  2.6  10.3  0.9986  2.5% 
13  F6P  4.55  1.5  4.0  0.9974  5.8% 
14  R5P  4.67  4.0  11.0  0.9943  11.2% 
15  GSH  5.91  0.5  1.5  0.9953  1.4% 
16  Malate  6.75  3.0  8.6  0.9991  6.3% 
17  Pyruvate  8.97  10.0 26.0  0.9955  5.1% 
18  AMP  9.66  2.0  5.0  0.9949  12.4% 
19  Isocitrate  10.06  2.0  5.0  0.9917  3.5% 
  Citrate  10.49  3.0  9.0  0.9985  6.1% 
20  AKG  10.57  0.3  1.1  0.9949  4.1% 
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Table 2.4 Parameters evaluated for performance assessment of the developed method 

for the anionic species (Continued). 

21  GSSG  10.75  1.0  4.0  0.9919  5.8% 
22  Fumarate  10.96  2.0  5.0  0.9937  7.1% 
23  FBP  12.09  4.0  12.0  0.9939  4.6% 
24  UDP‐GlcNAc  12.28  1.0  4.0  0.9990  2.9% 
25  CoA  12.33  10.0 30.0  0.9983  3.6% 
26  ADP  12.32  2.0  5.0  0.9975  6.0% 
27  ATP  13.41  5.8  23.0  0.9940  7.8% 
28  Acetyl‐CoA  14.10  6.3  25.3  0.9994  2.3% 
RT: retention time; LOD: limit of detection; LOQ: lower limit of quantification; 

 

2.3.6 Application to elucidate altered cancer metabolism 

To demonstrate the application of the developed UPLC-MRM-based targeted 

metabolomics method, human normal liver cell line LO2 stably transfected with the 

oncogene EIF5A2, as an in vitro model systems, was tested to uncover the metabolic 

alterations associated with human hepatocellular carcinoma (HCC). The obtained 

results are presented below: 

Fig. 2.8 shows the results of targeted quantitative analysis of lactate and ATP 

intracellular levels in the oncogene EIF5A2 over-expression LO2 cell line. 

Significantly increased production of lactate and dramatically decreased level of ATP, 

suggests that over-expression of EIF5A2 can increase the glycolysis pathway and 

suppress mitochondrial energy metabolism. In other words, transfection of EIF5A2 in 

normal liver cell line LO2 can induce the Warburg effect. 
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Fig. 2.8 Glycolysis is altered in the oncogene EIF5A2 over-expressed LO2 cells. (A) 

Schematic illustrating the central metabolic pathways in EIF5A2 OE LO2 cell line; (B) 

EIF5A2 stably transfected LO2 cells; (C) Relative intracellular metabolite abundance 

in EIF5A2 OE LO2 cells. (n = 4; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 

0.001). 
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To assess comprehensively differences in central metabolic pathways, we performed a 

quantitative pathway-centric metabolite expression analysis using the developed 

UPLC-MRM-based targeted metabolomics platform, uncovering that the glycolysis 

and its connected pathways were deregulated in EIF5A2 over-expression LO2 cells 

(Fig.2.9). Consistent with the above findings, glycolytic intermediates downstream of 

phosphofructokinase (PFK) and PPP intermediates were more abundant in EIF5A2 

over-expression LO2 cells versus empty vector cells (Figure 2.9A). Meanwhile, we 

also detected the dramatic alterations of TCA cycle intermediates in EIF5A2 

over-expression LO2 cells. Compared with the vector, over-expression EIF5A2 

resulted in dramatically decreased citrate, fumarate, and malate specific to the TCA 

cycle in the LO2 cells (Figure 2.9A). Interestingly, relatively high levels of succinate 

was also observed in EIF5A2 over-expression LO2 cells, probably due to succinate 

dehydrogenase (SDH) inhibition, that links TCA cycle dysfunction to oncogenic 

transformation. 
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Fig. 2.9 Altered glycolysis and the dramatic alterations of the TCA cycle in EIF5A2 

overexpressed LO2 cells. (A) Relative abundance of the intracellular glycolytic 

intermediates and PPP intermediates; (B) Relative abundance of the intracellular TCA 

cycle intermediates. (n = 4; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001). 

 

Considering the importance of amino acids as energy resource and biomass building 

blocks necessary to support cell growth, we next performed a metabolomics analysis 

via the established UPLC-MRM platform working in the positive ionization mode. 

Indeed, distinct patterns of amino acid imbalance were found in EIF5A2 

over-expression LO2 cells. To be more specific, an increased abundance of 

intracellular non-essential amino acids including glutamine, alanine, proline, aspartate, 

glutamate and asparagine was observed in the EIF5A2 overexpressed LO2 cells (Fig. 

2.10A). On the contrary, the significantly decrease of essential amino acids 

concentration was found in the EIF5A2 overexpressed LO2 cells (Fig. 2.10B). 
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Fig.2.10 Distinct patterns of amino acid imbalance in EIF5A2 overexpressed LO2 

cells. (A) Relative abundance of intracellular non-essential amino acids; (B) Relative 

abundance of intracellular essential amino acids and tyrosine (n = 4; error bars, ± SD. 

* p < 0.05; ** p < 0.01; *** p < 0.001). 

In summary, the obtained results suggested that overexpression of the oncogene 

EIF5A2 could induce altered glycolytic and pentose phosphate pathways, 

dysregulated TCA cycle and amino acid imbalances in human normal liver cell line. 
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2.4 Chapter summary 

A targeted metabolomics platform via using ion-pairing reversed-phase liquid 

chromatography tandem mass spectrometry has been established for the elucidation of 

altered cancer metabolism. Key features of the analytical platform are orthogonal use 

of low concentrations of volatile ion-pair reagents (HFBA for the cationic species, and 

TBA for the anionic species) as mobile phase modifiers in ultra high performance 

liquid chromatography combined with tandem mass spectrometric detection. We 

demonstrate the potential of MRM-based targeted metabolomics to elucidate the 

oncogene EIF5A2 induced metabolic alterations in human hepatic liver cells.  

The UPLC-MRM-based targeted metabolomics platform enabled the quantitative 

measurement of broad range of intermediates and metabolite in complicated 

biological systems. 
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Chapter 3 

Coordinated alterations of glucose metabolism modulated by the 

O-GlcNAcylation in HCC cell line 

 

3.1 Introduction 

O-GlcNAcylation is an O-linked β-N-acetylglucosamine (O-GlcNAc) moiety attached 

to the serine or threonine residues in proteins. O-GlcNAcylation is a dynamic and 

reversible post-translational modification involved in a wide range of biological 

processes and diseases including cancer163, 164. The modulatory capacity of 

O-GlcNAcylation, similar as protein phosphorylation, is of paramount importance in 

the regulation of metabolism and intracellular signaling of tumor cells165, 166. Thus, 

understanding the regulation of O-GlcNAcylation in tumor cells could provide a new 

avenue to cancer diagnosis and management. 

Increasing evidence has suggested that O-GlcNAc glycosylation acts as a nutrient 

sensor of the cellular metabolic state. As such, we postulate that O-GlcNAc 

glycosylation of specific metabolic enzymes may play a role in regulating glycolysis 

and its connected pathways, thus contribute to metabolic alterations in HCC cell lines. 

To test this hypothesis, modulation of O-GlcNAcylation via inhibition of the catalytic 

enzymes O-linked N-acetylgulcosamine transferase (O-GlcNAc transferase, OGT) 

and β-N-acetylglucosaminidase (O-GlcNAcase, OGA) through pharmacological 

experiments were conducted in this work (Fig.3.1). The metabolic changes associated 

with O-GlcNAc modulation in human HCC cell line PLC8024 were characterized by 
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the UPLC-MRM-based targeted metabolomics. 

 

 

Fig. 3.1 O-GlcNAcylation and cancer metabolism. 
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3.2 Materials and methods 

3.2.1 Chemicals and reagents 

Methanol and acetonitrile for chromatographic separation and sample preparation 

were HPLC grade and purchased from Tedia (Fairfield, OH, USA). Ultrapure water 

was obtained by a Milli-Q Academic Water Purification System from Millipore 

(Millipore, Bedford, MA, USA). HFBA (≥99.5%) and TBA (99%) were provided by 

Sigma-Aldrich (St. Louis, MO, USA) and Acros Organics (New Jersey, USA), 

respectively. Alloxan monohydrate, streptozocin (STZ), and the highest purity 

commercially available compounds served as metabolite references were obtained 

from Sigma-Aldrich (St. Louis, MO, USA) and used without further purification. 

DMEM media, fetal bovine serum, penicillin-G and streptomycin were obtained from 

Life Technologies (Gibco BRL, Grand Island, NY, USA). Human HCC cell line 

PLC8024 was purchased from the Institute of Virology, Chinese Academy of Medical 

Sciences (Beijing, China). 

3.2.2 Cell culture and sample preparation 

The culture of PLC8024 cells was conducted in parallel as previously described160. 

Briefly, alloxan-, STZ-treated cells and no-treatment control group were maintained in 

high-glucose DMEM supplemented with 10% fetal bovine serum and 1% 

penicillin-G/streptomycin. All cell cultures were incubated at 37 °C in a humidified 

atmosphere of 95% air and 5% CO2 and the culture medium was changed twice a 

week. 

Sample preparation, including biochemical reactions flash-quenching and intracellular 
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metabolites extraction was carried out by snap-freezing in liquid nitrogen followed by 

extraction with cold 80% methanol solution, through the identical sample preparation 

procedure as described before. For more details, please refer to chapter 2. In less than 

one week, the prepared total cellular extracts were stored at −80 °C before 

UPLC-MRM analysis. All experiments were performed in three biological replicates. 

3.3 Instrumentation 

UPLC-MRM analyses were performed on a Waters Acquity ultra performance liquid 

chromatography system hyphenated with a Waters TQD triple quadrupole mass 

spectrometer fitted with a Z-spray electrospray ionization source. MassLynx v.4.1 

software was used for data acquisition and analysis (Waters Corp., Milford, MA, 

USA). 

The complementary ion-pairing reversed-phase liquid chromatography tandem mass 

spectrometry-based targeted metabolomics platform (Chapter 2) was applied here. 

Hence analysis of the cationic metabolites was performed by ion-pairing UPLC-MRM 

using HFBA as the volatile mobile phase additive on a Waters Acquity UPLC BEH 

C18 column (2.1 mm × 100 mm, 1.7 μm) with the mobile phase consists of 100% 

pure methanol (Eluent A) and methanol-water mixture (3:97, v/v) containing 0.02% 

HFBA and 0.1% glacial acetic acid (Eluent B). The optimal gradient elution was 

carried out at a flow rate of 200 μL•min-1 with details as follows: initially 0 % A for 3 

min, and then increased to 15% A at 4 min, to 35% A at 9 min, to 95% A at 9.2 min 

and maintained at this condition for 3 min, and returned to initial condition at 12.3 

min, which was followed by 8 min column re-equilibration. The column (labeled as 
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‘ip-HFBA-C18’) was maintained at room temperature (25 °C). The mass spectrometer 

was operated in positive ionization mode. The optimized ion source parameters were 

as follows: capillary voltage 2.8 kV, source and desolvation temperatures were 120 °C 

and 400 °C, respectively. Nitrogen gas was used as the desolvation gas (800 L•h-1) 

and cone gas (50 L•h-1). High purity argon gas was used for collision-induced 

dissociation in the MRM mode. 

Similarly, analysis of the anionic metabolites was conducted on the same instrument, 

but with another dedicated column (Waters Acquity UPLC BEH C18, 2.1 mm × 100 

mm, 1.7 μm, labeled as ‘ip-TBA-C18’), using TBA as a volatile ion-pairing reagent. 

Mobile phase A and B were 100% pure methanol and methanol-water mixture (3:97, 

v/v) containing 10 mM TBA and 15 mM glacial acetic acid, respectively. The mobile 

phase flow was maintained at 200 μL•min-1 during all the following gradient elution: 

initially 0 % A for 3 min, and then increased to 3% A at 6 min, to 25% A at 9 min, to 

60% A at 13 min, to 95% A at 15.5 min, and maintained at this condition for 7.5 min, 

and returned to initial condition at 23.5 min, which was followed by 8 min column 

re-equilibration. The column was kept at room temperature (25 °C). The mass 

spectrometer was operated in negative ionization mode. The optimal ion source 

parameters were as follows: capillary voltage 3.0 kV, source and desolvation 

temperatures were 120 °C and 300 °C, respectively. Nitrogen gas was used as the 

desolvation gas (800 L•h-1) and cone gas (50 L•h-1). Argon as the collision gas was 

used for molecular dissociation in the MRM mode. 

3.4 Quantification and method validation 
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Quantitative analysis was made using linear regression analysis method. The 

calibration curves were constructed by plotting the MRM chromatogram peak area of 

the targeted compound against the micromolar concentration of the corresponding 

analyte. Method validation, again as described in chapter two, was performed by 

studying intraday (low, medium, and high concentration levels at three different time 

points) and interday (three consecutive days) precision for representative metabolites 

of three categories (phosphorylated sugars, carboxylic acids, and amino acids), linear 

range, limit of quantification (LOQ, defined as a signal-to-noise ratio (S/N) of ten), 

limit of detection (LOD, defined as a signal-to-noise ratio (S/N) of three), potential 

interferences, reproducibility and stability. 

3.5 Results and discussion 

To uncover how O-GlcNAcylation affects central metabolic pathways, 

pharmacological inhibition experiments employing previously well-established small 

molecular inhibitor of OGA and OGT were performed. Streptozotocin (STZ)167 and 

alloxan168, as non-specific inhibitor of OGA and OGT, respectively, led to distinct 

metabolic alterations in the PLC8024 cells, with details as presented below. 

3.5.1 OGA inhibition induced metabolic alterations 

The PLC8024 cells harvested at two different time points, shown significantly 

decreased level of UDP-GlcNAc after one hour of STZ treatment, and returned to 

near-normal level after 8 hours in the STZ-treated groups (Fig. 3.2A). This data 

clearly indicates the reduced flux of hexosamine biosynthesis pathway (HBP) after 

one hour STZ treatment, since UDP-GlcNAc levels can directly reflect the activity of 
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HBP pathway. Interestingly, cellular levels of lactate and ATP were dramatically 

decreased at both sampling time points (Fig. 3.2B).  

 

Fig.3.2 Pharmacological inhibition of OGA affects cellular metabolism. (A) 

Pharmacological inhibition of OGA resulted in significantly decreased level of 

UDP-GlcNAc after one hour of STZ treatment, and returned to near-normal level after 

8 hours in STZ-treated groups. (B) Pharmacological inhibition of OGA by STZ 

treatment also led to dramatically reduced levels of lactate and ATP at both time 

points (n = 3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., not 

significant). 
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Consistent with this, intermediates in two major energy-generating 

pathways-glycolysis and TCA cycle, such as FBP, citrate and isocitrae, AKG were 

significantly decreased. But, of note, S7P, the intermediate from pentose phosphate 

pathway, its concentration levels were increased with significant difference (Fig. 3.3). 

 

Fig. 3.3 Pharmacological inhibition of OGA leads to dramatically alterations of 

central metabolic pathways including glycolysis, pentose phosphate pathway and the 

TCA cycle. (A) Relative levels of the key intermediates in glycolysis and pentose 

phosphate pathway. (B) Relative levels of the key intermediates in the TCA cycle (n = 

3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., not significant). 

  

G6P FBP S7P

0

1

2

3

R
el

at
iv

e 
le

ve
ls ¸

¸

¸

¸
¸

N.S.

N.S.

Citrate Isocitrate AKG Malate

0.0

0.5

1.0

1.5

R
el

at
iv

e 
le

ve
ls

N.S.

¸¸ N.S.

¸
N.S.

¸

N.S.

N.S.

TCA cyclePPPGlycolysis

OGAi-1h
Control

OGAi-8h

R
el

at
iv

e l
ev

el
s

R
el

at
iv

e l
ev

el
s

G6P FBP S7P Citrate Isocitrate AKG Malate

¸ p < 0.05; ¸¸ p < 0.01

(A) (B)



74 
 

 

Fig. 3.4 Pharmacological inhibition of OGA results in significantly decreased levels 

of amino acids (n = 3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., 

not significant). 
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Moreover, significantly decreased levels of amino acids were observed in the 

STZ-treated cells (Fig. 3.4). The obtained data implied that pharmacological 

inhibition of OGA activity, thus raising levels of O-GlcNAcylation, led to decreased 

glycolysis and TCA cycle but increased pentose phosphate pathway. 

3.5.2 OGT inhibition induced metabolic alterations 

We also performed OGT suppression experiment by using a uridine analog, alloxan as 

one commercially available well-established inhibitor of OGT enzyme. The opposite 

phenotype was observed as compared with OGA inhibition, which is quite consistent 

with the reverse directions of OGT and OGA functions. To be more specific, 

significantly increased levels of UDP-GlcNAc were found in the alloxan-treated cells 

(Fig. 3.5A), showing the increased flux of HBP pathway. Meanwhile, inhibition of 

OGT by alloxan treatment led to dramatically increased levels of lactate and ATP (Fig. 

3.5B). These data suggested that increased glycolysis and the TCA cycle were 

presented in OGT inhibition. Indeed, key intermediates like F6P, FBP, and citrate, 

AKG, succinate from glycolysis and TCA cycle were significantly increased (Fig. 

3.6).  
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At the same time, Fig.3.7 clearly showed that, during OGT inhibition, significantly 

high levels of essential amino acids and non-essential amino acids were obtained. 

 

Fig. 3.5 Pharmacological inhibition of OGT affects cellular metabolism showing the 

opposite status with STZ treatment. (A) Pharmacological inhibition of OGT resulted 

in significantly increased level of UDP-GlcNAc. (B) Pharmacological inhibition of 

OGT by alloxan treatment led to dramatically increased levels of lactate and ATP (n = 

3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., not significant). 
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Fig.3.6 Pharmacological inhibition of OGT leads to dramatically alterations of central 

metabolic pathways including glycolysis, pentose phosphate pathway and the TCA 

cycle. (A) Relative levels of the key intermediates in glycolysis and pentose 

phosphate pathway. (B) Relative levels of the key intermediates in the TCA cycle (n = 

3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., not significant). 
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Fig. 3.7 Pharmacological inhibition of OGT results in significantly increased levels of 

amino acids (n = 3; Error bars, ± SD. * p < 0.05; ** p < 0.01; *** p < 0.001, N.S., not 

significant). 
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Based on the results from both OGA and OGT inhibition experiments, we found that 

O-GlcNAcylation could coordinate glycolysis and the TCA cycle to affect cellular 

metabolism. 

3.6 Chapter summary 

UPLC-MRM-based targeted metabolomics combined with pharmacological inhibition 

experiments enables us to study the impact of O-GlcNAcylation modulation on 

central metabolic pathways. Our data strongly suggested that O-GlcNAcylation 

modulation could reprogram glucose metabolism through coordinated glycolysis and 

TCA cycle in HCC cell line. 
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Chapter 4 

Rapid assessment of coenzyme Q10 redox state by using ultrahigh performance 

liquid chromatography tandem mass spectrometry 

 

4.1 Introduction 

Endogenous coenzyme Q10 (CoQ10) is a highly lipophilic small molecule consisting of 

a benzoquinone head group and 10 isoprenyl subunits in its side chain, which coexists 

in two different types – the reduced form (CoQ10H2, ubiquinol) and the oxidized form 

(CoQ10, ubiquinone) (Fig. 4.1), presenting mainly in the mitochondria of mammalian 

cells. As a crucial component in the mitochondrial respiratory chain for electron 

transport and cellular energy production169, CoQ10 plays an important role in a wide 

range of biochemical, physiological and pathological processes. For example, it 

affects gene expression involved in cell metabolism170, 171, as well as reduced levels of 

CoQ10 are implicated in different diseases, like breast cancer172, diabetes173, and 

neurodegenerative diseases174. Given the vital role of CoQ10 in biological functions, 

its use as a nutritional supplement or adjuvant therapy for various diseases, including 

cancer175, cardiovascular disease176, diabete177 and possibly limiting the side effects of 

statin therapy178, has also been reported in recent investigations. It has become 

obvious that the unique antioxidant and health-promoting properties of CoQ10 are 

largely dependent both on their concentration and redox state. To advance the 

fundamental understanding of the roles of CoQ10 in various physiological and 

pathological conditions, as well as an efficiency evaluation of its supplementation, 
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analytical method for assessing the CoQ10 content and its redox state in complex 

biological matrices is required. Therefore, the aim of the current study was to develop 

a specific and sensitive MS-based method for rapid quantification of CoQ10 in 

biological samples. 

 

Fig. 4.1 Reduced form of CoQ10 can be easily oxidized to its corresponding oxidized 

form (left: the reduced form, CoQ10H2, ubiquinol; right: the oxidized form, CoQ10, 

ubiquinone). 
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In previous works, CoQ10 concentrations in different biological specimens, including 

serum, cells, the subcellular organelles, or other clinical and research samples were 

analyzed by high performance liquid chromatography (HPLC) coupled with tandem 

mass spectrometer179-182 or electrochemical detector183-185. Unlike HPLC coupled with 

electrochemical detection, ultra performance liquid chromatography tandem mass 

spectrometry (UPLC˗MS/MS) would be a newly developed method with high 

sensitivity and high selectivity to measure both forms of CoQ10. However, due to the 

instability of the reduced form of CoQ10 which can be easily oxidized to its 

corresponding oxidized form during sample pre-treatment186-188, reliable assay of the 

coenzyme Q10 should be further explored. With particular attention to this problem, 

here, we described a rapid quantitative assay for characterization of CoQ10 redox state 

in mouse liver tissue samples using UPLC˗MS/MS. 

4.2 Materials and methods 

4.2.1 Chemicals and reagents 

2,3,7,8-tetrachlorodibenzo-p-dioxin (abbr. TCDD, purity > 99%) was obtained from 

AccuStandard, Inc. (New Haven, CT, USA). Coenzyme Q10 standard (oxidized form, > 

98%, HPLC), and sodium borohydride (NaBH4) were obtained from Sigma-Aldrich 

(St. Louis, MO, USA) and used without further purification. Dipropoxy-CoQ10 

(DP-Q10), a propyl analogue of CoQ10 served as the internal standard, was prepared 

according to a recently reported protocol189. Methanol, ethanol, isopropanol, and 

hexane were HPLC grade and obtained from Tedia (Fairfield, OH, USA). Ultrapure 

water was purified by a Milli-Q Academic Water Purification System from Millipore 
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(Millipore, Bedford, MA, USA). 

4.2.2 Instrumentation and UPLC˗MS/MS analysis 

LC˗MS/MS analyses were performed on a Waters ACQUITY ultra performance liquid 

chromatograph (UPLC) system hyphenated with TQD triple quadrupole mass 

spectrometer fitted with a Z-spray electrospray ionization source. The 

chromatographic separation was achieved by using a C18 reverse phase column 

(ACQUITY UPLC BEH C18 column, 2.1 mm X 50 mm, 1.7 µm) employing 

methanol which containing 2 mM ammonium acetate as the mobile phase at the flow 

rate of 0.4 mL min-1 under isocratic elution condition. The column temperature was 

kept at 40 °C. The mass spectrometer was operated in positive ionization mode. The 

optimized parameters were capillary voltage, 2 kV; cone voltage, 30 V; source and 

desolvation temperatures were 120 °C and 400 °C, respectively. Nitrogen gas was 

used as the desolvation gas (700 L h-1) and cone gas (50 L h-1). Argon gas was used 

for collision-induced dissociation. Multiple reaction monitoring (MRM) was used for 

quantification of both the reduced and oxidized CoQ10. MRM transitions, cone 

voltages and collision energies as well as the dwell times were summarized in Table 

4.1. MassLynx v.4.1 software was used for data acquisition and analysis (Waters 

Corp., Milford, MA, USA).  

4.2.3 Animal experiment 

Eight week old male C57BL/6J mice were purchased from Chinese University of 

Hong Kong. The animal experimental procedures were approved by the Committee 

on the Use of Live Animals for Teaching and Research, Department of Health, Hong 
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Kong SAR, China and were carried out in accordance with the NIH Guide for the 

Care and Use of Laboratory Animals. The mice were divided into control groups (n=7) 

and TCDD treated groups (n=7 for high dosage group; n=7 for low dosage group). 

Each group mice was treated with either corn oil (control group) or TCDD dissolved 

in corn oil (2.0 μg mL-1 and 0.2 μg mL-1) for three consecutive days by oral 

administration of 20 μg kg-1 and 2.0 μg kg-1 body weight, respectively. On the tenth 

day, all the mice were decapitated, and the liver tissues were harvested, snap frozen 

with liquid nitrogen and then stored at –80 °C. 

4.2.4 Standard solution preparation 

One milligram per milliliter CoQ10 stock solution was prepared as follows: 25 mg of 

CoQ10 standard was accurately weighed and placed into a 25 mL volumetric flask. 

Three milliliters hexane as the co-solvent was added to dissolve the solid completely, 

and the resultant solution was diluted to the mark with isopropanol and stored at 

–20 °C. Working solutions of CoQ10 were prepared by the dilution of the stock 

solution with nitrogen-purged methanol. 

As the reference standard of CoQ10H2 (the reduced form of CoQ10) not commercially 

available, its solutions were freshly prepared from the corresponding oxidized form 

upon reduction with sodium borohydride, as described by Frei et al190. Briefly, 200 μL 

of the CoQ10 stock solution was placed into an eppendorf tube and 1.0 mg of solid 

NaBH4 added. The mixture was then vortexed at room temperature. The CoQ10 was 

converted quantitatively to CoQ10H2, as indicated by disappearance of ubiquinone and 

the appearance of product monitored by UPLC˗MS/MS. Because of the instability of 
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CoQ10H2, its solutions were prepared immediately prior to the analysis, and freshly 

prepared each time, and the working standard solutions were generated by subsequent 

serial dilutions using deoxygenated methanol. 

4.2.5 Tissue sample pre-treatment and CoQ10 extraction 

To avoid artificial oxidation of the analyte, all solvents were deoxygenated shortly 

before use by purging with dry nitrogen and kept on ice. Three different alcoholic 

solvents, including methanol, ethanol, and isopropanol were tested to obtain 

optimized extraction efficiency. Each tissue was freeze-dried, pulverized, and 

thoroughly mixed, and then 30 mg freeze-dried powders were extracted with 300 μL 

ice-chilled alcoholic solvent containing 30 ng internal standards. The mixture was 

vortexed for 30 seconds and placed on ice for 15 min and then centrifuged at 12,000 

rpm at 4 °C for 10 min. This process was repeated twice, and the supernatants were 

pooled together, then transferred into an auto-sampler vial and analyzed immediately. 

The remaining sample was stored at –20 °C for a reproducibility study. 

4.2.6 Method validation 

Method validation was carried out in terms of precision, linearity, limits of detection, 

limits of quantitation, matrix effect, recovery and stability. Calibration curves were 

built using serial dilutions of a 1.0 mg mL-1 CoQ10 standard solution, spiked with 

in-house made internal standard DP-Q10. The concentration levels of CoQ10 spanned 

from below 10 ng mL-1 to near 10,000 ng mL-1 while the concentration of the internal 

standard was maintained constant at 100 ng mL-1. Three replicate injections were 

made for each calibration level. 
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4.3 Results and discussion 

4.3.1 UPLC–ESI-MS/MS method development 

A UPLC–ESI-MS/MS method for accurate and rapid assessment of CoQ10 in mouse 

liver tissue samples was developed and validated, with particular attention given to 

chemical instability of CoQ10H2, and the low biological concentration levels present 

in complex matrixes. 

ESI-MS/MS optimization 

The MS/MS parameters were optimized by direct injection using the standard 

compounds. The most intensive fragment ion in the product ion spectrum for each 

standard was selected to be monitored in MRM mode. Cone voltage (CV), and 

collision energy (CE) were optimized for MRM transitions of each [M+NH4]+ ion, 

which predominantly observed in the positive ESI spectra (Fig. 4.2). The MRM 

transitions, cone voltages, collision energies, and internal standard were listed in Table 

4.1. 
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Fig. 4.2 The full scan mass spectrum of oxidized CoQ10 (A) and product ion mass 

spectra of [M+NH4]+ (B).  
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Table 4.1 MRM transitions used for quantification of the reduced form and oxidized 

form of coenzyme Q10 and internal standard DP-Q10. 

The analyte MRM transition (m/z) Dwell time (s) CV (V) CE (eV) 

CoQ10H2 883.0 → 197.0 0.1 30 25 

CoQ10 881.0 → 197.0 0.1 30 25 

DP-Q10 937.0 → 253.0 0.1 30 20 

 

UPLC separation optimization 

The UPLC method was optimized to ensure resolution between the two types of 

coenzyme Q10. Different organic solvents, including methanol and acetonitrile as well 

as its combination were tested, and it was found that single methanol provided 

well-resolved peaks with good peak shape over acetonitrile-methanol (1:4, v/v) 

solvent system (Fig. 4.3). The addition of 2 mM ammonium acetate as mobile phase 

modifier provided favorable sensitivities as [M+NH4]+ ions were used as parent ions 

in MRM mode. To be duly noted, methanol as a non-aqueous reversed-phase mobile 

phase for chromatographic separation of CoQ10, is not only readily compatible with 

electrospray ionization mass spectrometer but also with tissue sample preparation. 
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Fig. 4.3 Mobile phase composition on separation of the two forms of CoQ10: (A) 

Methanol as the mobile phase results in well-resolved peaks; (B) 

Acetonitrile-methanol (1:4, v/v) provides no separation. 

 

To achieve a very short run time in UPLC analysis as well as reproducible results, 

column temperature was controlled, and temperatures ranging from 25 °C to 40 °C at 

an interval of five degree were tested. As shorter retention times at higher column 

temperature obtained, the column was maintained at 40 °C during the following 

experiments (Fig. 4.4). 
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Fig. 4.4 Column temperature on retention of both forms of CoQ10 and internal 

standard (left to right: the 1st peak, CoQ10H2; the 2nd one, CoQ10. The last one was 

from the internal standard DP-Q10). 
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4.3.2 Coenzyme Q10 extraction optimization 

Sample preparation is one of the major factors affecting the quantitative estimation of 

CoQ10 in biological samples. As reported previously191, 192, the use of alcohol for 

CoQ10 extraction combined with in-situ chemical oxidation and followed by direct 

HPLC analysis is a fast and robust method for evaluating total CoQ10 in plasma. In 

this work, the efficiency of different alcohols, including methanol, ethanol, and 

isopropanol for the extraction of both forms of CoQ10 were evaluated. Methanol was 

found to be most efficient extraction solvent for both forms of CoQ10 in our testing 

(Fig. 4.5). Thus, the optimized sample preparation method is single-step extraction of 

CoQ10 using methanol, which is compatible with chromatographic separation and 

mass spectrometric detection, eliminating liquid-liquid extraction and further 

concentration steps. 
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Fig. 4.5 One-step extraction of CoQ10H2 and CoQ10 by different alcohols (MeOH, 

methanol; EtOH, ethanol, and iPrOH, isopropanol). For CoQ10H2 extraction, MeOH 

was the most effective solvent (p < 0.05, t-test), while there was no significant 

difference for CoQ10 extraction. 
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4.3.3 Method validation 

The developed method was validated in terms of precision, sensitivity, matrix effect, 

recovery, linearity, limit of detection (LOD), and limit of quantitation (LOQ) 

according to general guidelines for validation of the bioanalytical method from US 

Food and Drug Administration (FDA). Good reproducibility (precision at n= 9, three 

parallel samples at low, medium, and high concentration levels, and each measured 

three times) of both forms of CoQ10 was achieved as indicated by imprecision less 

than 10% relative standard deviation. The relatively lower but consistent recovery 

(79%) for the spiked CoQ10 sample at the concentration of 45 ng mL‒1 (Tab. 4.2) 

could be in part due to adsorption losses during sample preparation (for example, 

binding to biological matrices or being adsorbed on sample container such as tubes or 

injection vials), but it is still practically acceptable. Calibration curves for CoQ10H2 

and CoQ10 were linear over the range of 8.6 to 8585 ng mL‒1, 8.6 to 4292 ng mL‒1. 

(Figs. 4.6 & 4.7) And the limit of detection (LOD) were 7.0, 1.0, and limit of 

quantitation (LOQ) were 15.0, 5.0 ng mL‒1 for CoQ10H2 and CoQ10, respectively. 

(Table 4.2) More detailed results of the method performance and validation were 

provided in supplementary appendix materials. (Table A4.1, Figures A4.1 & A4.2) 
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Table 4.2 Percentage recovery for the analytes in liver tissue extract by standard 

addition method. 

 

Analyte Spiked concentrations (ng mL-1) LOD 

(ng 
mL-1) 

LOQ

(ng 
mL-1)

45 180 900 
Recovery 

(%) 
RSD 
(%) 

Recovery 
(%) 

RSD 
(%) 

Recovery 
(%) 

RSD 
(%) 

CoQ10H2 109 8.8 93 6.9 97 3.5 7.0 15.0 
CoQ10 79 7.6 91 3.1 95 2.6 1.0 5.0 
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Fig. 4.6 Calibration curve for UPLC–ESI-MS/MS analysis of CoQ10H2 with 

Dipropoxy-CoQ10 (DP-Q10) as internal standard. 

 

 

 

Fig. 4.7 Calibration curve for UPLC–ESI-MS/MS analysis of CoQ10 with 

Dipropoxy-CoQ10 (DP-Q10) as internal standard. 
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4.3.4 Biological application 

Previous studies have revealed that TCDD damaged the mouse liver in a 

dose-dependent manner193, 194. Abnormal levels of serum alanine aminotransferase and 

aspartate aminotransferase activities were reported in TCDD-exposed mice. However, 

the underlying mechanisms of TCDD-induced hepatotoxicity in mice and humans are 

still not fully understood. The redox state in liver may also reveal the toxic effect of 

TCDD exposure in mice. To measure whether CoQ10 redox state was altered in mice 

exposed to TCDD, we applied the validated method to liver tissue samples, obtained 

from three different experimental mouse groups that treated with low-dosage (LL), 

high-dosage TCDD (HL), and control (CL). As shown in Fig. 4.8A, the amount of 

total CoQ10 (sums of the reduced form and oxidized form of CoQ10) was 0.241 ± 

0.012 ng/30 mg freeze dried tissue and 0.245 ± 0.040 ng/30 mg freeze dried tissue in 

low- and high-dose exposed groups, respectively, significantly lower than that in the 

control group (0.347 ± 0.073 ng/30 mg freeze dried tissue, p < 0.005, t-test). Although 

levels of CoQ10H2 were not altered significantly (Fig. 4.8B), the ratios of CoQ10H2 to 

total coenzyme Q10 were pronouncedly elevated (Fig. 4.8C). Together, these data 

suggest that alteration of oxidative phosphorylation in mitochondria in liver tissues of 

mice exposed to TCDD. In our previous metabolomics study195, succinate 

dehydrogenase (SDH) which is critical in electron transport chain (ETC), was 

postulated to be inhibited in mice liver due to TCDD exposure. The results of both 

forms of CoQ10 are good agreement with previous indication from the metabolomic 

data. Therefore, the redox state of CoQ10 suggests that abnormalities of respiratory 
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electron transport chain complexes in mice might be caused by TCDD exposure (Fig. 

4.8D). 

 

Fig. 4.8 Altered CoQ10 redox state with significant changes in liver tissues of mice 

exposed to TCDD. (A). Significantly decreased levels of the total CoQ10 in mice 

exposed to TCDD (CL vs LL, and CL vs HL, p < 0.05, t-test); (B). The decreased 

levels of CoQ10H2 were observed in both TCDD-treated mice (LL & HL groups), 

although no significant changes compared to control. (C). Altered CoQ10 redox state 

was pronouncedly elevated in mice exposed to TCDD compared to control group (p < 

0.05, t-test). (D). Proposed mitochondrial electron transport chain complex 

dysfunction in the mice exposed to TCDD (TCDD: 

2,3,7,8-tetrachlorodibenzo-p-dioxin; SDH: succinate dehydrogenase; ETC: electron 

transport chain). 
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4.4 Chapter summary 

A UPLC–ESI-MS/MS method for the measurement of redox forms of the coenzyme 

Q10 in mammalian tissues was developed and validated for the purpose of 

investigating the role of these compounds in pathophysiological processes. The 

dual-use of methanol, namely, as a sample extraction solvent and as non-aqueous 

reversed mobile phase for chromatographic separation, enabled fast sample 

preparation, short separation run time, and sensitive and selective tandem mass 

spectrometric detection. The method was successfully applied in an investigation of 

TCDD-induced toxicity, which showed significantly decreased levels of total CoQ10, 

and elevated ratios of the reduced form of CoQ10H2 to total CoQ10 content in mice 

exposed to TCDD, revealing the disturbed ETC in liver tissues. 
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Chapter 5 

Non-targeted metabolomics for the study on urinary alterations of Alzheimer’s 

disease in the CRND8 transgenic mice 

 

5.1 Introduction 

Alzheimer’s disease (AD), characterized by progressive cognitive and functional 

declines, is the most common type of dementia that causes a substantial health burden 

worldwide196. Numerous studies have suggested that amyloid-β (Aβ) plaques and 

neurofibrillary tangles (NFTs) are the pathological hallmarks of AD197. The 

accumulation of Aβ peptide in the brain has been hypothesized to contribute to AD 

pathogenesis and the subsequent cognitive impairment198. Currently, the diagnosis and 

follow up of AD is typically assessed by cognitive testing and clinical observations, 

with definitive confirmation relying on postmortem detection of Aβ plaques and NFTs 

in the brain199. As a progressive age-related neurological disorder with a complex 

etiology, biochemical evidence would also be critical for a better understanding of its 

underlying mechanism and might be used for early diagnosis200. 

Recent advances in analytical technologies, especially high resolution mass 

spectrometry (HRMS), have provided a new avenue for discovery of biochemical 

markers of AD201. Mass spectrometry-based metabolite profiling, also termed 

“metabolomics”, has been increasingly recognized as an attractive translational 

research tool and allowed the discovery of differential metabolites as reliable 

surrogate markers with clinical value202. Metabolomics enabled the characterization of 
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distinct metabolic phenotypes and metabolite markers associated with pathological 

states of AD2, 202, 203. Altered amino acids and phospholipids metabolism has been 

identified in both AD model organisms and humans through metabolomics and 

lipidomics approaches204-206. The findings indicated that metabolites from multiple 

pathways including mitochondrial energy metabolism and oxidative stress, 

neurotransmitter pathways, neuroinflammatory pathways, dysregulation of 

phospholipid homeostasis were involved in the pathogenesis and progression of AD. 

Moreover, it is worth noting that these metabolites, reflected biochemical changes in 

multiple organs, including but not limited to brain associated with AD, can be directly 

measured both in animal models and human body fluids, making them promising 

candidates for clinical translatable biomarkers. 

Recognizing that metabolomics represents a promising discovery tool for early 

detection of AD, the present work focused on the application of HRMS-based 

metabolite profiling to elucidate biochemical changes in AD transgenic (Tg) mice, 

with special attention given to the urinary metabolites as a non-invasive tool towards 

the early assessment of AD. The TgCRND8 mouse is a widely used transgenic mouse 

model, which exhibits early-onset Aβ deposition, cognitive deficits as well as 

behavioral abnormalities that parallel AD in humans. Previous tissue metabolomics 

studies from our laboratories have shown that widespread metabolic perturbations can 

occur as early as 2–3 months, prior to any histologically detectable symptoms 

appear207, 208. More recently, several reports found that a panel of urinary metabolites 

was sufficient to allow metabolic discrimination of AD mouse models as well as 
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delineating the oxidative stress response in a non-invasive manner209, 210. The 

possibility that urine may be an important alternative source to cerebrospinal fluid 

(CSF) and peripheral blood for the discovery of non-invasive biomarkers is enticing 

due to its accessibility in both pre-clinical and clinical investigations. However, urine 

analysis for AD research has not been extensively exploited either in experimental 

animals or in humans. To assess the urinary metabolic changes linked to early 

pathophysiological changes in the TgCRND8 mouse model of AD, an unbiased 

metabolomics approach using high resolution Orbitrap mass spectrometry coupled 

with hydrophilic interaction liquid chromatography (HILIC) was conducted to 

uncover the metabolic alterations as a relevant readouts of biochemical activity that 

implicated in the pathogenesis and progression of AD in the TgCRND8 mice. 

5.2 Materials and methods 

5.2.1 Animals and experimental design 

APP TgCRND8 transgenic mice 

The transgenic CRND8 mice expressing the human amyloid precursor protein 695 

(APP695) with the Swedish (K670N/M671L) and the Indiana (V717F) mutations 

driven by the hamster PrP promoter, as an early-onset mouse model of AD, were used 

in this study211. Transgenic CRND8 males were harem bred with non-transgenic 

C57BL/6 females to produce litters that contained transgenic (Tg) mice and 

non-transgenic (Non-Tg) controls in approximately equal numbers. Tail DNAs from 

the pups before weaning were tested for genotyping with a human APP hybridization 

probe, as described in our previous work212. Pups with the desired genotypes (Tg or 
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non-Tg) were then weaned at three weeks of age. After weaning, animals were group 

housed by sex in four to five per cage under standard conditions (12-hour light/dark 

cycle, lights on at 0600 hours) with food and water available ad libitum. All animal 

manipulations were performed in strict accordance with the recommendations in the 

Hong Kong Code of Practice for Care and Use of Animals for Experimental Purposes. 

Experimental design 

Male 12-week and 18-week mice were used in the current study. Experimental trial 

consisting of two stages was conducted as follows: In stage I, 12-week TgCRND8 and 

non-Tg littermates (n = 30, 18 Tg and 12 non-Tg, respectively) were used. In stage II, 

18-week TgCRND8 and non-Tg littermates were used (n = 24, 12 Tg and 12 non-Tg, 

respectively. Six Tg mice died during the experiment).  
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The experimental design for metabolic phenotyping the CRND8 mice of AD was 

depicted in Fig. 5.1. 

 

Fig. 5.1 Schematic representation for metabolic phenotyping the transgenic CRND8 

mouse of AD. Two crucial time points during the early stages of plaque deposition in 

TgCRND8 mice, 12 weeks (12W) and 18 weeks (18W) of age, were set up for urine 

sample collection as shown in the diagram. Twenty-four−hour urine samples at the 

selected time points were collected for HILIC/MS-based metabolomics study. 

lifespan
(Weeks, Ws)

12 Ws 18 Ws

Plaques development 
at 12 weeks

Non-invasive 
urine samples

MS-based 
metabolomics study

Amyloid precursor protein (APP) tg mouse model 
closely mimics AD-like pathologies.

Metabolic biomarkers
† Cumulative survival curves of TgCRND8 mice

Tg mice

Non-tg mice

TgCRND8 
mouse 

† Chishti MA., et al. (2001) J Biol Chem. 276(24):21562-70

Early stage
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Urine sample preparation 

All mice were acclimated for 7 days under standard conditions with food and water 

available ad libitum, prior to the start of sample collections. The mice were regularly 

removed from group housing and placed in individual metabolic cages. After 24 h the 

mice were returned to their group housing and urine collected for 24-h urine samples 

at the indicated time points, and the samples were stored at −80 °C. 

The urine samples were thawed on ice. Of each urine sample, 50 μL was added to 

Eppendorf microcentrifuge tubes containing 50 μL ice-cold acetonitrile and 20 μL 

L-4-chlorophenylalanine (0.2 mg•mL−1, used as the internal standard for batch quality 

control). Then, they were homogenized by vigorous shaking on a Vortex mixer for 30 

seconds and centrifuged at 4 °C and 12,000 rpm for 15 min to remove proteins and 

particulate matter. A total of 80 μL supernatants were transferred to labeled 

autosampler vials fitted with glass inserts for HILIC LTQ-Orbitrap MS analysis. 

Pooled quality controls by mixing equal volumes (20 μL) from each sample were also 

prepared. 

5.2.2 HILIC LTQ-Orbitrap MS Analysis 

HILIC LTQ-Orbitrap MS analysis was carried out on an Accela liquid 

chromatographic system (Thermo Fisher Scientific, MA, USA) coupled to an LTQ 

Orbitrap XLTM Hybrid Ion Trap-Orbitrap Mass Spectrometer (Thermo Fisher 

Scientific, MA, USA) fitted with an electrospray source operated in the positive- and 

negative-ion modes. 

The chromatographic separation was performed on an Acquity UPLC BEH HILIC 
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column (1.0 mm × 100 mm, 1.7 μm). The mobile phase was consisted of (A) 65/35 

acetonitrile with 10 mM ammonium acetate plus 0.1% formic acid and (B) 100% 

acetonitrile. The gradient elution program was set to hold 90% phase B isocratic for 

3.0 min, a linear gradient from 10% to 85% A was run for the next 17.0 min. After 

returned to 90% B over 1.0 min, the column was then allowed to equilibrate for 8.0 

min. The flow rate was 120 μL•min−1. The column temperature was set at 25 °C. 

Mass spectra were acquired in both positive and negative ion modes, scanning from 

m/z 70 to 1000. The mass resolution of the analyzer was set to 30,000 (m/Δm, fwhm 

at m/z 400) for the Orbitrap MS scans. In positive ionization mode, ESI source 

operating conditions were: 36 V capillary voltage, 3 kV electrospray voltage, 300 °C 

heated capillary temperature, 90 V tube lens offset, sheath and auxiliary gas (both N2) 

flows at 40 and 5 arbitrary units (a.u.), respectively, and the drying gas temperature at 

350 °C. In negative ionization mode, the source operating conditions were: − 9.0 V 

capillary voltage, 2.5 kV electrospray voltage, 300 °C heated capillary temperature, − 

90 V tube lens offset, sheath and auxiliary gas (both N2) flows at 30 and 5 a.u., 

respectively, and the drying gas temperature at 350 °C. Helium was used as collision 

gas and the collision energy was set 30% in MS/MS analysis. 

The LTQ Orbitrap mass spectrometer was calibrated in either positive ionization 

mode or negative ionization mode using a tuning solution (provided by the 

manufacture) before data acquiring, respectively. All the operations, data acquisition 

and processing were performed using Thermo Fisher Xcalibur software (Ver. 2.2). 

5.2.3 Raw data processing 
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The LC/MS raw data (*.raw files) were converted to mzXML format using 

MSConvert from the ProteoWizard toolkit (ProteoWizard 3.0, 

http://proteowizard.sourceforge.net/). The raw files obtained in positive- or in 

negative-ion mode were processed separately. Then, mzXML files were imported into 

the freely available XCMS package (http://metlin.scripps.edu/xcms/) for peak picking 

and grouping, and retention time alignment. Briefly, the entire data preprocessing 

operates by using centWave, obiwarp and CAMERA algorithms. The detailed settings 

of each step used in XCMS running under R programming environment are described 

in Appendix File A5.1. 

5.2.4 Multivariate statistical analysis 

Before performing the multivariate analyses, the preprocessed data sets were 

normalized by total peak area using the web-based metabolomic data processing tool 

MetaboAnalyst (http://www.metaboanalyst.ca/MetaboAnalyst/). Normalized data 

were further subjected to several multivariate analyses, including principal component 

analysis (PCA) and orthogonal partial least square discriminant analysis (OPLS-DA). 

These statistical analyses were done with SIMCA-P 12.0 (Umetrics, Umea, Sweden). 

Univariate analysis was carried out to calculate the fold change (FC) and statistical 

significance (t-test and one way ANOVA), using the freely available web-based 

MetaboAnalyst software. 

5.2.5 Metabolites annotation and pathway analysis 

Features with variable importance in the projection (VIP) > 1 from OPLS-DA and the 

significance level p-value < 0.05 from nonparametric Wilcoxon-Mann-Whitney test 
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were considered discriminative. Annotation of these features was achieved by 

searching against metabolite databases including METLIN 

(http://metlin.scripps.edu/index.php) and HMDB (http://www.hmdb.ca/) with a 5 ppm 

mass tolerances threshold. The identities of the putative metabolites highlighted by 

feature annotation were then verified by matching the retention time and MS/MS 

fragmentation patterns to their commercially available authentic standards under 

identical analytical conditions. Metabolite set enrichment analysis (MSEA) was 

performed to investigate the functional connectivity of these differential metabolites. 

5.3 Results 

5.3.1 Metabolic alteration and distinct metabolite excretion pattern of TgCRND8 

mice 

We analyzed 30 urine samples from male 12-week TgCRND8 and non-Tg littermates 

in stage I for unbiased metabolomic analysis, and 24 samples derived from male 

18-week mice in stage II. HILIC/HRMS-based metabolomic profiling generated 757 

metabolite features in positive ion mode and 899 features in negative ion mode. To 

assess whether the urine metabolome as represented by the features detected in this 

study could discriminate the TgCRND8 mice from their non-Tg counterparts, PCA 

was primitively conducted on the normalized dataset, which showed an obvious 

metabolic difference between TgCRND8 mice and age-matched controls in both stage 

I and stage II (Appendix Figure A5.2). Since PCA scores plots of both time point data 

sets showed evident differentiations between the respective genotype-control groups, 

OPLS-DA was employed to further refine the model through minimizing random 
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variation (noise) and identify the major mass features (metabolites) explaining the 

profile separations from urine metabolome. The scores of urine data (Fig. 5.2 A & B, 

Appendix Figure A5.3 and Appendix Figure A5.4 A & B) show distinct separations 

between TgCRND8 mice and non-Tg controls. Of note, the high R2 and Q2 values for 

both stage I and stage II data sets (R2 > 0.9, Q2 > 0.6) indicate that the models have 

good quality and predictability. 
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Fig. 5.2 Supervised partial least squares discriminant analysis (PLS-DA) of the urine 

samples from TgCRND8 mice and age-matched controls at age of 12-weeks-old. (A) 

Three-dimensional PLS-DA scores plot in positive ion mode; (B) Three-dimensional 

PLS-DA scores plot in negative ion mode. Each dot corresponds to an individual 

sample. Tg, green, Non-Tg, red. (C) Heat map analysis of differentiating metabolites 

between12W Tg and 12W Non-Tg mice. Each row represents an individual subject, 

and each column represents a metabolite. 

A
ESI (+)

B
ESI (-)

CNon-Tg Tg

TgNon-Tg
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5.3.2 Systemic perturbations of urinary metabolomes in 12-week and 18-week 

TgCRND8 mice 

Since distinct separation in urine metabolome between TgCRND8 mice and non-Tg 

controls at both 12- and 18-weeks of age observed in OPLS-DA model, a total of 55 

differential metabolites was identified (Table 5.1). Interestingly, a large proportion of 

the total altered metabolites were enriched among tryptophan metabolism. Compared 

to non-Tg littermates, elevated levels of several metabolites, including 

N-acetylserotonin, N-methylserotonin, N-methyltryptamine, along with decreased 

levels of anthranilic acid and xanthurenic acid were found in urine of the 12-week 

TgCRND8 mice. Urinary excretion of α-ketoglutaric acid increased in TgCRND8 

mice compared to age-matched controls. Other metabolites in amino acid metabolism 

such as phenylalanine, tyrosine, lysine, histidine, and purine metabolism, thiamine 

metabolism, and one carbon transfer pathway cofactor and metabolites were also 

altered differently in TgCRND8 mice. Similarly, differential metabolites were 

identified in 18-week TgCRND8 mice compared to age-matched non-Tg littermates. 

(Appendix Table A5.1) The clear trends of altered metabolism were evident as those 

in the same subjects at the age of 12 weeks, confirming the pattern of metabolic 

changes involved in these transgenic mice. 
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Table 5.1. Differentiating metabolites between TgCRND8 mice and age-matched 

controls identified from the 12W Dataset (Tg/Non-Tg). 

No.  Metabolites a  VIP b  FC c  P value d FDR e  Pathway  

1  
N-Acetylserotonin ‡P  1.19777 6.3698 (↑) 0.010145 0.035069 

Tryptophan 

metabolism 

2  
N-Methylserotonin ‡P  1.28619 9.3038 (↑) 0.0016269 0.0079454 

Tryptophan 

metabolism 

3  
N-Methyltryptamine ‡P  1.18089 7.6561 (↑) 0.011598 0.038506 

Tryptophan 

metabolism 

4  
3-Methoxyanthranilate †P  1.53561 9.4408 (↑) 2.77E-07 4.67E-06 

Tryptophan 

metabolism 

5  
Xanthurenic acid ‡P  1.00564 0.42105 (↓) 0.017064 0.05251 

Tryptophan 

metabolism 

6  
Anthranilic acid ‡P  1.49103 0.32905 (↓) 2.08E-05 0.0001792 

Tryptophan 

metabolism 

7  
3-Methyldioxyindole †N  1.85354 2.365 (↑) 0.0002393 0.0015367 

Tryptophan 

metabolism 

8  
N-Acetylvanilalanine †N  1.92839 18.416 (↑) 2.31E-08 9.90E-07 

Tyrosine 

metabolism 

9  

Hydroxyphenylacetylglycine †N  1.642 15.382 (↑) 2.31E-08 9.90E-07 

Tyrosine 

metabolism/

Microbiome 

dysbiosis 

10  

Homophenylalanine †P  1.55741 6.8097 (↑) 9.25E-08 1.94E-06 

Phenylalanin

e, tyrosine 

and 

tryptophan 

biosynthesis 

11  

3-Methoxytyrosine †N  1.63229 4.191 (↑) 5.99E-05 0.000513 

Phenylalanin

e/Tyrosine 

metabolism 

12  L-4-Hydroxy-3-methoxy- 

alpha-methylphenylalanine †N  
1.46186 3.5605 (↑) 1.57E-05 0.0001928 

Tyrosine 

metabolism 

13  
Tyrosine ‡P  1.2158 2.0382 (↑) 0.027603 0.077678 

Tyrosine 

metabolism 
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14 

Phenol ‡N 1.75682 0.46614 (↓) 0.0004449 0.0025638 

Tyrosine 

metabolism/

Aminobenzo

ate 

degradation 

15 

p-Cresol glucuronide †N 1.02893 2.4917 (↑) 0.01504 0.041862 

Tyrosine 

metabolism/

Alterations in 

microbiota-re

lated 

metabolites 

16  

3-Sulfomuconate/4-Sulfolactone †N  1.44259 7.8986 (↑) 2.31E-08 9.90E-07 

Aminobenzo

ate 

degradation 

17  

4-Aminocatechol †P  1.67391 3.5188 (↑) 4.51E-06 4.68E-05 

Aminobenzo

ate 

degradation 

18  

4-Aminophenol/2-Aminophenol ‡P  1.61442 2.9826 (↑) 5.99E-05 0.0004403 

Aminobenzo

ate 

degradation/T

ryptophan 

metabolism 

19  

Phenylpropionylglycine 

/3-Phenylpropionylglycine †P  
1.52739 5.5876 (↑) 6.94E-07 9.55E-06 

Phenylalanin

e 

metabolism/

Microbiome 

dysbiosis 

20  

p-aminohippurate ‡P  1.10293 0.069375(↓) 6.94E-07 9.55E-06 

Fatty acid 

beta-oxidatio

n 

21  
Epinephrine sulfate †P  1.51072 0.35197 (↓) 0.0016269 0.0079454 

Tyrosine 

metabolism 

22  
2-Keto-6-acetamidocaproate †N  1.50941 3.7671 (↑) 0.0001229 0.0008981 

Lysine 

metabolism 

23  
N6-Acetyl-L-lysine †P  2.19276 2.7562 (↑) 1.55E-06 1.86E-05 

Lysine 

degradation  

24 
N2-(D-1-Carboxyethyl)-L-lysine †P 1.8052 3.3046 (↑) 5.99E-05 0.0004403 

Lysine 

degradation 

25  Nγ-Acetyldiaminobutyrate †N  1.50946 0.27639 (↓) 2.77E-07 8.32E-06 Glycine, 
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serine and 

threonine 

metabolism 

26  
(S)-3,4-Dihydroxybutyric acid †N  1.53207 3.367 (↑) 2.77E-07 8.32E-06 

L-threonine 

metabolism 

27  

Isobutyrylglycine †P  1.61487 0.42251 (↓) 4.65E-05 0.0003592 

Valine 

metabolism/F

atty acid 

beta-oxidatio

n 

28  
Tiglylglycine †N 1.15347 2.2706 (↑) 0.0002956 0.001808 

Isoleucine 

metabolism 

29  

Hydantoin-5-propionic acid †N  1.43384 2.335 (↑) 0.0031464 0.012406 

Histidine 

metabolism/F

olate/vitamin 

B12 

metabolism 

30 2-[3-Carboxy-3-(methylammonio)pro

pyl]- 

L-histidine †P 

1.56189 2.4419 (↑) 0.0006576 0.003607 
Histidine 

metabolism 

31  
Homoanserine †P  2.06191 9.1299 (↑) 9.25E-08 1.94E-06 

Histidine 

metabolism 

32 

4-Oxoproline †N 1.24644 0.44707 (↓) 0.024561 0.062024 

Arginine and 

proline 

metabolism 

33 

N-Formyl-L-methionine †N 1.59814 0.34974 (↓) 0.0022777 0.0096134 

Cysteine and 

methionine 

metabolism 

34  

5-L-Glutamyl-taurine †P  1.42404 0.21113 (↓) 0.0013675 0.0068555 

Taurine and 

hypotaurine 

metabolism 

35 

Lanthionine ketimine †N 1.77134 2.2218 (↑) 9.73E-05 0.0007293 

Sulfur amino 

acid 

metabolism 

36 
Crotonic acid/Isocrotonic acid †N 1.94981 0.37096 (↓) 0.0002393 0.0015367 

Fatty acid 

biosynthesis 

37 
L-2,3-Dihydrodipicolinate †N 1.54463 13.055 (↑) 4.62E-08 1.66E-06 

Fatty acid 

beta-oxidatio
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n 

38 
Thymine ‡P 1.9128 0.4572 (↓) 0.0005422 0.0030177 

Pyrimidine 

metabolism 

39  
Allantoic acid ‡N  1.55263 0.15329 (↓) 0.006823 0.022669 

Purine 

metabolism 

40  
Adenosine ‡P  1.13843 4.1583 (↑) 0.0019282 0.0088461 

Purine 

metabolism 

41  

Guanosine ‡P  1.30474 2.1717 (↑) 0.0005422 0.0030177 

Purine 

metabolism/

DNA damage 

42 
Methylxanthine †N 1.87466 0.45339 (↓) 6.29E-06 9.75E-05 

Purine 

metabolism 

43  

1-methyladenine †P  1.43721 2.0904 (↑) 0.0077014 0.028164 

DNA 

alkylation 

products(AK

G as 

co-substrate) 

44  

6-Oxo-1,4,5,6-tetrahydronicotinate †N  1.3465 2.3816 (↑) 0.0001926 0.0012924 

Nicotinate 

and 

nicotinamide 

metabolism 

45  1-(β-D-Ribofuranosyl)-1,4- 

dihydronicotinamide †P  
1.20421 0.44859 (↓) 7.66E-05 0.0005469 

NAD 

metabolism 

46 

Inosine 2',3'-cyclic phosphate †N 1.1794 0.33974 (↓) 0.0036799 0.0139 

Nucleotide 

metabolism/

RNA 

metabolism 

47 5-Amino-6-(5'-phosphoribitylamino)u

racil †P 
1.53207 20.705 (↑) 1.57E-05 0.0001394 

Riboflavin 

metabolism 

48 2-Amino-5-formylamino-6-(5-phosph

o-D-ribosylamino)pyrimidin-4(3H)-on

e †N 

1.4551 0.26246 (↓) 0.0009557 0.0046696 
Riboflavin 

metabolism 

49  
α-ketoglutaric acid ‡N  1.08328 5.8021 (↑) 0.0031464 0.012406 TCA cycle 

50  
Thiamine ‡P  1.16591 0.42527 (↓) 0.043061 0.10794 

Thiamine 

metabolism 

51  
Gulonolactone †N  2.32272 7.3436 (↑) 4.62E-08 1.66E-06 Ascorbate 
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metabolism 

52  
Ascorbic acid ‡N  1.39819 0.1057 (↓) 0.01504 0.041862 

Ascorbate 

metabolism 

53  
Ascorbate 2-sulfate †N  1.39322 0.065289(↓) 0.0026813 0.010957 

Ascorbate 

metabolism 

54  
N-acetylcysteine ‡N  2.28385 6.7418 (↑) 2.31E-08 9.90E-07 

Glutathione 

metabolism 

55  
Biopterin †N  1.26526 2.4183 (↑) 0.0036799 0.0139 

Biopterin 

metabolism 

Note a Metabolites are identified using available library databases; b Variable 

importance in the projection (VIP) was obtained from OPLS-DA with a threshold of 

1.0; d P-value and fold change (FC) are calculated from nonparametric 

Wilcoxon-Mann-Whitney test (one-way ANOVA); e All the metabolites were 

discriminant (Wilcoxon p < 0.05), with an FDR of 5%; c FC with a value larger than 

1.0 indicates a relatively higher concentration present in TgCRND8 mice while a 

lower than 1.0 means a relatively lower concentration as compared to the controls. P, 

positive ion mode; N, negative ion mode; ‡, metabolites were confirmed by the 

retention time and MS/MS spectra of standards. †, metabolites were tentatively 

identified by comparing with the HMDB and METLIN databases, considering the 

accurate masses, isotopic patterns, and hydrophobic–hydrophilic retention properties 

in HILIC.  
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5.3.3 Age-related changes in urinary metabolites of TgCRND8 mice from 

12-week to 18-week 

It is well-known that advancing age is one of the predominant risk factors for AD. 

Considering the fact that age is implied in AD, we also conducted parallel-sequential 

analyses to assess possible cross-talks of metabolic variation between genotype and 

age, and/or potential interactions of age and APP gene. Toward achieving the desired 

results, we employed 18W- non-Tg mice to compare with 12-week non-Tg mice, 

which were served as a control group (the detailed schedule shown in Appendix File 

A5.5). The results suggested that the differences between 18W non-Tg and 12W 

non-Tg mice were not identical to the distinctions observed in the respective 

genotype-control groups (12W-Tg Vs 12W non-Tg, and 18W-Tg Vs 18W non-Tg). 

Although there were some age-related metabolic changes in non-Tg littermates, those 

alterations were not observed in TgCRND8 mice (Appendix File A5.6, Appendix 

Table A5.2). Thus, our data clearly shown that the urinary metabolome of TgCRND8 

mice have distinctive features compared to normal age-matched littermates. 

Furthermore, to obtain a comprehensive view of metabolism at system level, MSEA 

was performed to highlight the significance of metabolic pathways (Fig. 5.3). The top 

pathways include tryptophan metabolism, thiamine metabolism, catecholamine 

biosynthesis, alanine metabolism, and taurine and hypotaurine metabolism.  
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Fig. 5.3 Metabolite set enrichment analysis (MSEA) of differentiating metabolites 

from TgCRND8 mice and age-matched controls at 12 weeks. Identified metabolites 

(Table 5.1 & Appendix Table A5.1) and their relative quantity were used to calculate 

the enrichment and statistical significance, using the freely accessible Web-based 

software tool MetaboAnalyst.  

12W Tg Vs Non-Tg

TRYPTOPHAN METABOLISM

Fold Enrichment
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Moreover, the metabolic alteration appears to be associated with progressive 

development of a complex pattern of pathological phenotypes including plaques and 

tangles present in this model, as supported by divergent changes of specific 

metabolites in these mice shown in the radar chart (Fig. 5.4). 

 

 

Fig. 5.4 Radar chart of fold change (FC) values of differentiating metabolites in 

TgCRND8 mice over the two stages. Note: Red line coded 12W dataset; Blue line 

coded for 18W dataset. 
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5.4 Discussions 

In this study, we have implemented a HILIC-Orbitrap MS-based metabolomic 

approach to study small molecules present in urine of TgCRND8 mice, with special 

emphasis on revealing the altered whole-body metabolism that might indicate early 

stage Alzheimer’s disease and its progression. 

Urine samples from TgCRND8 mice, an early-onset transgenic mouse model of AD, 

were exploited in the current study to reveal systemic perturbations associated with 

AD pathology, with the following facts, (I) the interaction between the peripheral and 

central nervous systems213, 214; (II) the merits of using urine samples include 

non-invasive collection with relatively large amounts; and (III) metabolites as 

endpoints of biological processes reflect changes in functions of specific cell types 

within certain organ systems or the whole body. Therefore, we performed urinary 

metabolomics study of the TgCRND8 mouse strain, a double-mutant APP transgenic 

mouse model of AD at 12-week or 18-week by mimicking early stage of AD patients. 

The findings clearly showed that HRMS-based metabolomics could provide us an 

integrated view of the underlying metabolic changes involved in AD pathobiology of 

the TgCRND8 mouse model. 

5.4.1 Distinctive features of aromatic amino acid catabolism in TgCRND8 mice 

Compared to age-matched control littermates, the most significantly disturbed 

pathway was aromatic amino acids metabolism. The elevated levels of urinary 

N-acetylvanilalanine, 3-methoxytyrosine, and 3-methyl-dioxyindole found in Tg 

CRND8 mice are consistent with the reliable biochemical features of aromatic 

L-amino acid decarboxylase (AADC) deficiency215. Our data was in line with a recent 
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classical biochemistry and behavioral relevant study, in which they found that 

noradrenaline, a downstream product of the AADC enzyme, was diminished in Tg 

CRND8 mice brain tissue216. AADC existed not only in tyrosine metabolism, but also 

in tryptophan metabolism. Tryptophan metabolism has also received our attention in 

neurodegenerative diseases when urine metabolome was depicted217, 218. In this work, 

unexpectedly higher concentrations of N-acetylserotonin, N-methylserotonin, and 

N-methyltryptamine were observed in TgCRND8 mice, in parallel with lower levels 

of anthranilate and xanthurenate. Apart from its requirement in protein synthesis, 

tryptophan was metabolically degraded by two competing pathways that generate 

either serotonin or kynurenine (KEGG PATHWAY: map00380). The kynurenine 

pathway is a major route of tryptophan catabolism, resulting in the formation of 

nucotinamide adenine dinucleotide (NAD+), which is essential to mitochondrial 

function and also as a cofactor for many biochemical reactions219. Meanwhile, the 

serotonin pathway plays a very important role in the body, producing intermediates or 

metabolites (like N-acetylserotonin or melatonin) with a broad impact as 

neurotransmitters, neuromodulators, and antioxidants220. Therefore, the imbalance 

between the activity of kynurenine and serotonin pathways for tryptophan catabolism 

can play a key pathogenic role in the AD disease221. In the current study, our data 

clearly showed that the proportion of tryptophan for serotonin pathway was 

significant increased, thus gained a competitive advantage through generating more 

N-acetylserotonin for neuroprotection222. While the partition of tryptophan for NAD+ 

formation via kynurenine pathway was reduced spontaneously, as evidenced by lower 
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concentration levels of anthranilate and xanthurenate (Fig. 5.5), the previous study 

demonstrated that levels of kynurenic acid, an intermediate from kynurenine pathway, 

were lower in lumbar CSF from AD subjects [29]. A large prospective study 

suggested that dietary supplement of NAD+ precursor, nicotinic acid, had a beneficial 

effect on development of AD and age related cognitive decline223. It is worth noting 

that biopterin (BH4), an essential cofactor involved in aromatic amino acid 

hydroxylation224, was also elevated in Tg CRND8 mice. Increased BH4 levels in body 

fluids like urine, may serve as a surrogate marker for immune system stimulation225, 

226. The obtained data suggested that metabolic shifts in the balance between the 

serotonin and kynurenine pathways of tryptophan catabolism may contribute to the 

pathobiology of AD at early stage. 

  



122 
 

 

Fig. 5.5 Divergent tryptophan metabolism in TgCRND8 mouse model of AD. Note: 

Solid line suggested one step reaction; dash line indicated more than one step reaction; 

Red color shown increased differential metabolites present in TgCRND8 mice while 

blue color mean decreased concentration as compared to control group. 
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In addition, urinary excretion of hydroxyphenylacetylglycine, and p-cresol 

glucuronide, which are generated from tyrosine and/or phenylalanine via 

4-hydroxylphenylacetate by gut microbiota such as Clostridium difficile227, 228, was 

found elevated in TgCRND8 mice. Of note, these microbiota-generated metabolites 

are widely accepted indicators of gut microbiota disturbance, underlying a broad 

spectrum of pathological conditions229. Given the emerging evidences that 

perturbations of gut microbiota can impact neurodevelopment and potentially lead to 

adverse outcomes later in life230-233, thereby our finding implicated that alterations in 

the bidirectional interactions between the gut microbiota and central nervous system 

may have important roles in the pathogenesis of AD. 

5.4.2 Elevated urinary α-ketoglutarate along with diminished thiamine in 

TgCRND8 mice: Disturbed mitochondrial energy metabolism 

Accumulating evidence suggests that energy metabolism plays an important role in 

AD patients234, 235 and transgenic mouse models236. The obtained data showed that 

urinary excretion of α-ketoglutarate was significantly elevated in TgCRND8 mice 

compared to age-matched littermate controls, along with decreased concentrations of 

thiamine. These data suggested that there was a remarkable disturbance in 

mitochondrial metabolism, probably due to the reduced activity of α-ketoglutarate 

dehydrogenase (α-KGDH) complex that is the rate-limiting enzyme in the Krebs cycle, 

which was previously observed in AD patients237-240 and transgenic mouse model of 

Aβ deposition241. More interestingly, the TgCRND8 mice excreted significantly 

higher levels of N-acetylcysteine (NAC). It is important to note that NAC is generally 
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acted as an antioxidant itself as well as a precursor for GSH synthesis. Thus, elevation 

of urine NAC here appears to reflect compensatory responses to oxidative stress in 

AD mice242. Antioxidants including NAC have been considered as a potential 

therapeutic approach to slow down AD progression243. Significantly, a paradigm shift 

in the catabolism of amino acids was highlighted in the present study, as evidenced by 

a dramatic increase of tiglyglycine, an intermediate product of the isoleucine catabolic 

pathway, in the urine of TgCRND8 mice. The increased tiglyglycine excretion is 

implicated as a useful diagnostic marker of disorders of the respiratory chain244. 

Meanwhile, it is interesting to note that lysine catabolism which involves 

α-ketoglutarate being converted to glutamate245, has been clearly altered in TgCRND8 

mice as demonstrated by a group of related metabolites (N6-Acetyl-L-lysine, 

2-keto-6-acetamidocaproate, and N2-(D-1-carboxyethyl)-L-lysine) increased. In 

addition, two metabolites from histidine, hydantoin-5-propionic acid246 and 

2-(3-Carboxy-3-(methylammonio)propyl)-L-histidine247, that can lead to synthesis of 

glutamate, and diphthamide, respectively, were also found increased in the urine of 

TgCRND8 mice. These data suggested that significant metabolic alterations 

associated with mitochondrial function and oxidative stress occurred early in the 

TgCRND8 mouse model of AD. 

5.4.3 Altered one-carbon cycle metabolism in TgCRND8 mice: Evidence linking 

increased oxidative stress and mitochondrial dysfunction 

Changes in folate and homocysteine as risk factors for AD have been increasingly 

recognized248, 249. Metabolites involved in the methionine-homocysteine cycle and 
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folate-mediated one-carbon metabolism were altered. Increased excretion of 

adenosine was observed in the TgCRND8 mice, along with enhanced concentration 

level of methyl-adenine but decreased allantoate and methyl-xanthine. Elevated 

plasma levels of adenosine have been previously observed in child with autism250-252 

suggested that adenosine was involved in cellular responses to oxidative stress. Here, 

we demonstrated that, adenosine elevated in TgCRND8 mice at the age of 12 to 18 

weeks, probably by disturbing homocysteine and methionine cycle via 

S-adenosylhomocysteine hydrolase, could be served as a marker and effector for 

oxidative stress induced by Aβ deposition, which was consistent with previous 

studies253. Furthermore, lanthionine ketimine, produced by lysine and sulfur amino 

acid metabolism in brain254, was exhibited increased level in TgCRND8 mice urine, 

which can protective against oxidative challenge with H2O2 in NSC-34 motor 

neuron-like cells255. It could be offered as evidence that concomitant activation of 

compensatory pathways to counter with the stress. In addition, thymine, inosine 2', 

3'-cyclic phosphate, N-formyl-L-methionine, N-α-Acetyl-L-2, 4-diaminobutyrate, 

associated with nucleic acid and folate-mediated one carbon transfer metabolism were 

also altered. Therefore, our results highlighted that the complex interplay existing 

among oxidative stress and mitochondria manifested through impaired one carbon 

transfer pathway may contribute to AD pathogenesis. 

5.5 Chapter summary 

A noninvasive approach of urinary metabolomics based on HILIC-Orbitrap MS was 

applied for a better understanding of Alzheimer’s disease in transgenic CRND8 
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mouse. It appeared that CRND8 mouse model could recapture the complexity of AD 

pathology at metabolic level, with mitochondrial energy metabolism and oxidative 

stress, as well as divergent tryptophan catabolism and the intestinal microbiome 

dysbiosis highlighted in this study. The metabolic alterations associated with energy 

metabolism, neurotransmitter system and oxidative stress may jointly contribute to 

making early detection as well as better understanding the pathogenic mechanism of 

Alzheimer’s disease. In conclusion, MS-based metabolomics can provide new 

insights into the pathobiology of AD with a noninvasive approach in a transgenic 

mouse model. 
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Chapter 6 

Conclusions and Future Studies 

 

In this thesis research, efforts were spent to develop mass spectrometry-based 

metabolomics methods to elucidate biochemical changes involved in basic research 

models for two common human diseases: mammalian cell culture model of HCC and 

transgenic mouse model of AD. Targeted quantitative metabolomics for elucidation of 

altered cancer metabolism in human liver cell lines was developed with establishing 

MRM transition database for intermediates in central carbon pathways and amino 

acids metabolism, which was coupled with reversed-phase liquid chromatography to 

achieve robust analysis.  

According to the chemical and physical properties, the targeted metabolites were 

categorized into cationic species and anionic species. Tandem mass spectrometric 

conditions were extensively optimized for each compound via ER-CID. The in-house 

MRM transition database for the targeted metabolites provided a foundation for 

MRM-based quantitative assays. The ‘HIPS’ strategies were proposed and developed 

by the complementary utility of HFBA and TBA. Efficient separation and detection of 

polar water-soluble intermediate metabolites in central carbon metabolism and amino 

acids were achieved with quantification limits at nanomolar levels. The developed 

UPLC MRM MS methods enabled quantitative analysis of central carbon metabolism 

in mammalian cells. The obtained data suggested that overexpression of the oncogene 

EIF5A2 in human normal liver cells could induce the Warburg-like metabolic 
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reprogramming and amino acid imbalance. 

The impact of protein O-GlyNAcylation on metabolic alterations in liver cancer cells 

was also investigated by the targeted metabolomics methods. The results clearly 

showed that O-GlyNAcylation could reprogram glucose metabolism through 

coordinated changes of glycolysis and TCA cycle activities in HCC cells. 

CoQ10 is a crucial component of ETC for mitochondrial oxidative metabolism. A 

UPLC-MRM MS method was developed for quantification of both reduced and 

oxidative forms of CoQ10 in mammalian cells and animal tissues. Decreased levels of 

CoQ10 in TCDD exposed mice liver tissue were observed, revealing the possible 

down-regulated mitochondrial ETC associated with TCDD toxicity. 

MS-based non-targeted metabolomics using high resolution orbitrap mass 

spectrometry for AD research was performed. A total of 73 differential metabolites 

from the urine of TgCRND8 mice were identified. The divergent metabolism of 

tryptophan was involved in the early-stage of TgCRND8 mouse model for AD. The 

urinary metabolomics study suggested that multiple metabolic alterations might 

jointly contribute to the pathogenic mechanism of AD in the transgenic mice. The 

results demonstrated that combination of MS-based metabolomics and transgenic 

mouse model of AD might provide new insights and uncover unexpected metabolic 

features of AD with a noninvasive approach. 

Application of UPLC-MRM-based targeted metabolomics has enabled the revealing 

of the altered metabolic pathways in cancer cell metabolism. To further enhance 

understanding of the dynamics and adaptations of glucose metabolism or other 
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nutrients metabolism and its associations with biological/pathological functions, 

efforts may be spent to combine the established MRM assays with stable isotope 

tracer metabolic labeling technologies to uncover how altered metabolic changes 

directly linked to the possible molecular mechanisms of tumorigenesis. In the 

non-targeted metabolite profiling of transgenic mouse model of AD, pharmacological 

perturbation or nutrient intervention experiments could be performed to test the 

translational potential of the primary discovered non-invasive urinary metabolite 

markers. 

It is anticipated that the proposed future work may offer valuable insight into the 

underlying mechanisms of metabolic vulnerability of associated human diseases. 

When more understanding on the mechanisms is achieved, promising intervention 

strategies or improving the quality of life for both cancer patients and Alzheimer's 

disease patients through early diagnosis and precision care would be practicable. 
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Appendix 

Appendix for Chapter 2 

Table A2.1. List of commercially available chemicals used as the targeted metabolite 

references or internal standards in this work. 

METABOLITE NAME CAS NUMBER FORMULA 

COMMERCIALLY AVAILABLE CHEMICALS 

USED AS STANDARDS OR INTERNAL 

STANDARDS 

PURITY SUPPLIER 

Cationic Species 

Amino acids 

Alanine 56-41-7 C3H7NO2 L-Alanine ≥98.0% SIGMA 

Arginine 74-79-3 C6H14N4O2 L-Arginine 98.5-101.0% SIGMA 

Asparagine 70-47-3 C4H8N2O3 L-Asparagine ≥98.0% SIGMA 

Aspartic acid 56-84-8 C4H7NO4 L-Aspartic acid ≥98.0% ALDRICH 

Cysteine 52-90-4 C6H12N2O4S2 L-Cysteine ≥97.0% ALDRICH 

Glutamic acid 56-86-0 C5H9NO4 L-Glutamic acid ≥99.0% SIGMA 

Glutamine 56-85-9 C5H10N2O3 L-Glutamine 99.0-101.0% SIGMA 

Glycine 56-40-6 C2H5NO2 L-Glycine ≥99.0% SIGMA 

Histidine 71-00-1 C6H9N3O2 L-Histidine ≥99.0% SIGMA-ALDRICH 

Isoleucine 73-32-5 C6H13NO2 L-Isoleucine ≥98.0% SIGMA 

Leucine 61-90-5 C6H13NO2 L-Leucine ≥98.0% SIGMA 

Lysine 56-87-1 C6H14N2O2 L-Lysine ≥98.0% SIGMA 

Methionine 63-68-3 C5H11NO2S L-Methionine ≥98.0% SIGMA 

Phenylalanine 63-91-2 C9H11NO2 L-Phenylalanine 98.5-101.0% SIGMA 

Proline 147-85-3 C5H9NO2 L-Proline ≥99.0% FLUKA 

Serine 56-45-1 C3H7NO3 L-Serine ≥99.0% SIGMA 

Threonine 72-19-5 C4H9NO3 L-Threonine ≥98.0% SIGMA 

Tryptophan 73-22-3 C11H12N2O2 L-Tryptophan ≥98.0% SIGMA 

Tyrosine 60-18-4 C9H11NO3 L-Tyrosine ≥99.0% SIGMA 

Valine 72-18-4 C5H11NO2 L-Valine ≥98.0% SIGMA-ALDRICH 

Sarcosine 107-97-1 C3H7NO2 Sarcosine ≥99.0% FLUKA 

Taurine 107-35-7 C2H7NO3S Taurine ≥99.0% SIGMA 

Agmatine  306-60-5 C5H14N4   Agmatine sulfate salt ≥97.0% SIGMA 

Nicotinamide 98-92-0 C6H6N2O Nicotinamide ≥98.0% SIGMA 

One carbon pool 

Glucosamine 3416-24-8 C6H13NO5 D-(+)-Glucosamine hydrochloride  ≥99.0% SIGMA 

Putrescine 110-60-1 C4H12N2 Putrescine dihydrochloride ≥98.0% SIGMA 

Citrulline 372-75-8 C6H13N3O3 L-Citrulline ≥98.0% SIGMA 

Ornithine 3184-13-2 C5H12N2O2 L-Ornithine monohydrochloride ≥99.0% SIGMA 
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Carnitine 541-15-1 C7H15NO3 L-Carnitine hydrochloride ≥98.0% SIGMA 

Acetyl-carnitine 5080-50-2 C9H18NO4 O-Acetyl-L-carnitine hydrochloride ≥99.0% SIGMA 

Acetyl-cysteine 616-91-1 C5H9NO3S N-Acetyl-L-cysteine ≥99.0% SIGMA-ALDRICH 

Biotin 58-85-5 C10H16N2O3S Biotin ≥99.0% SIGMA-ALDRICH 

Riboflavin (Vitamin B2) 83-88-5 C17H20N4O6 (−)-Riboflavin ≥98.0% SIGMA 

Thiamine 59-43-8 C12H16N4OS Thiamine hydrochloride ≥99.0% SIGMA-ALDRICH 

Palmitoyl-L-carnitine 1935-18-8 C23H45NO4   Palmitoyl-L-carnitine chloride ≥98.0% SIGMA 

Thiamine pyrophosphate 154-87-0 C12H19N4O7P2S Thiamine pyrophosphate ≥95.0% SIGMA 

Homocysteine 6027-13-0 C4H9NO2S L-Homocysteine ≥98.0% SIGMA 

Folic acid 59-30-3 C19H19N7O6 Folic acid ≥97.0% SIGMA 

Dihydrofolic acid 4033-27-6 C19H21N7O6 Dihydrofolic acid ≥90.0% SIGMA 

Tetrahydrofolic acid 135-16-0 C19H23N7O6  Tetrahydrofolic acid ≥65% (when packaged) SIGMA 

Argininosuccinic acid 2387-71-5 C10H18N4O6 Argininosuccinic acid disodium salt hydrate ≥80.0% ALDRICH 

5'-adenosylhomocysteine 979-92-0 C14H20N6O5S S-(5′-Adenosyl)-L-homocysteine N/A (crystalline) SIGMA 

S-adenosyl-L-methionine 29908-03-0 C15H22N6O5S S-(5′-Adenosyl)-L-methionine chloride dihydrochloride ≥80.0% SIGMA 

Anionic Species 

Carboxylic acids 

Pyruvate 127-17-3 C3H4O3 Sodium pyruvate ≥99.0% SIGMA-ALDRICH 

Lactate 10326-41-7 C3H6O3 Sodium L-lactate ~98%  SIGMA 

Fumarate 110-17-8 C4H4O4 Fumaric acid ≥99.0% FLUKA 

Succinate 110-15-6 C4H6O4 Succinic acid disodium salt  ≥99.0% ALDRICH 

Oxaloacetate 328-47-2 C4H4O5 Oxaloacetic acid ≥97.0% SIGMA 

Malic acid 6915-15-7 C4H6O5 DL-Malic acid ≥99.0% ALDRICH 

alpha-ketoglutarate 328-50-7 C5H6O5 α-Ketoglutaric acid ≥99.0% FLUKA 

Citrate  77-92-9 C6H8O7 Citric acid trisodium salt, anhydrous ≥98.0% SIGMA-ALDRICH 

Isocitrate 320-77-4 C6H8O7 DL-Isocitric acid trisodium salt hydrate  ≥93.0% SIGMA 

Sugar phosphates 

Ribose 5-phosphate 4300-28-1 C5H11O8P D-Ribose 5-phosphate barium salt hexahydrate ≥99.0% SIGMA 

Fructose 6-phosphate 643-13-0 C6H13O9P D-Fructose 6-phosphate disodium salt hydrate ~98%  SIGMA 

Glucose 6-phosphate 56-73-5 C6H13O9P D-Glucose 6-phosphate sodium salt Sigma Grade SIGMA 

Erythrose 4-phosphate 585-18-2 C4H9O7P N/A N/A N/A 

Glyceraldehyde 3-phosphate 591-59-3 C3H7O6P DL-Glyceraldehyde 3-phosphate solution 45-55 mg/mL in H2O SIGMA 

Sedoheptulose 7-phosphate 2646-35-7 C7H15O10P D-Sedoheptulose 7-phosphate lithium salt ≥98.0% SIGMA 

Fructose 1,6-biphosphate 488-69-7 C6H14O12P2 D-Fructose 1,6-bisphosphate trisodium salt hydrate ≥98.0% SIGMA 

Uridine diphosphate N-acetylglucosamine 7277-98-7 C17H27N3O17P2 Uridine 5′-diphospho-N-acetylglucosamine sodium salt ≥98.0% SIGMA 

Redox 

Glutathione  70-18-8 C10H17N3O6S L-Glutathione reduced ≥98.0% SIGMA-ALDRICH 

Glutathione disulfide 27025-41-8 C20H32N6O12S2 L-Glutathione oxidized ≥98.0% SIGMA 

CoA's 

coenzyme A 85-61-0 C21H36N7O16P3S Coenzyme A hydrate ≥85.0% SIGMA 

acetyl-CoA 72-89-9 C23H38N7O17P3S Acetyl coenzyme A sodium salt ≥93.0% SIGMA 
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Nucleoside mono/di/triphosphates 

AMP 149022-20-8 C10H14N5O7P Adenosine 5′-monophosphate sodium salt ≥99.0% SIGMA 

ADP 58-64-0 C10H15N5O10P2 Adenosine 5′-diphosphate sodium salt ≥95.0% SIGMA 

ATP 987-65-5 C10H16N5O13P3 Adenosine 5′-triphosphate disodium salt hydrate ≥99.0% SIGMA 

IMP 131-99-7 C10H13N4O8P  Inosine 5′-monophosphate disodium salt ≥99.0% SIGMA 

Nucleoside bases 

Inosine 58-63-9 C10H12N4O5 Inosine ≥99.0% SIGMA 

Xanthine 69-89-6 C5H4N4O2 Xanthine ≥99.0% SIGMA 

Hypoxanthine 68-94-0 C5H4N4O ko00230│purine metabolism ≥99.0% SIGMA 

Uric acid 69-93-2 C5H4N4O3 ko00240│pyrimidine metabolism ≥99.0% SIGMA 

lnternal standards 

4-Chloro-DL-phenylalanine 7424-00-2 C9H10ClNO2 4-Chloro-DL-phenylalanine ≥99.0% ALDRICH 

4-(dimethylamino)benzoic acid 619-84-1 C9H11NO2 4-(dimethylamino)benzoic acid 98.00% ALDRICH 

L-Glutamine-15N2 204451-48-9 C5H10N2O3 L-Glutamine-15N2 15N2, 98% CIL 
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Appendix for Chapter 4 

Table A4.1 Within- and between-day assay variability. 
 

Analyte Concentration
(ng mL-1) 

Precision 
Within-day RSD 

(%) (n=6) 
Between-day 

RSD (%) (n=9) 

CoQ10H2 
a 85.8 8.3 8.5 

214.6 5.7 4.4 
858.8 3.6 2.9 

CoQ10 85.8 6.9 7.3 
214.6 3.4 3.2 
858.8 2.3 2.5 

 
For CoQ10H2 & CoQ10 at each level, the repeatability results were satisfactory, as 
indicated by both within-day and between-day variability not exceed 10.0 %. a 
Because of the instability of CoQ10H2, its solutions were prepared immediately prior 
to the analysis, and freshly prepared each time, and the test was conducted within 3.5 
hours. 
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Figure A4.1 Sample carryover test. Carryover was not observed as evidenced by no 

analyte peak in the solvent blank (B) analyzed immediately after tissue sample 

analysis (A). 
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Figure A4.2 Stability test of CoQ10H2 on the autosampler. CoQ10H2 at the 

concentration of 1.0 μg mL-1 was stable up to 3.5 hours on the autosampler without 

any significant oxidation, allowing for more than 20 samples to be analyzed 

simultaneously with in a single chromatographic run. 
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Appendix for Chapter 5 

 
Appendix File A5.1. XCMS detailed parameters used for metabolomics data 
pretreatment, taking 12W dataset positive ion mode data as an example. 
 

library(xcms) 
xset <- xcmsSet(profmethod="bin", method="centWave", ppm=3, peakwidth=c(5,10), 
prefilter=c(3,100),snthresh=8, mzdiff=0.05) 
dir.results <- "E:/AD Urine Metabolomics/AD Urine Orbitrap 
data/orbitrap_POS/Orbitrap AD 12W_POS" 
file.peaks12WP <- file.path(dir.results, "peaks12WP.Rdata") 
save(xset, file=file.peaks12WP) 
xset 
xset <- group(xset, bw=2, minfrac=0.03, mzwid=0.01, max=100, sleep=.001) 
save(xset, file=file.peaks12WP) 
xset2 <- retcor(xset, method="obiwarp", plottype="deviation") 
xset2 <- group(xset2, bw=2) 
xset3 <-fillPeaks(xset2) 
save(xset3, file="xset3.Rda") 
> utils:::menuInstallLocal() 
package ‘igraph’ successfully unpacked and MD5 sums checked 
> utils:::menuInstallLocal() 
package ‘CAMERA’ successfully unpacked and MD5 sums checked 
library(igraph) 
library(CAMERA) 
an<-xsAnnotate(xset3) 
an<-groupFWHM(an, perfwhm=0.3) 
an<-findIsotopes(an, mzabs=0.01) 
an<-groupCorr(an, cor_eic_th=0.75) 
an.12WP<-annotate(xset3, sigma=6, perfwhm=0.3, cor_eic_th=0.75, maxcharge=3, 
maxiso=3,mzabs=0.01, multiplier=3, polarity="positive", category="12WP") 
peaklist.12WP<-getPeaklist(an.12WP) 
write.csv(peaklist.12WP, file='annotated.12WP.csv') 
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Appendix Figure A5.2 PCA scores plots of metabolomic comparison between 
TgCRND8 mice and the age-matched non-Tg controls. PCA scores plots of 
metabolomic comparison between Tg CRND8 mice group (Red triangle) and the 
age-matched non-Tg control group (Blue circle), showing clear distinction between 
the two groups in both positive and negative ion modes. The t[1] and t[2] values 
represent the scores of each sample in the principal components 1 and 2, respectively. 
(A) 12W dataset, PCA scores plot in positive ion mode (R2X(cum) = 0.574, Q2(cum) 
= 0.317); (C) 12W dataset, PCA scores plot in negative ion mode (R2X(cum) = 0.475, 
Q2(cum) = 0.18); (B) 18W dataset, PCA scores plot in positive ion mode (R2X(cum) = 
0.539, Q2(cum) = 0.178); (D) 18W dataset, PCA scores plot in negative ion mode 
(R2X(cum) = 0.586, Q2(cum) = 0.25). 
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Appendix Figure A5.3 OPLS-DA scores plots of metabolomic comparison between 
Tg CRND8 mice and the age-matched non-Tg controls.  
OPLS-DA scores plots of metabolomic comparison between TgCRND8 mice group 
(Red triangle) and the age-matched non-Tg control group (Blue circle), showing clear 
distinction between the two groups in both positive and negative ion modes. (A) 12W 
dataset, OPLS-DA scores plot in positive ion mode (R2X(cum) = 0.474, R2Y(cum) = 
0.995, Q2(cum) = 0.902); (C) 12W dataset, OPLS-DA scores plot in negative ion 
mode (R2X(cum) = 0.365, R2Y(cum) = 0.981, Q2(cum) = 0.879); (B) 18W dataset, 
OPLS-DA scores plot in positive ion mode (R2X(cum) = 0.463, R2Y(cum) = 0.991, 
Q2(cum) = 0.823); (D) 18W dataset, OPLS-DA scores plot in negative ion mode 
(R2X(cum) = 0.427, R2Y(cum) = 0.978, Q2(cum) = 0.746).  
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Appendix Figure A5.4 Supervised partial least squares discriminant analysis (PLS-DA) 
of the urine samples from TgCRND8 mice and age-matched controls at age of 
18-weeks-old. (A) Three-dimensional PLS-DA scores plot in positive ion mode; (B) 
Three-dimensional PLS-DA scores plot in negative ion mode. Each dot corresponds to 
an individual sample. Tg, green, Non-Tg, red. (C) Heat map analysis of differentiating 
metabolites between18W Tg and 18W Non-Tg mice. Each column represents an 
individual subject, and each row represents a metabolite.  
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Appendix Figure A5.5 Schematic diagram for parallel-sequential analysis.  
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Appendix Figure A5.6 No separation could be seen between the non-Tg controls at 
different ages as shown in the PCA scores plots (18W Non-Tg Vs 12W Non-Tg).  
PCA and OPLS-DA scores plots of metabolomic comparison between TgCRND8 
mice and the non-Tg controls (18W Non-Tg Vs 12W Non-Tg). (A) PCA scores plot in 
positive ion mode (R2X(cum) = 0.499, Q2(cum) = 0.164); (B) No separation. PCA 
scores plot in negative ion mode (R2X(cum) = 0.517, Q2(cum) = 0.0354); (C) 
OPLS-DA scores plot in positive ion mode (R2X(cum) = 0.379, R2Y(cum) = 0.975, 
Q2(cum) = 0.788); (D) No separation. OPLS-DA scores plot in negative ion mode 
(R2X(cum) = 0.19, R2Y(cum) = 0.533, Q2(cum) = 0.292).  
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Appendix Table A5.1 Differentiating metabolites between TgCRND8 mice and 

age-matched controls identified from the 18W Dataset (Tg/Non-Tg). 

 
No. Metabolites a VIP b FC c P 

value d
FDR e Pathway 

1 
N-Acetylserotonin ‡P 

1.56
789 

8.000
5 (↑) 

9.91E-
05 

0.0024
201 

Tryptophan 
metabolism 

2 
N-Methylserotonin ‡P 

1.78
665 

10.01
8 (↑) 

6.66E-
05 

0.0020
995 

Tryptophan 
metabolism 

3 
N-Methyltryptamine ‡P 

1.52
468 

7.306
5 (↑) 

6.66E-
05 

0.0020
995 

Tryptophan 
metabolism 

4 
Xanthurenic acid ‡P 

1.65
246 

0.276
23 (↓)

0.0021
848 

0.0154
57 

Tryptophan 
metabolism 

5 
Anthranilic acid ‡P 

1.50
356 

0.477
89 (↓)

0.0069
848 

0.0320
45 

Tryptophan 
metabolism 

6 2-Amino-3-methoxy-benzoic acid 
†P 

1.13
113 

10.80
4 (↑) 

1.48E-
06 

0.0005
599 

Tryptophan 
metabolism 

7 
2-amino-muconic acid †N 

1.07
735 

0.279
41 (↓)

0.2794
1 

0.0438
79 

Tryptophan 
metabolism 

8 
N-Acetylvanilalanine †N 

1.23
137 

14.31
9 (↑) 

2.96E-
06 

0.0006
649 

Catecholamine 
metabolism 

9 
Hydroxyphenylacetylglycine †N 1.64

457 
8.288
6 (↑) 

0.0007
366 

0.0077
005 

Tyrosine 
metabolism/Micr
obiome dysbiosis

1
0 

Homophenylalanine †P 
1.36
178 

4.469
4 (↑) 

0.0438
79 

0.1092
6 

Phenylalanine, 
tyrosine and 
tryptophan 

biosynthesis 

1
1 3-Methoxytyrosine †N 

1.31
793 

2.850
1 (↑) 

0.0005
458 

0.0067
219 

Phenylalanine/Ty
rosine 

metabolism 

1
2 

3-Sulfomuconate/4-Sulfolactone 
†N 

1.07
512 

4.734
9 (↑) 

0.0086
252 

0.0380
1 

Aminobenzoate 
degradation 

1 4-Aminocatechol †P 1.64 4.655 0.0069 0.0320 Aminobenzoate 
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3 108 (↑) 848 45 degradation 

1
4 p-aminohippurate ‡P 

1.65
896 

0.028
622 
(↓) 

6.66E-
05 

0.0020
995 

Fatty acid 
beta-oxidation 

1
5 

Epinephrine sulfate †P 
1.31
092 

0.488
22 (↓)

0.0044
894 

0.0242
75 

Catecholamine 
metabolism 

1
6 

2-Phenylethanol glucuronide †N 1.77
861 

2.948
1 (↑) 

0.0002
884 

0.0043
951 

Phase II 
metabolism 

1
7 

2-Keto-6-acetamidocaproate †N 1.68
909 

4.288
3 (↑) 

0.0002
056 

0.0040
183 

Lysine 
metabolism 

1
8 

N2-Acetyl-L-aminoadipate †N 
1.10
75 

0.466
39 (↓)

0.0004
009 

0.0052
997 

Alpha-aminoadip
ate pathway for 

lysine 
biosynthesis 

1
9 Nγ-Acetyldiaminobutyrate †N 

1.65
582 

0.280
13 (↓)

0.0021
848 

0.0159
68 

Glycine, serine 
and threonine 
metabolism 

2
0 

(S)-3,4-Dihydroxybutyric acid †N 1.74
389 

4.223
5 (↑) 

0.0035
604 

0.0220
75 

L-threonine 
metabolism 

2
1 

Isobutyrylglycine †P 
1.68
136 

0.411
56 (↓)

0.0002
884 

0.0042
814 

Valine 
metabolism/Fatty 

acid 
beta-oxidation 

2
2 

Hydantoin-5-propionic acid †N 
1.55
933 

2.316
5 (↑) 

0.0005
458 

0.0067
219 

Histidine 
metabolism/Folat

e/vitamin B12 
metabolism 

2
3 

Homoanserine †P 
1.24
209 

4.047
9 (↑) 

0.0002
884 

0.0042
814 

Histidine 
metabolism 

2
4 

Histidine ‡P 
1.27
704 

0.385
59 (↓)

0.0438
79 

0.1092
6 

Histidine 
metabolism 

2
5 5-L-Glutamyl-taurine †P 

1.13
227 

0.347
76 (↓)

0.0268
0.0786

35 

Taurine and 
hypotaurine 
metabolism 

2
6 

Allantoic acid ‡N 
1.49
313 

0.136 
(↓) 

0.0004
009 

0.0052
997 

Purine 
metabolism 

2 1-methyladenine †P 1.49 2.726 0.0005 0.0059 DNA alkylation 



179 
 

7 23 1 (↑) 458 027 products(AKG as 
co-substrate) 

2
8 

Hydrouracil (Dihydrothymine) †P 1.35
078 

2.353
1 (↑) 

0.0027
987 

0.0175
09 

Pyrimidine 
metabolism 

2
9 

Methylenediurea †P 
1.07
218 

2.215
5 (↑) 

0.0187
95 

0.0610
63 

Urea metabolism 

3
0 

L-Pipecolic acid †P 
1.28
382 

2.258
4 (↑) 

0.0268
0.0786

35 
Lysine 

degradation 

3
1 N-Acetylmuramic acid †N 

1.19
838 

0.439
1 (↓) 

0.0035
604 

0.0220
75 

Amino sugar and 
nucleotide sugar 

metabolism 

3
2 Sumiki's acid †N 

1.14
475 

2.085
9 (↑) 

0.0069
848 

0.0325
35 

Fatty 
acid/Phenylalanin

e metabolism 

3
3 

Azelaic acid †N 
1.50
478 

0.382
35 (↓)

0.0016
878 

0.0131
94 

Fatty acid 
metabolism 

3
4 

Hexanoylglycine †P 
1.09
678 

0.471
48 (↓)

0.0268
0.0786

35 
Fatty acid 

beta-oxidation 

3
5 Propionylcarnitine †N 

1.18
471 

0.495
05 (↓)

0.0156
06 

0.0574
98 

Carnitine and 
acylcarnitine 
metabolism 

3
6 

Propenoylcarnitine †P 
1.50
678 

0.471
13 (↓)

0.0086
252 

0.0366
82 

Propionate 
metabolism 

3
7 

1-(beta-D-Ribofuranosyl)-1,4-dihy
dronicotinamide †P 

1.51
644 

0.425
09 (↓)

0.0156
06 

0.0536
97 

NAD synthesis 
pathway 

3
8 

Methyl bisnorbiotinyl ketone †P 1.37
651 

2.202
8 (↑) 

0.0035
604 

0.0202
65 

Biotin 
metabolism 

3
9 

Biopterin †N 
1.35
82 

2.247 
(↑) 

0.0225
0.0714

76 
Biopterin 

metabolism 

4
0 

Methionine sulfoxide †N 
1.39
439 

2.098
8 (↑) 

0.0044
894 

0.0257
07 

Cysteine and 
methionine 

metabolism /a 
biomarker of 

oxidative stress 

4
1 

N-acetylcysteine ‡N 
1.49
675 

5.036
4 (↑) 

4.44E-
05 

0.0015
344 

Glutathione 
metabolism 
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4
2 

α-ketoglutaric acid ‡N 
1.15
323 

4.121
2 (↑) 

0.0056
225 

0.0297
33 

TCA cycle 

4
3 

Gulonolactone †N 
1.93
102 

5.075
3 (↑) 

2.96E-
06 

0.0006
649 

Ascorbate 
metabolism 

Note a Metabolites are identified using available library databases; b Variable importance in the 
projection (VIP) was obtained from OPLS-DA with a threshold of 1.0; d P-value and fold change 
(FC) are calculated from nonparametric Wilcoxon-Mann-Whitney test (one-way ANOVA); e All 
the metabolites were discriminant (Wilcoxon P < 0.05), with an FDR of 5%; c FC with a value 
larger than 1.0 indicates a relatively higher concentration present in TgCRND8 mice while a lower 
than 1.0 means a relatively lower concentration as compared to the controls. P, positive ion mode; 
N, negative ion mode. ‡, metabolites were confirmed by the retention time and MS/MS spectra of 
standards. †, metabolites were tentatively identified by comparing with the HMDB and METLIN 
databases, considering the accurate masses, isotopic patterns, and hydrophobic–hydrophilic 
retention properties in HILIC. 
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