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ABSTRACT

Increasing evidence has shown that abnormal metabolic phenotypes in body
fluids reflect the pathogenesis and pathophysiology of Parkinson's disease (PD).
However, the relationship between metabolic phenotypes and PD is not fully
understood. Mass spectrometry (MS) based metabolomics is a powerful
technique, which was frequently used for the sensitive and reproducible
detection of hundreds to thousands of metabolites in biofluid samples.
Here we developed and performed MS-based metabolomics studies
involving hundreds of human urine samples with data acquired from multiple
analytical batches for surveying potential biomarkers of PD. A new software
statTarget

was

developed

and

introduced.

Protocols

for

liquid

chromatography-mass spectrometry (LC-MS) and gas chromatography-mass
spectrometry (GC-MS) were developed, including sample preparation, data
acquisition, quality controls, quality assurance and data analysis. Urinary
metabolites from a total of 401 clinical urine samples collected from 106
idiopathic PD patients and 104 normal control subjects were profiled by using
LC-MS. Quality control (QC) strategy has been performed in MS-based
metabolomics for high reproducibility and accuracy of MS data. GC-MS with
methyl chloroformate (MCF) derivatization was used for profiling highly polar
metabolites in patients with early-, middle- and advanced-stage PD. Our study
revealed the significant correlation between clinical phenotypes and urinary
metabolite profiles. Comprehensive metabolomics was successfully developed
with the goal of identifying urinary metabolite markers that can be used for
evaluating the development of PD. A group of 18 metabolites have shown not
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only a high discriminating ability for the early-stage PD patients but also
accurately distinguished the middle- and advanced- stages patients from control
subjects. For the evaluation of PD, 18 metabolites showed good potential as
metabolite markers with related metabolic pathway variations observed in
branched chain amino acid metabolism, glycine derivation, steroid hormone
biosynthesis, tryptophan metabolism, and phenylalanine metabolism.
We have further performed targeted analysis of potential biomarkers by
using ultra-performance liquid chromatography-tandem mass spectrometry
(UPLC-MS/MS) and GC-MS. The UPLC-MS/MS method was developed and
optimized for detecting the concentration variation of metabolites in tryptophan
metabolism for alpha-synuclein over-expressed flies (Parkinson’s disease
model). The altered tryptophan metabolism was proved as one of the common
metabolite signatures between PD patients and alpha-synuclein over-expressed
fly model of PD, and thus may be used for developing potential markers of the
disease and evaluating the efficacy of novel therapeutic agents. An asymmetric
labeling strategy and positive chemical ionization gas chromatography-tandem
mass spectrometry (PCI-GC-MS-MS) approach was developed for the
determination of non-amino organic acids and amino acids, as well as short
chain fatty acids. Carboxylic and amino groups could be selectively labelled by
propyl and ethyl groups, respectively. The specific neutral losses of C3H8O (60
Da), C3H5O2 (74 Da) and C4H8O2 (88 Da) were useful in the selective
identification for qualitative analysis of organic acids and amino acid derivatives.
The developed PCI-GC-MS/MS method showed good reproducibility and linear
range.

iii

In summary, metabolomics study has its inherent advantage in the
characterization of biomarkers for the development of PD and may bring new
scientific knowledge as well as impact on the progression of PD and other
related neurodegenerative diseases.
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CHAPTER 1

General Introduction

1.1 Metabolomics: from small molecules to big story
Specific molecules of biological fluids directing disease status have been
approved for a long time. In the early 16th century, the color, smell, and taste of
the patient’s urine could also be used for diagnosing diseases, resulting in the
urine wheel that was published in 1506 by Ullrich Pinder, in his book Epiphanie
Medicorum (Figure. 1.1) (1). The ants can be attracted by the urine of patients
because of high levels of urinary glucose, that was also used to detect diabetes
in Ancient China (2). Many changes of small molecules in the levels of products
in metabolism can be detected in the urine or others bio-fluids of patients. These
small molecules include lipids, peptides, nucleic acids, organic acids, amino
acids, carbohydrates, vitamins, minerals, toxins, pollutants and just about any
other chemical (with a molecular weight < 1000 Da).
Metabolomics, one of youngest fields in the family of omics, has emerged
as a powerful technique used in complex biological systems and it is a more
holistic approach as opposed to the traditional reductionist methods (single
target) in understanding biochemical interactions (3). Metabolomics is the
systematic study of all small molecules or metabolites in a biological cell, tissue,
organ or organism that are end products of specific cellular processes (1).
Metabolomic technology allows for a high throughput analysis of small
molecule profiles from different phenotypes and can be used to identify specific
metabolic changes leading to the understanding of complex biomarker
1

combinations and multi-biochemical pathways. Since most metabolites could be
modified by enzymatic proteins that result from the related gene, and those
metabolites display biochemical characteristics and the link between genotype
and phenotype (4). Additionally, the metabolomics could offer a more
immediate assay of physiology than other omics approaches (5).
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Figure 1.1 The urine wheel for diagnosing metabolic diseases, from Epiphanie
Medicorum by Ullrich Pinder in 1506

3

1.2 Integrated metabolomic technology platform
The enormous chemical diversity and large dynamic range of the
metabolites may be the major analytical challenges for metabolomics (6). Until
now, there is no single analytical platform that can capture all metabolites in one
biological sample. A comprehensive analytical approach should be used to
separate and quantify components of the entire metabolome, which refers to the
complete set of small-molecule chemicals found within a biological sample.
Recently, the rapid development of a range of analytical platforms, including
gas chromatography (GC), high-performance liquid chromatography (HPLC),
ultra performance liquid chromatography (UPLC), and capillary electrophoresis
(CE) coupled to mass spectrometry (MS) (7) as well as nuclear magnetic
resonance (NMR) spectroscopy (8), could perform separation, detection,
qualification and quantification of small molecules and related metabolic
pathways. The combined use of multiple analytical approaches will be
beneficial to increase the coverage of metabolome and provide sensitive and
reliable characteristics of metabolites (9, 10).
GC-MS is one of the most widely used and powerful platforms for detecting
the volatile and nonpolar metabolites. To permit analysis of inadequate volatility
or stability metabolites in the metabolome, chemically modified compounds that
are suitable for GC-MS analysis were produced. This process of chemically
modifying is called derivatization. Derivatization could increase the volatility,
detectability and stability of targeted compounds. With derivatization process,
GC-MS can be employed as a frequently used tool to detect not only the volatile
and nonpolar compounds (11), but also the highly polar compounds, such as the
sugar, amines, and amino acids and so on (12-14).
4

According to the different types of derivatization reaction, derivatization
process can be divided into three parts: (1) Silylation; (2) Alkylation and (3)
Acylation. Silylation (15) produces silyl derivatives which are more volatile,
less polar, and more thermally stable than their precursor organic compound.
Silylation is the most widely used method due to its ability to silylate a wide
variety of compounds (16). Silylation reagent is used to replace the active
hydrogen atom (in amino group, hydroxyl and carboxyl group) in order to
produce the volatile Silylation compound. The main Silylation reagents are
N,O-Bis(trimethylsilyl)trifluoroacetamide

(BSTFA),

N-tert-Butyldimethylsilyl-N-methyltrifluoroacetamide

(MTBSTFA),

N-methy-N-(trimethylsilyl) trifluoroacetamide (MSTFA), Trimethylchlorosilane
(TMCS). A disadvantage of silylation is the sensitivity of the products to
moisture (17). Alkylation (18) decreases molecular polarity through transferring
of an alkyl group from one molecule to another (2). Alkylation reagents are
employed to modify compounds with acidic hydrogens, such as phenols and
carboxylic acids. Alkylation reaction is generally used for the conversion of
organic acids into esters, especially methyl esters that produce better
chromatograms than the free acids (18). The main silylation reagents are
dialkylacetals

(DMF),

tetrabutylammonium

hydroxide

(TBH)

and

pentafluorobenzyl bromide (PFBBR). Especially, alkylation reaction could react
at room temperature in the aqueous medium, and is less prone to matrix effect
compared with other derivatizations. Alkylation derivatization was preferable
for the analysis of poly-functional amines and organic acids in cell
metabolomics studies (18, 19). Acylation (20) could decrease the polarity of
amino, hydroxyl, and thiol groups and add perfluoroaryl groups for electron
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capture detection (ECD) detector. Active hydrogens of molecular groups could
be converted into esters, thioesters, and amides by acylation reagent. Acylation
reagents can be divided into two main groups: Fluoro acid anhydrides and
fluoracylimidazoles.

A

benefit

of

acylation

is

the

formation

of

fragmentation-directing derivatives for MS analysis, which provide helpful
information on the structure of these derivatives (18). The high moisture
sensitivity is the common disadvantages of the acylation and silylation.
In the other hand, liquid chromatography-mass spectrometry (LC-MS) is a
kind of quick separation and accurate analytical technology which has been
widely used in metabolomics research (21). The main analytical region: polar
compounds, non-volatile compounds, and temperature sensitive compounds.
The LC separates compounds by conventional chromatography with the
analytical column. According to the polarity of compounds, reverse phase liquid
chromatography (RPLC) and hydrophilic interaction chromatography (HILIC)
(22) were usually used to analyze medium-polarity components and high
polarity components, respectively. Besides its separation function, LC coupled
with a number of mass analyzers (e.g. ion-trap, triple-quadrupole, Orbitrap,
time-of-flight mass spectrometers) was suitable for high-sensitivity, qualitative
and quantitative analysis. Tandem MS technology with multiple reaction
monitoring (MRM) assays delivers exceptional sensitivity, precision, accuracy,
linearity, and a wide dynamic range for metabolites analysis. High-resolution
Orbitrap or time-of-flight mass spectrometry could be an alternative method to
determine unknown compounds by analyzing the accurate mass and isotopic
distribution (23).
Matrix-assisted laser desorption ionization (MALDI) based mass

6

spectrometry is able to record the spatial distribution of chemical compositions
by their molecular masses, emerging as a hot spot of metabolomics field. This
technique does not need prior knowledge of the samples being studied and
provides the high-throughput metabolic profiling with accurate mass, which was
different from the widely used traditional methodologies like radiochemistry
and immunohistochemistry. With a MALDI-MS/MS instrument, the low
molecular weight molecule can be further analyzed via characteristic fragment
ions that can validate the structure simultaneously (79). Qualitative and
Quantitative MALDI-MS techniques have been developed for low molecular
weight molecule with neurological function in the complex tissues.
Nowadays, LC-MS, GC-MS and MALDI-MS are used frequently for
metabolomics analysis due to their high selectivity, sensitivity, and qualitative
ability, but there are unavoidable weaknesses that like compounds bias,
component contamination of sensitivity and sample destruction. While, the
nuclear magnetic resonance (NMR) technique was one of the first technologies
to be widely adopted for routine metabolome measurements and benefited by its
non-destruction and without bias, but the major drawback of NMR, namely its
relatively low sensitivity compared to LC-MS, GC-MS and MALDI-MS
technologies (24). Because of the complexity of biological samples in
metabolomics studies, the combined application of MS and NMR in
metabolomics

becomes

increasingly

widespread

for

comprehensive

metabolome-wide studies and plays a increasingly important role for disease
mechanisms discovery and clinical diagnosis (Figure 1.2) (25).
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Figure 1.2 The typical metabolomics experiment consists of six stages. In stage 1,
the metabolites to be analyzed are isolated from blood, urine, feces or tissues by
solvent extraction for LC(GC)-MS analysis. The tissue slides are prepared for
MALDI imaging experiment. In stage 2 and 3, the metabolites are separated by
selected high-pressure liquid chromatography or capillary gas chromatography
and eluted into an electrospray or EI ion source. For MALDI imaging, the
metabolites in tissue slides mixed with matrix absorb energy at the wavelength of
the laser, providing the molecular ion. Multiple ions enter the mass spectrometer
and being detected. Mass spectra will be generated at each pixel for metabolite
analysis. Therefore, metabolites are detected and identified in stage 4, usually by
database of MS/MS fragmentation and reference standard compounds. Further
8

statistical analysis to class the different groups and find the potential biomarkers
(stage 5). Visualization of the distribution of a single metabolite within the tissue
and quantification of discovered biomarkers (stage 6)

1.3 Application of mass spectrometry in large-scale metabolomics studies
In the past few years, most of the metabolomics projects described in the
published papers were performed by using NMR techniques (26). NMR
spectroscopy was ever considered as the only analytical techniques for
large-scale studies (27). The samples are analyzed in NMR tubes rather than via
flow-through systems and do not direct contact with the components of the
platform, and NMR spectroscopy has high reproducibility and low variation
(28). This minimized contamination allows the routine and high-throughput
analysis of hundreds of thousands of samples in metabolomics studies.
NMR-based large scale studies have displayed the metabolic profiling to be the
powerful tool for explored the biomarkers of human disease (29).
Recently, MS-based platforms have been performed more frequently for
metabolomics studies (27, 30). Metabolomics data was obtained by using
LC-MS or GC-MS platforms. Multivariate statistical methods were employed to
identify the differences between the studied objects. Animal model (e.g. rat or
mouse) with relatively little biological variation and relatively low number of
subjects (typically 5-10) per group was popularly employed. These short term
LC-MS or GC-MS experiments could be stable over 30 h sets of injects (31).
However, long-time analysis often exhibit drift in the measured response and
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retention time during analysis periods due to contamination of the ion source
and gradual weakness of chromatographic performance (32, 33). It is a great
challenge to use MS platform for large-scale metabolomics studies. However,
recent studies have successfully developed a series of LC-MS or GC-MS-based
strategies for large-scale studies of human bio-fluids. Sangster et al. and Zelena
et al. reported a robust and repeatable chromatography-MS method by using
standard biological quality control (QC) samples and integration of multiple
small analytical blocks for the long-term metabolomics study (34, 35). These
strategies could be performed to evaluate the appropriate length of each
analytical experiment before drifting in response, mass accuracy and retention
time become unacceptable. In addition, several signal correction algorithms in
order to reduce analytical variation and to quantitatively determine analytical
precision were also further developed, such as quality control-robust Loess
signal correction (QC-RLSC) algorithm (27), quantile - quantile normalization
(36), batch normalizer (37) and feature-based signal correction (38).
1.4 Application of metabolomics to Parkinson’s disease
Parkinson’s disease (PD) is becoming one of the most prevalent debilitating
brain disorders in the world afflicting about 1% of people over 60 years old (39).
There are almost 2 million people currently suffering from PD, and the
prevalence of PD is predicted to increase to 4.94% by 2030 (40, 41). The
significant loss of dopaminergic neurons in the substantia nigra pars compacta
(SNpc) has been considered as the histopathological hallmark of PD, which is
associated with the accumulation of alpha-synuclein aggregates. The
alpha-synuclein aggregates are also the main component of Lewy bodies (LBs).

10

Series of motor deficiencies can be produced because of the loss of
dopaminergic neurons, such as bradykinesia, resting tremor, and rigidity (42). In
addition to the prominent motor symptoms, non-motor symptoms (43) also exist,
i.e. depression, anxiety, gastrointestinal dysfunction, and sleep disorders.
However, most of the non-motor symptoms cannot be alleviated by dopamine
replacement therapies. This is presumable because these symptoms are less
correlated with loss of dopaminergic neurons in the SNpc. Such broad array of
symptoms necessarily involves organs throughout the body. Thus, PD is
increasingly recognized as a multisystem disorder (42). The pathogenesis of PD
remains elusive although great progress has been made during the past two
decades. Undoubtedly, aging is the main risk factor of PD. Alterations in energy
metabolism, oxidative stress, inflammation, and corticosteroid signaling occur
that could contribute to the onset of PD during the process of aging (44).
Besides the main risk factor, aging, other risk factors such as mutation in
alpha-synuclein gene (SNCA) and exposure to environmental toxins are also
linked to metabolic abnormalities. The neurotransmitter systems (dopamine,
serotonin, GABA and glutamate), fatty acids such as arachidonic acid-cascade,
oxidative stress, and mitochondrial function may be perturbed (45-48). The
relationship between metabolic anomalies and the clinical symptoms of PD has
been explored in several studies. Oxidative stress, energy metabolism, and
neurotransmitters are associated with development of PD (49-53). Cerebrospinal
fluid has more physical connection with the brain than any other fluid and as
such on behalf of a potentially reliable source of diagnostic biomarker. CSF
metabolomics was performed for discovering biomarkers of neurodegenerative
disease that be needed to enhance therapeutics research and to understand
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disease pathogenesis. CSF samples were collected from pathologically-verified
PD patients and comparably-aged controls, which were analyzed by using the
ultra-high-performance liquid and gas chromatography linked to mass
spectrometry platforms for obtaining metabolic profiles. The increased
formation of the excitotoxin 3-hydroxykynurenine and diminished concentration
of the antioxidant glutathione were identified as the novel biomarkers
recognizing excitotoxicity and oxidative stress in the pathogenesis of PD (50).
Blood metabolomics to define metabolic biomarkers unique to a disease
diagnosis or progression, plasma or serum are by far the most popular sources in
neurodegenerative disorders. Using a global plasma metabolomics screening,
the metabolites alteration response to neurodegenerative disorders could be
clearly

depicted.

The

metabolites

from

blood

such

as

8-hydroxy-2-deoxyguanosine, glutathione, and uric acid were considered as the
biomarkers for the PD progression, indicating oxidative stress could be
important risk for PD (49). Urine is a valuable source of biomarkers for diseases
not only because it can be collected non-invasively, but also because it reflects
terminal changes of body. The presence of metabolites in the urine has been
measured as an indicator of PD recently, although the mechanism that urine can
reflect brain disease status remains unclear. A comprehensive urinary
metabolomics study revealed metabolic changes in the urinary markers
associated with progression of PD, with related pathways including chain amino
acid metabolism, glycine derivation, steroid hormone biosynthesis, tryptophan
metabolism, and phenylalanine metabolism.
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1.5 Mass spectrometry based metabolomics in Parkinson’s disease
A growing number of studies have used metabolomics as a robust method
for exploring metabolic markers in diagnosis and disease progression of PD.
Cerebrospinal fluid metabolomics was performed for discovering biomarkers of
Parkinson's disease that needed to enhance therapeutics research and to
understand PD pathogenesis (54). Lewitt et al. have integrated the
ultra-high-performance liquid and gas chromatography linked to mass
spectrometry platforms for metabolic profiling of 48 pathologically-verified PD
subjects and 57 comparably-aged controls and found the increased formation of
the excitotoxin 3-hydroxykynurenine and diminished concentration of the
antioxidant glutathione (50). Roede et al. have used the high-resolution mass
spectrometry-based metabolic profiling for detecting the unique metabolic
signatures (e.g., N8-acetyl spermidine) of slow versus rapidly progressing PD
present in human serum. They concluded that a fast motor progression disease
phenotype of PD can be distinguished early symptom in disease by using
MS-based metabolomics (55). The altered polyamine metabolism may be a
predictive marker of rapidly progressing PD. Recent studies reported
metabolomic techniques combined with mutated animal models were employed
to uncover some genes (56) (i.e. PTEN-induced putative kinase 1, PINK1;
G2019S; leucine-rich repeat kinase 2, LRRK2) or proteins (57) (alpha-synuclein)
function that is associated with early onset autosomal recessive parkinsonism.
Urine, a valuable source of biomarkers for neurodegenerative diseases, is
not only because it can be collected non-invasively, but also because it reflects
terminal changes of blood. A major product of DNA oxidative damage,
8-hydroxy-2-deoxyguanosine

(8-OHdG)
13

has

been

associated

with

the

progression of PD (58). A GC-MS method was employed to investigate the
metabolic proﬁles of urine and serum in a small number of PD subjects. Results
indicated that changes in urine composition may be more helpful than those of
serum (51). However, to our knowledge, in-depth study of the relationship
between urinary metabolite profile and PD is still needed. The dynamic levels of
urine metabolites associated with PD represent a snapshot of the dysfunctional
metabolic network in idiopathic PD patients. Urine metabolite signatures may
provide valuable information for assessing PD and evaluating the patient
responses to therapeutic treatment.

1.6 Objectives
As showed in the Figure 1.3, two strategies including non-targeted
metabolomics and targeted metabolomics could be carried out to uncover the
metabolic disorders in the PD and related PD model (Drosophila melanogaster).
The metabolome in the urine provided valuable clues for discovering the
potential biomarkers of PD, and the PD fly model would be a powerful tool to
study pathology and physiology of PD.
1) To establish the urine preparation and mass spectrometry-based protocol for
supporting the metabolomics analysis.
2) To perform non-target metabolomics experiments with established MS-based
platform, determine the significant differences in metabolite concentrations
between PD groups and normal controls, and find the modified pathways in PD
patients.
3) To optimize data analysis protocols for improving the efficiency of data
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process and assuring the data quality in the large scale metabolomics.
4) To analyze these modified pathways in the transgenic α-synuclein
over-expressed flies (Drosophila melanogaster).
5) To develop MS method for the determination of potential biomarkers.

Figure 1.3 The role of metabolomics and its application in the projects of this
thesis
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CHAPTER 2

Development and Application of MS-based Non-targeted Metabolomics
Method

2.1 Introduction
GC-MS platform has been extensively employed in metabolomics research
due to its high separation power and capacity for identifying hundreds of small
molecules within a single experiment. In particular, the reliable electron impact
ionization mass spectra involved in the GC-MS system produces reproducible
mass spectra, severing as the large mass spectral libraries for metabolites
identification (59). The GC-MS platform provides the large number of mass
spectral tag (MST) that can be used to search against the available mass spectral
libraries for identifying possible metabolites present, which can be further
validated by commercially available standard compounds (60). Since lots of
endogenous metabolites are unstable at operating temperature or not volatile,
therefore, chemical derivatization of metabolites prior to GC-MS system is
required.
The chemical derivatization step would provide new function groups that
reduce the polarity and increase thermal stability and volatility of metabolites.
Silylation and alkylation are two main types of chemical derivatization
procedures that are widely used for metabolome analysis (61). The most
commonly

silylation

agents

for

metabolomics

N-methyl-N-trimethylsilyltrifluoroacetamide
N-O-bis-(trimethylsilyl)-trifluoroacetamide
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include
(MSTFA),

(BSTFA)

and

N-methyl-N-tert-butyldimethylsilyltrifluoroacetamide (MTBSTFA), which react
to replace labile hydrogens of functional groups (e.g., –COOH, –OH and –NH)
on a wide range of polar compounds with a -Si(CH3)3 or -Si(CH3)2CH(CH3)3
group (Figure. 2.1 - 2.3) (62).
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Figure 2.1 Chemical derivatization of alcohol by silylation using MSTFA,
BSTFA, and MTBSTFA
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Figure 2.2 Chemical derivatization of amine by silylation using MSTFA, BSTFA,
and MTBSTFA
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Figure 2.3 Chemical derivatization of carboxylic acid by silylation using
MSTFA, BSTFA, and MTBSTFA
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Sugars and their derivatives (sugar alcohols, amino sugar and others) are the
most efficiently derivatized class of metabolites by silylation reaction. However,
some important urinary metabolites such as the organic acid and amino acids
produce relatively unstable silylated derivatives (63). In addition, silylation
reactions could be perturbed by matrix-related compounds in urine, such as
water,

urea

and

lipids.

An

alternative

derivatization

agent

is

methylchloroforomate (MCF). This method could convert amino and non-amino
organic acids into volatile carbamates and esters (Figure 2.4-2.5). Unlike
trimethylsilyl derivatization agents, the major characteristics of MCF agent are
aqueous phase reactions, less expensive, less time-consuming and less damaging
to the GC-capillary column (61).

O

N
R

NH2

+

O
O

R

Cl

NH
O

Figure 2.4 Chemical derivatization of amine by alkylation using methyl
chloroformate (MCF) with methanol solvent
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Figure 2.5 Chemical derivatization of carboxylic acid by alkylation using methyl
chloroformate (MCF) with methanol solvent

Increasing evidence showed the relationship between amino acids and
Parkinson's disease. The significantly increased levels of aspartate, glutamate
and glycine were found in the plasma of PD patients (64). Tong et al. reported
that the levels of Aspartate and Glutamate in blood were associated with the
severity of depression and sleep disturbances in PD patients (65). Organic acids
also play an important role in the nervous system. The fatty acid could directly
regulate sympathetic nervous system via G protein-coupled receptor 41 (66).
Trupp et al. reported the decreased plasma levels of C16 - C18 saturated and
unsaturated fatty acids in PD patients as compared to control subjects (67). It
will be, most likely, metabolic disturbances in the blood may result in a diverse
proﬁle of amino acids or organic acid excreted in the urine.
Reverse phase liquid chromatography coupled with mass spectrometry
(RPLC-MS) technique was performed to determine the concentrations of
metabolites with medium polarity and low polarity in urine samples (68, 69).
The compounds with different hydrophobicity have differential retention time
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on octadecylsilane (ODS, C18) column. Endogenous metabolites could be
detected by using LC-MS, such as steroids, phospholipid, bile acids, carnitines,
and so on (70-72). In this project, we would like to combine GC-MS platform
with the methyl chloroformate (MCF) derivatization and RPLC-MS analytical
platform for surveying comprehensive metabolome in the urine of the PD
patients and normal control subjects. Especially, the robust quality control and
quality assurance strategy were also developed. The designed workflows were
showed in Figure 2.6.
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Figure 2.6 The designed workflows of MS-based metabolomics. Urine aliquots
are prepared from a single urine sample, with three aliquots processed forward for
LC-MS (ESI+), LC-MS (ESI−) and GC-MS analysis. Separate workflows for
sample preparation, data acquisition, signal correction and quality assurance are
available for data analysis
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2.2 Materials and methods
2.2.1 Chemicals and reagents
4-chlorophenylalanine, pyridine and dichloromethane were purchased from
Sigma (Sigma–Aldrich, USA). Methyl-chloroforomate (MCF) was purchased
from Merck (Hohenbrunn, Germany). Methanol was analytical grade from
Tedia Company Inc. Ultrapure water was prepared from a Milli-Q system
(Millipore, USA).
2.2.2 Sample preparation and derivatization
Urine samples were preprocessed, extracted, and derivatized as previously
reported (61, 73). Brieﬂy, each urine were thawed at room temperature and
centrifuged 5 min at 3000 g in an Eppendorf centrifuge. 20 µl of water
containing internal standard 4-chlorophenylalanine (500 µg/ml) was added into
100 µl of each sample. The solution was mixed with 100 µl of NaOH (1 M), 160
µl of MeOH and 40 µl of pyridine in a 10-mL glass centrifuge tube. The
derivatization reaction was started by adding 50 µl of MCF and the pooled
mixture was then shaken for 30 s using a vortex. The derivatization procedure
was repeated with the addition of another 50 µl MCF. After the two successive
derivatization steps, 300 µl of dichloromethane was added and shaken for 10 s
for separating the MCF derivatives. After adjusted the pH value with the 200 µl
of NaHCO3 (50 mM), the dichloromethane layer containing derivatives were
isolated and dried with anhydrous Na2SO4 and subsequently subjected to
GC-MS analysis.

23

Urine samples were prepared and analyzed by LC-MS as previously
reported, with slight modifications as follows (76). Briefly, the urine samples
were thawed at room temperature. 100 µl of each thawed urine sample was
precipitated by 100 µl of methanol. The mixture was then centrifuged at 14000 g
for 10 minutes at 4°C, the supernatant was transferred to a 1.5ml polypropylene
tube. From this tube, 10µl of the supernatant was injected into the LC-MS.
2.2.3 Separation and analysis of the MCF derivatives
The oven temperature was initially held at 50 oC for 2 min. Thereafter the
temperature was raised with a gradient of 6 oC/min until 180 oC. Afterward, the
temperature was raised with a gradient of 6 oC/min until 260 oC and then
increased to 300 oC at a rate of 20 oC/min. This temperature was held for 2 min.
The injection temperature and the interface temperature were set to 280 oC. The
ﬂow through the column was held constant at 1 mL He/min. The temperature of
quadrupole and the ion source temperature were adjusted to 150 oC and 230 oC,
respectively. The peak abundances of MCF derivatives were used to quantify
the concentrations of the amino and non-amino organic acids in the samples.
The majority of the metabolites detected were identiﬁed by commercially
available compound libraries: NIST, and reference compounds available.
2.2.4 MS analysis and instrumental conditions
GC-MS

analysis

was

performed

with

an

Agilent

6890N

gas

chromatography coupled with 5975B mass spectrometric detector. The
analytical column was a DB-5MS capillary column coated with 5% diphenyl
cross-linked 95% dimethylpolysiloxane (30 m × 250 µm i.d., 0.25 µm ﬁlm
thickness; Agilent J&W Scientiﬁc, Folsom, CA). Solvent delay was set for 5
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min. The measurements were made with electron impact ionization (70 eV) in
the full scan mode (m/z 50–650).
A Shimadzu Prominence LC system (Shimadzu) coupled online to an LTQ
Orbitrap Velos instrument (Thermo Fisher Scientific, MA, USA) set at 30000
resolution (at m/z 400) was employed for acquiring MS data. The mass scanning
range was 50-1000 m/z and the capillary temperature was 350 °C. Nitrogen
sheath gas was set at a flow rate of 30 L/min. Nitrogen auxiliary gas was set at a
flow rate of 10 L/min. Spray voltage was set to 4.5 kV and 3.0 kV for positive
or negative ion mode, respectively. The linear ion trap in LTQ Orbitrap Velos
system was also employed for tandem MS (MS/MS) data acquisition. Sample
analysis was carried out under both positive and negative ion modes. The
LC-MS system was analyzed in binary gradient mode. The liner gradient was as
follows: 5% B at 0 min, 5% B at 5 min, 100% B at 8 min, 100% B at 9 min, 5%
B at 18 min and 5% B at 20 min. Solvent A was 0.1% (v/v) formic acid/water.
Solvent B was 0.1% (v/v) formic acid/methanol. The flow rate was 0.2 ml/min.
A C-18 column (150 × 2.1 mm, 3.5 µm, Agilent, USA) was used for all
analysis.
2.3 Results and discussion
2.3.1 Development of GC-MS method
The typical total ion chromatograms of PD patients and normal controls are
shown in Figure 2.7. The chromatographic peaks could be well separated by
using the method above. Automated mass spectral deconvolution and
identification system (AMDIS), a freely available and sophisticated software for
GC-MS data interpretation from NIST, was performed for analyzing a single
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component in complex mixtures through finding all of the ions that rise and fall
at the same time (74, 75). 124 potential components were annotated in the urine
metabolic profiles by using AMDIS software.
To evaluate the data quality (e.g., intensity variation, retention time shift) of
GC-MS data, 4-chlorophenylalanine was used as the internal standard. As
showed in upper panel of Figure 2.7, the 4-chlorophenylalanine was resided at
27.62 min and separated well from others components. The extracted ion
chromatogram (EIC) and fragmentation patterns of 4-chlorophenylalanine were
shown in Figure 2.8. The fragmentation patterns of 4-chlorophenylalanine
mainly consisted of 212, 196,180, 165,146, and 125, which could be used as the
reference spectrum and recorded into our in-house GC-MS mass spectral
library.
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Figure 2.7 Typical GC-MS chromatograms from the analysis of PD patients
(Upper layer) and normal controls (Bottom layer)

Figure 2.8 The extracted ion chromatogram (EIC) and fragmentation patterns of
4-chlorophenylalanine
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2.3.2 Development of LC-MS method
By using LC-MS, the injected urine sample was separated on the C18
column, resulting in the consecutive elution of various metabolites. Due to the
complexity of components in urine samples, the co-elution of metabolite with
similar polarities is unavoidable (77). Orbitrap, a high-resolution mass
spectrometry, was performed with a resolution of 30000 and super-high mass
accuracy (< 10ppm) for metabolome surveying and supplement of insufficient
chromatographic resolution (78). As showed in Figure 2.9 and Figure 2.10, the
three-dimensional chromatogram of typical LC-MS data (ESI+ and ESI )
clearly displayed the polarity dependent cluster of peaks and mass to charge
ratio (m/z) range of peaks. Due to the different polarity of clusters, two polarity
dependent clusters were retained at approximate 200 s and 600 s , respectively.
Most of those peaks’ mass to charge ratio were below 500.
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Figure 2.9 Three-dimensional chromatogram of typical LC-MS data (ESI+)

Figure 2.10 Three-dimensional chromatogram of typical LC-MS data (ESI-)
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2.3.3 Metabolite identification
Mass spectrometry can be powerful to elucidate the structure of small
molecules, starting with the computation of the elemental composition of an
unknown metabolite using accurate masses (79, 80). Unknown metabolites were
putatively identified by computing the accurate mass with errors < 10 ppm
(parts per million, 10−6) between compounds obtained in samples and the
Human Metabolome Database (HMDB, www.hmdb.ca). Mass is the measured
accurate mass of unknown compounds in the sample.

mass is the

theoretical mass of compounds in HMDB. For example, the histidine
(theoretical mass, m/z 155.06958) was best matched to the unknown peaks (m/z
155.06953) due to the low mass error (0.32 ppm).

"ABS mass − mass
%
6
'×
Accuracy of mass = $
mass'& 10
$#

(

)

By comparing similarity of retention time and MS/MS spectra with those of
commercial availability standards, those putatively identified compounds were
further validated. As shown in the Figure 2.11, the retention time of standard
(histidine, 1.66 min) was close to that of unknown peaks (m/z 155.06953, 1.77
min). Meanwhile, both of histidine and unknown peaks have same MS/MS
fragmentation patterns under the collision-induced dissociation mode. In Figure
2.12, the unknown peaks showed MS/MS spectrum of precursor ion (m/z, 156)
with product ion m/z 138, formed after loss of a water molecule (H2O, 18 Da),
and product ion m/z 110, formed after loss of one carbonic oxide molecule (CO,
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28 Da) and a water molecule (H2O, 18 Da). This unknown peak was identified
as histidine.
The metabolites detected by GC-MS were further identiﬁed by
commercially available compound libraries: NIST/EPA/NIH Mass Spectral
Library. This database is one of the world's most widely used mass spectral
reference library, including 276248 electron ionization (EI) spectra for 242466
compounds and 234284 MS/MS spectra of 45,298 ions. The EI source is widely
applied in GC-MS for ionizing the vapor and non-polar analytes. Informative
fragment ions will be produced under EI spectra at 70 eV, which are
reproducible for database searching. Besides of NIST/EPA/NIH Mass Spectral
Library, GC-MS-based metabolomics database included Golm Metabolome
Database

(http://gmd.mpimp-golm.mpg.de),

(http://fiehnlab.ucdavis.edu/projects/FiehnLib),
(http://www.massbank.jp/?lang=en).
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and

FiehnLib
MassBank

Figure 2.11 Comparing retention time of histidine standard (Upper layer) with
that of unknown compounds (Lower layer)
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Figure 2.12 Comparing MS/MS spectra of histidine standard (Upper layer) with
that of unknown compounds (Lower layer)
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2.3.4 Quality control and quality assurance
As described in the Chapter 1, several key parameters of the LC or GC –
MS system (e.g., retention time stability, peak shape, detector response and
mass accuracy) may drift during experiment, particularly when multi-batches of
samples are performed. Quality Control (QC) has been considered as an
essential step in the MS-based metabolomics platform for high reproducibility
and accuracy of MS data (35). The use of the same QC samples is more and
more acceptable for correcting the signal drift during the sequence of MS
analysis order, especially benefiting to improve the quality of data in
multi-block experiments of large-scale MS-based metabolic profiling (27).
To ensure that data are of comparable high quality within each analysis, an
approach based on the periodic analysis of a standard biological QC sample
together with the real samples is now accepted as a quality assurance strategy.
The QC sample was prepared by mixing equal volumes from urine sample
before sample preparation, as they were aliquoted for analysis. This “pooled”
sample was used to estimate a “mean” profile representing all analytes
encountered during the analysis (35). At the start of each batch of analysis, five
QC samples were advisable to equilibrate the analytical platform, because small
changes in chromatographic retention time, signal intensity and unrepresentative
results may be produced during the first few injections of biological sample.
And then, QC samples are injected at regular intervals (e.g., every ten real
samples) throughout the analysis in order to provide data from which
repeatability can be assessed (Figure 2.13) (31).
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Batch (1)
QC (5)

Real samples (10)

QC

Real samples (10)

QC

QC

Real samples (10)

QC

Real samples (10)

QC

QC

Batch (2)
QC (5)

Batch (n)

Figure 2.13 Analysis order for LC or GC-MS-based multi-batches metabolomics
study, including quality control (QC) samples and real samples

The QC samples were further used for quality assurance (QA), providing
data to calculate technical reproducibility in the whole analytical analysis and
the separate batches. The US Food and Drug Administration (FDA) provide a
range of criteria that could be applied for bioanalytical method validation in
industry. The FDA guidance allows up to 30% coefficient of variation for
biomarkers research (81). Our non-targeted GC or LC -MS methods are not
specific for single metabolic peaks of interest, but instead, we would like to
detect hundreds of metabolic peaks (or metabolites). A threshold of 30% was set
for the relative standard deviation (RSD) values of metabolites in the QC
samples, which is accepted as a standard in the assessment of repeatability in
metabolomics data set. Additionally, for signal correction within and between
analytical blocks, The Quality Control - Robust Loess Signal Correction
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(QC-RLSC) algorithm for signal correction and integration of data from multi
analytical batches was used. Each detected features will be normalized to the
QC sample using QC-RLSC algorithm (82, 83). The drift in each metabolic
feature of each real sample will be corrected for by observing the change in the
same feature of neighboring QC samples. QC-RLSC algorithm could use a local
polynomial regression fitting (LOESS) curve (upper plot) that is fitted to the QC
samples, the correction curve interpolated, to which the total data set for that
peak is corrected (Figure 2.14, lower plot) (27, 84).
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Figure 2.14 The QC-RLSC algorithms for a metabolic feature detected in
LC-MS with signal attenuation across a given analytical batch. A local
polynomial regression fitting (LOESS) curve (upper plot) that is fitted to the QC
samples, the correction curve interpolated, to which the total data set for that peak
is corrected (lower plot)
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2.3.5 Data analysis and software development
The acquired MS data from LC or GC − MS was analyzed by using the
open source softwares, e.g., R-project (85), Perl (86), metAlign (87), and
commercial softwares, e.g., SIMCA-P and MATLAB. Linux PC cluster in High
Performance Cluster Computing Centre (HPCCC) in Hong Kong Baptist
University was employed for operating metabolomics data. This cluster in
HPCCC was ranked as the most powerful academic supercomputer in Hong
Kong, including 2048 processing cores and 18 TB local storages. Owing to the
data set complexity, extensive preprocessing and analytical platform
differentiation, the special parameters of data preprocessing were required for
GC-MS and LC-MS platforms, respectively. The flowchart of the main steps in
data analysis was showed in Figure 2.15.
For low-resolution GC-MS data preprocessing, the raw data with netCDF
format was firstly transformed into nominal mass by the metAlign software at
the default parameters. And then, the modified data pre-treatment including
feature detection, retention time correction, alignment, and annotation of peaks
cluster was achieved using XCMS software implemented with the freely
available R statistical language (v 2.13.1). The "matchedfilter" algorithm (88)
was used for chromatographic peak detection with a signal-to-noise threshold
(snthr). For high resolution LC-MS data preprocessing, data pre-treatment
including peak picking, peak grouping, retention time correction, second peak
grouping and annotation of isotopes and adducts was achieved using XCMS and
CAMERA software implemented with the freely available R statistical language
(v 2.13.1) (89). LC-MS raw data files were initially converted into the netCDF
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format, then directly processed by the XCMS and CAMERA toolbox. The
"centWave" algorithm was used for chromatographic peak detection with a
resolution of 10 ppm and a signal-to-noise threshold (snthr) set to 3.
A list of the ion intensities of each peak detected was generated using
retention time (RT) and the m/z data pairs as identifiers for each ion. The
resulting three-dimensional matrix contained and assigned peak indices
(retention time-m/z pairs), sample names (observations), and ion intensity
information (variables). To obtain consistent variables, the resulting matrix was
further reduced by 80% rule (90), removing peaks with more than 80% missing
values (those with ion intensity = 0).
For each metabolic feature reproducibly detected and remained with
acceptable quality level in whole samples, the nonparametric univariate method,
Mann–Whitney–Wilcoxon test, was applied to measure the significance of each
metabolite among the different trimesters, with results adjusted for multiple
testing using false discovery rates (FDR) correction. On the basis of a variable
importance in the projection (VIP) from the 7-fold cross-validated partial least
squares discriminant analysis (PLS-DA) model or orthogonal partial least
squares discriminant analysis (OPLS-DA) model, a number of metabolites
responsible for the difference in the metabolic profile scan of stages can be
obtained. The metabolites identified by two latent variables of PLS-DA or
OPLS-DA model were validated at a univariate level using FDR test from the R
statistical toolbox with the critical p-value set to not higher than 0.05. Random
forest (RF) discriminant analysis, a highly sensitive classifier with little or no
over fitting (91), was also employed to classify urine samples as either normal
controls or PD groups. The tree number of the forest in this study was set to be
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1000. Random Forest has been employed in many research ﬁelds, including
metabolites selection and cancer classiﬁcation (92). The Random Forest has
previously been used to diagnose Alzheimer and Parkinson’s Diseases, which
suggested that the Random Forest gives the ideal prediction accuracy (93, 94).
The Random Forest analyses were performed in R using the “randomForest”
package (95). Permutation-based mean decrease in accuracy (MDA) was used to
measure the importance of each metabolite to the classification. Permutation
Multivariate Analysis of Variance (PERMANOVA) (96), a permutation-based
version of the multivariate analysis of variance, was employed to test the
statistically significant differences between metabolic profiles and individuals’
phenotypes. PERMANOVA analyses were performed in R using the “vegan”
package (97). Coupling the receiver operating characteristic curve (ROC) with
its area under the curve (AUC), a widely used method to estimate the diagnosis
potential of a classifier in clinical applications, were performed in R using the
“pROC” package (98).
Despite a large number of metabolic datasets, there are few tools dedicated
to providing an easy to use and comprehensive analysis of metabolomics data. A
new software statTarget was developed for MS signal correction and statistical
analysis of metabolomics data (http://bioconductor.org/packages/statTarget/,
Figure 2.16). Features of the package include QC-RLSC algorithms, data
preprocessing (80% rule, Log transformation, Normalization), data descriptions
(Mean value, Median value, Sum, Quartile, Standard derivatives, etc.), PCA,
PLS-DA, VIP, ROC, Random forest, Odd ratio, Student’ T-test, Shapiro-Wilk
Normality test and Mann-Whitney tests.
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Figure 2.15 Flowchart of the main steps in data analysis. The summary includes
univariate tests and chemometric data analysis steps, e.g., PCA, PLS-DA,
OPLS-DA and Random forest, and subsequent metabolite identification steps
using HMDB and/or NIST databases
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Figure 2.16 The main GUI of statTarget
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2.4 Chapter summary
MS have been widely utilized as a powerful technology in metabolomics
due to its high selectivity and sensitivity. We developed in-house protocols of
GC-MS and high resolution LC-MS-based metabolomics platforms involving
sample preparation, instrumental analysis and bioinformatics. Especially, the
robust quality control and quality assurance strategy were also developed for
providing good quality data with high repeatability and high accuracy. These
methods paved the way to operate the metabolomic techniques and find the
potential biomarkers in complex biological fluids.
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CHAPTER 3

Urinary Metabolomic Profiling for Distinct Metabolic Phenotypes of
Parkinson’s Disease

3.1 Introduction
For pathological confirmation, autopsy-confirmed pathologic Lewy body
has been considered as the diagnostic standard for PD (139), but there are
currently no blood or laboratory tests to clearly identify PD in clinical practice.
Signs and symptoms are often used for evaluation and diagnosis of PD.
However, early signs and symptoms of PD may be mild and considered as the
consequence of normal aging. Growing evidence suggests that decline in
physical and mental health begins several years before confirmed diagnosis
(140-142). Many risk factors of PD such as aging (143) and environmental
toxins (144) are likely to contribute to the pathogenesis of PD by initiating
chronic changes throughout the body. Subsequent alterations in energy
metabolism, oxidative stress, inﬂammation, and corticosteroid signaling occur
that could further contribute to the development of PD (145-147). Given the
interventions for delaying or preventing the loss of dopaminergic neurons in PD
patients, early identification of individuals at risk is particularly crucial (148).
Metabolomics is sensitive for detecting biochemical changes, including
those caused by environmental and genetic factors, and therefore can
characterize complex phenotypes and biomarkers of specific physiological
responses. Metabolic proﬁling has been introduced into PD research and shows
great potential value for the study of the pathophysiological changes associated
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with or resulting from the disease. Many studies have investigated the
correlation of metabolic anomalies and the clinical symptoms of PD. They
suggest that metabolic disturbances of PD patients related to oxidative stress,
energy metabolism, and neurotransmitters may be key factors contributing the
development of PD (49-53). However, several limitations, e.g., lack of statistical
power as a result of small sample size and inadequate number of analytes of
previous reports, prevented drawing definitive conclusions for the development
of PD. Moreover, most of these studies focused on cerebrospinal fluid (CSF)
and blood, which require invasive sampling (45, 50, 52, 53, 55, 56).
Urine is a sterile, transparent and amber colored fluid generated by kidneys.
The terminal urine consists of high level of urea, inorganic acid, creatinine,
ammonia, organic acid, water-soluble toxins and pigmented products of
hemoglobin breakdown (99). Although largely viewed as a waste product from
body, urine has been proved as a diagnostic biofluid (100, 101). Now urine test
is a routine service that readily provide the concentration of urinary glucose,
bilirubin, ketone bodies, nitrates, leukocyte esterase, specific gravity,
hemoglobin, urobilinogen and protein. However, urine contains most of the
body’s metabolic end products, has seldom been studied with comprehensive
metabolomics for PD research. In this study, we utilized LC or GC -MS-based
metabolomics to investigate the relationship of PD and urinary metabolite
profile, and recover the potential biomarker of PD.
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3.2 Materials and methods
3.2.1 Study subjects and samples collection
Recruitment of subjects was performed at the Hong Kong Baptist
University Chinese Medicine Specialty Centre. The research was approved by
the Ethics Committee of the Hong Kong Baptist University’s Institutional
Review Board (code: HASC/09-10/09).
Idiopathic PD patients were diagnosed by movement disorder specialist
according to the United Kingdom Parkinson’s Disease Brain Bank (UKPDBB)
criteria (102). The inclusion criteria were UKPDBB clinical diagnostic criteria,
Hoehn and Yahr (H & Y) scale rating from 1 to 4 and normal liver and renal
function. Exclusion criteria were one or more of the following: use of
antidepressants, atypical or secondary Parkinsonism, Mini-Mental State
Examination (MMSE) < 24, severe suicidal tendency, history of psychosis.
Volunteers and patients’ spouses without psychiatric and/or neurological
problems were recruited as non-PD controls. A total of 234 patients were
screened and finally 106 patients together with 104 non-PD controls were
recruited. Each idiopathic PD patient was scheduled for a visit in week 0 (PD
S1), week 16 (PD S2), week 32 (PD S3). Overnight fasting urine was collected
at these three visits. Morning mid-stream urine was collected and stored at
-80°C. Assessment with H&Y scale and UPDRS were also performed. Weak
statistical signiﬁcance (P < 0.05) was calculated between normal controls and
PD S1 by using unpaired two-tailed Student's t test. The frequency distribution
of age in normal non-PD controls and PD group were ranged from 40 to 80
(Figure 3.1). Characteristics of the study subjects are shown in Table 3.1.
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Table 3.1 Characteristics of the study subjects
Idiopathic PD patients

Normal
Characteristic
controls

Stage 1 (S1) Stage 2 (S2)

Stage 3 (S3)

Female

61

40

37

44

Male

43

66

56

54

Mean (sd)

59.8(6.0)

63.1(9.3)*

62.2(9.2)

62.4(9.4)

Range

41~80

40~80

40~79

40~80

Mean (sd)

-

2.04(0.63)

2.02(0.61)

1.98(0.64)

Range

-

1~4

1~4

1~4

Mean (sd)

-

9.59(6.95)

8.69(6.18)

10.93(7.88)

Range

-

1~37

1-27

1~33

Gender

Age (years)

Hoehn and Yahr (H & Y)
score

UPDRS motor score

sd, standard deviation; UPDRS motor score, unified Parkinson's disease rating scale
motor score; S1, S2 and S3 denote urine samples collected at week 0, week 16, week 32,
respectively. * P < 0.05 vs control group. Statistical signiﬁcance was determined using
unpaired two-tailed Student's t test.
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Figure 3.1 The frequency distribution of age in normal controls (non-PD) and PD
groups

3.2.2 Chemicals and reagents
Methanol was analytical grade from Tedia Company Inc. Ultrapure water
was prepared from a Milli-Q system (Millipore, USA).
3.2.3 Urine sample preparation
Urine samples were prepared and analyzed by LC-MS as previously
described in the Chapter 2 (76). Briefly, the urine samples were thawed at room
temperature. 100 µl of each thawed urine sample was precipitated by 100 µl of
methanol. The mixture was then centrifuged at 14000 g for 10 minutes at 4°C,
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the supernatant was transferred to a 1.5ml polypropylene tube. From this tube,
10µl of the supernatant was injected into the LC-MS.
3.2.4 MS analysis and metabolic profiling spectral acquisition
The LC-MS system was analyzed in binary gradient mode. Solvent A was
0.1% (v/v) formic acid/water. Solvent B was 0.1% (v/v) formic acid/methanol.
The flow rate was 0.2 ml/min. A C-18 column (150 × 2.1 mm, 3.5 µm, Agilent,
USA) was employed for all analysis. The liner gradient was as follows: 5% (B)
at 0 min, 5% (B) at 5 min, 100% (B) at 8 min, 100% (B) at 9 min, 5% (B) at 18
min and 5% (B) at 20 min. A Shimadzu Prominence LC system (Shimadzu)
coupled online to an LTQ Orbitrap Velos instrument (Thermo Fisher Scientific,
MA, USA) set at 30000 resolution (at m/z 400) was used for acquiring MS data.
Sample analysis was carried out under both positive and negative ion modes.
The mass scanning range was 50-1000 m/z. The capillary temperature was
350 °C. Nitrogen sheath gas was set at a flow rate of 30 L/min. Nitrogen
auxiliary gas was set at a flow rate of 10 L/min. Spray voltage was set to 4.5 kV
and 3.0 kV for positive or negative ion mode, respectively. The linear ion trap in
LTQ Orbitrap Velos system was also employed for tandem MS (MS/MS) data
acquisition.
3.3 Results
3.3.1 Data quality evaluation
We employed an LC-MS-based metabolomics analysis of 401 urine
samples from 106 idiopathic PD patients (106 samples at PD S1, 93 samples at
PD S2, 98 samples at PD S3) and 104 normal control subjects who were free of
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PD or other neurodegenerative diseases. Six analytical batches including the QC
and subjects’ samples were performed, resulting 19.7 gigabytes (GB) of MS
data. Using the LC-MS analysis protocol and subsequent processes, we found
2790 (75.49%) retention time-exact mass pairs remaining in each sample profile
after our in-house QC and QA strategy (Table 3.2). The peak area for QC and
true samples before and after QC-RLSC correction for a single metabolic
feature is shown in Figure 3.2. Before QC-RLSC correction, variations in peak
area can be observed between multiple batches. However, after QC-RLSC
correction, the distribution of peak area for each batch is similar to that of six
batches combined. Figure 3.3 shows that no drift was observed in the principal
component analysis (PCA) scores plot representation of QC samples. Thus, the
metabolic features demonstrated acceptable reproducibility and stability. There
was no clustering trend between PD patients and normal controls based on the
unsupervised PCA scores plot.
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Table 3.2 Results of the signal correction process for six analytical batches
Batch

Number of peaks passing

Peaks passing

(QA)

QA (%)

Number of peaks

1

3696

3128

84.63

2

3696

3093

83.69

3

3696

2908

78.68

4

3696

2986

80.79

5

3696

2978

80.57

6

3696

2921

79.03

All

3696

2790

75.49

The number of features reproducibly detected in > 80 % of all QCs is relatively
consistent for each batch. 2790 features detected in > 80 % of all subject
samples were passed (RSD < 30 %) forward for data analysis.
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Figure 3.2 The LOESS curve is fitted to the QC samples, the correction curve
interpolated (upper panel), to which the total data set for a single peak is corrected
during six analytical batches (lower panel)
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Figure 3.3 Two dimensional principal component analysis (2D PCA) scores plot
for consecutively QC samples analyzed by LC-MS. (Green indicates QC samples;
Brown, samples)

3.3.2 Association between clinical phenotypes and metabolic phenotypes
We used permutation multivariate analysis of variance (perMANOVA) to
test for association of clinical phenotypes, i.e., H & Y Grade, Group, UPDRS
motor score, gender, age and metabolite profile. The indicators of PD or not
(Group), the severity of the PD disease (H & Y Grade and UPDRS) showed
marginally significant correlation with urinary metabolomics (P < 0.05; Table
3.3). In the OPLS-DA scores plot (R2X = 0.27, R2Y = 0.84, Q2 = 0.66), the
normal controls are clearly separated from the PD S1, PD S2 and PD S3 groups,
which clustered together (Figure 3.4). There were significant differences
between the first latent variable (P[1]) scores of PD groups and normal controls,
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which demonstrated that diversity of urinary metabolite levels existed between
PD groups and normal control groups (P < 0.0001, Mann−Whitney U test). In
addition, we performed a permutation test (n=999) for the the 10-fold
cross-validation in OPLS-DA model (Figure 3.5). At the same time, no clear
separation was found among the cohort samples of the three PD groups. This
indicates that the urinary metabolic phenotypes of PD patients’ urine was stable.

Table 3.3 Results of perMANOVA for PD patients and Controls
P value
PD × Controls

PD

Group

1.00 × 10-4

-

Gender

3.75 × 10-1

4.21 × 10-1

Age

4.75 ×10-2

9.32 × 10-2

H & Y Grade

-

1.00 × 10-4

UPDRS motor score

-

3.91× 10-2
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Figure 3.4 Classification from OPLS-DA model of metabolites profiles in urine
of idiopathic PD patients and normal controls. Scatter plot using two latent
variables of OPLS-DA model (R2X = 0.27, R2Y = 0.84, Q2 = 0.66)
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Figure 3.5 the permutation test (n=999) for the OPLS-DA model

3.3.3 Distinct metabolic phenotypes in Parkinson’s disease patients
By using the RF model, supervised analysis of the urinary metabolite
profiles yielded 94.8% classification accuracy for PD S1 versus controls, 95.4%
classification accuracy for PD S2 versus controls, and 92.0% classification
accuracy for PD S3 versus controls (Table 3.3 and Figure 3.6 – 3.8). Altogether
fourteen subjects from PD groups (13%) were misclassified in the three RF
models, which might be associated with a clinical misdiagnosis rate of at least
10% (103). The above-mentioned subjects showed common clinical
presentations included mild disease or a relatively isolated tremor at the return
visits six months later.

56

Figure 3.6 Random forest analyses of urine metabolite profiles from three stages
of idiopathic PD patients (PD S1) and normal controls (Green, idiopathic PD
patients; Brown, controls). Several idiopathic PD patients misclassified as
controls were labeled with ‘P’
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Figure 3.7 Random forest analyses of urine metabolite profiles from three stages
of idiopathic PD patients (PD S2) and normal controls (Green, idiopathic PD
patients; Brown, controls). Several idiopathic PD patients misclassified as
controls were labeled with ‘P’
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Figure 3.8 Random forest analyses of urine metabolite profiles from three stages
of idiopathic PD patients (PD S3) and normal controls (Green, idiopathic PD
patients; Brown, controls). Several idiopathic PD patients misclassified as
controls were labeled with ‘P’
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3.3.4 Abnormal metabolites associated with Parkinson’s disease
The RF model produced a ranked list of peaks responsible for the separation
between each class of samples analyzed. Higher values of MDA indicate
metabolites that are more important to the classiﬁcation. Urinary metabolites
passing the MDA threshold (MDA ≥ 0) in this model and the Mann−Whitney U
test (P < 0.05) after FDR correction were annotated to discriminate these two
groups. The three independent RF models showed a distinct separation between
the metabolite profiles of matched pair groups (Figure 3.6 - 3.8). In total 45
metabolites that were determinative for the separation were identified. In
addition, the AUC values and fold changes in each selected metabolite were also
calculated for evaluating classification test accuracy (Table 3.4). The values of
AUC indicated the potential capacity of these urinary metabolites for
distinguishing idiopathic PD patients from normal control subjects. A list of
metabolic pathways related to the metabolites found, including steroidogenesis,
tyrosine

metabolism,

tryptophan

metabolism,

nucleotide

metabolism,

phenylalanine metabolism, fatty acid beta-oxidation and histidine metabolism,
are also showed in Table 3.4.
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Table 3.4 List of altered metabolites between idiopathic PD patients (S1, S2 and S3) and normal controls
PD S1 vs. Controls

PD S2 vs. Controls

adjusted
MDA

FC

PD S3 vs. Controls

adjusted
AUC

MDA

FC

P-value

adjusted
AUC

MDA

FC

P-value

AUC
P-value

Steroidogenesis
Dihydrocortisola

1.59

1.97

1.83E-09

0.77

1.77

2.03

4.07E-11

0.79

0.21

1.74

6.09E-07

0.73

21-deoxycortisola

0.76

1.55

1.12E-06

0.79

0.00

1.82

1.08E-09

0.83

1.61

1.52

8.40E-07

0.80

11-Deoxycortisola

1.00

1.72

9.54E-05

0.70

1.50

1.92

2.25E-07

0.75

1.00

1.75

2.29E-04

0.68

Hydroxyprogesterone

2.01

2.23

7.99E-11

0.83

1.85

2.52

4.43E-12

0.84

0.77

2.34

1.95E-08

0.79

Dehydrocorticosterone

1.00

0.64

1.05E-04

0.68

1.00

0.72

2.01E-02

0.59

0.76

0.78

6.68E-03

0.61

Cortisola

2.94

2.23

1.27E-12

0.83

0.68

2.01

1.86E-10

0.80

0.29

1.89

5.39E-09

0.77
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Tryptophan
metabolism
Acetylserotonin

0.43

1.96

2.09E-09

0.79

0.51

2.28

1.24E-10

0.80

1.00

1.94

4.25E-08

0

Hydroxyanthranilic acida

1.00

1.94

8.44E-07

0.79

1.46

2.29

5.22E-09

0.83

1.57

1.96

2.27E-06

0

Tryptaminea

2.57

2.74

2.26E-14

0.83

3.54

3.31

2.68E-16

0.85

1.00

2.22

1.49E-09

0

5-Hydroxykynurenamine

1.63

1.98

1.46E-09

0.78

0.00

2.19

2.13E-10

0.78

1.34

1.90

2.93E-07

0

Xanthurenic acida

1.22

1.80

5.18E-07

0.75

1.91

2.08

9.60E-10

0.79

1.63

1.61

3.19E-05

0

5-Hydroxytryptophana

0.00

2.62

9.19E-11

0.83

1.63

3.05

5.18E-14

0.86

1.55

2.40

8.33E-11

0

Indolelactic acida

3.23

3.36

2.15E-16

0.84

1.66

3.31

1.39E-13

0.81

1.95

2.43

1.35E-11

0

Kynureninea

1.05

3.15

2.15E-16

0.82

2.13

3.27

1.39E-13

0.84

2.53

3.01

1.35E-11

0

Glycine derivatives
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Hexanoylglycinea

1.41

1.67

1.33E-05

0.65

0.00

1.70

7.06E-06

0.70

0.00

1.58

3.92E-05

0

2.00

2.08

4.88E-12

0.84

1.79

2.76

2.16E-14

0.86

1.00

2.04

3.02E-10

0

Phenylacetylglycinea

1.75

2.20

1.50E-15

0.81

2.55

2.96

9.28E-17

0.85

2.38

2.19

9.44E-15

0

Furoylglycinea

0.00

3.28

1.50E-15

0.80

1.54

4.34

9.28E-17

0.86

1.00

3.25

9.44E-15

0

Tiglylglycinea

2.95

2.18

1.16E-12

0.82

0.69

1.89

3.56E-10

0.85

2.26

1.74

3.04E-08

0

Glycinea

2.32

2.74

1.04E-08

0.78

1.00

1.97

2.51E-05

0.71

1.50

1.42

1.48E-02

0

Phenylacetylglutaminea

2.07

2.02

2.79E-09

0.78

2.02

2.25

3.61E-10

0.78

1.15

1.93

3.84E-09

0

Acetylphenylalaninea

2.68

3.21

9.28E-16

0.88

1.46

3.65

5.96E-15

0.86

4.18

3.38

1.41E-16

0

Phenylacetic acid

3.49

2.36

1.50E-15

0.86

3.12

2.71

9.28E-17

0.87

1.89

2.45

9.44E-15

0

Hydroxyphenylacetylgly
cine

Phenylalanine
metabolism
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Tyrosine metabolism
Hydroxyphenylacetic
1.84

2.16

4.21E-11

0.79

1.41

2.08

5.26E-10

0.76

1.75

1.96

3.22E-09

0

Glutamyltyrosine

3.18

16.86

1.41E-11

0.84

3.38

17.0

5.22E-15

0.86

5.21

5.18

4.30E-12

0

Acetyltyrosine

1.93

2.45

2.89E-13

0.83

1.67

2.85

4.95E-15

0.86

2.19

2.48

3.91E-13

0

5,6-Dihydroxyindole

1.88

2.17

9.99E-11

0.82

0.94

2.48

3.69E-13

/0.86

1.70

2.20

6.21E-10

0

Deoxyinosinea

0.00

2.16

3.53E-07

0.72

0.81

2.44

1.00E-09

0.77

1.09

1.93

1.62E-06

0

Hypoxanthinea

0.00

1.77

2.26E-06

0.72

1.28

2.24

1.67E-10

0.78

1.31

1.91

1.07E-07

0

Adeninea

0.00

1.67

1.21E-06

0.74

0.00

1.92

5.76E-09

0.76

0.00

1.67

1.93E-06

0

acida

Nucleotide metabolism

Fatty acid
beta-oxidation
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Hydroxylauroylcarnitine

1.00

1.86

4.29E-04

0.65

0.00

2.47

1.86E-06

0.70

0.00

1.95

4.52E-04

0

Malonylcarnitinea

0.73

2.02

1.68E-10

0.80

1.00

2.32

7.09E-11

0.79

1.92

2.00

5.33E-09

0

1.00

1.86

4.29E-04

0.69

0.00

2.47

1.86E-06

0.70

0.00

1.40

4.52E-04

0

Histidinea

1.00

1.76

1.32E-05

0.71

0.72

2.44

2.56E-09

0.76

1.41

1.87

3.32E-06

0

Urocanic acida

1.96

2.06

2.94E-10

0.80

1.00

2.25

5.59E-11

0.80

1.00

1.71

5.81E-07

0

Imidazoleacetic acida

2.12

1.60

1.46E-09

0.84

1.62

1.68

9.07E-11

0.81

1.51

1.70

6.84E-09

0

Porphobilinogena

0.00

1.58

5.10E-05

0.70

0.00

1.68

4.53E-05

0.70

1.39

1.41

2.10E-03

0

Acetylarginine

1.27

1.41

2.54E-04

0.68

0.41

1.91

2.20E-07

0.73

1.00

1.30

5.19E-03

0

Hydroxyhexanoycarnitin
e
Histidine metabolism

Others
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Phenylbutyric acida

1.00

1.81

4.05E-09

0.79

0.99

1.72

2.53E-08

0.78

0.08

1.54

1.50E-07

0

Spermidinea

0.73

2.77

4.05E-09

0.72

0.62

2.67

2.53E-08

0.72

0.32

2.20

1.50E-07

0

Naphthol

1.40

2.67

7.60E-10

0.82

1.37

2.76

1.12E-08

0.79

1.00

2.29

6.47E-08

0

Cholinea

1.00

1.38

6.12E-06

0.71

0.00

1.61

9.39E-07

0.71

0.97

1.47

4.64E-06

0

Aminobutyric acida

1.93

3.67

1.46E-09

0.78

3.00

4.71

1.93E-11

0.79

1.82

3.53

4.98E-08

0

0.78

2.37

3.40E-10

0.83

1.00

3.05

4.09E-11

0.84

1.41

2.31

1.33E-08

0

0.06

1.96

5.78E-06

0.75

0.00

3.28

7.46E-10

0.82

1.35

2.52

4.23E-06

0

Trimethylamine
N-oxidea
Pyridoxic acida

MDA: Mean decrease in accuracy. Adjusted P-value: Adjusted for multiple testing (Wilcoxon − Mann U test) with FDR control. FC: Fol

change. FC with a value > 1.2 indicates a relatively higher concentration present in PD group while a value < 0.8 means a relatively lowe
concentration as compared to control group. AUC: area under the ROC curve. Same superscript letter (a) denotes metabolites are veriﬁed
the MS/MS spectra and retention time of standard compounds.
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3.3.5 Perturbed metabolic pathways in Parkinson’s disease
The correlations between concentrations of metabolites in idiopathic PD
patients was assessed (Figure 3.9). Mean correlations within groups of related
molecules were highest for metabolites in histidine metabolism (age- and
gender-adjusted r = 0.53, P < 0.001), fatty acid beta-oxidation (r = 0.43, P <
0.001), tryptophan metabolism (r = 0.38, P < 0.05), phenylalanine metabolism (r
= 0.47, P < 0.05), nucleotide metabolism (r = 0.28, P < 0.05), steroidogenesis (r
= 0.47, P < 0.001), and tyrosine metabolism (r = 0.17, P < 0.05). In addition, by
using MetaboAnalyst software, we performed metabolome view analysis (104)
to analyze which pathways were altered with PD, confirming that tryptophan
metabolism were significantly perturbed with a P value of less than 10-8 from
pathway enrichment analysis on the y-axis and a metabolic pathway impact
value of more than 0.1 on the x-axis in Metabolome view plot (Figure 3.10).
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Figure 3.9 Correlation and pathway analysis of abnormal metabolites.
Correlation matrix for urine metabolite levels. Age- and gender- adjusted
Spearman correlation coefficients for metabolite values in idiopathic PD patients
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Figure 3.10 Metabolome view plot shows the metabolic pathway impact on the
x-axis and the pathway enrichment analysis on y-axis, which indicates the key
nodes in metabolic pathways that have been significantly altered with PD. Green
cycle: tryptophan metabolism
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3.3.6 Classification of Parkinson’s disease patients and normal controls
We examined how well 45 selected metabolites distinguished between
idiopathic PD patients and normal control subjects. RF models yielded 87.3%,
89.4% and 82.0% classification accuracy for PD S1 versus controls, PD S2
versus controls and PD S3 versus controls, respectively. The first latent factor of
RF models has showed that idiopathic PD patients could be statistically
significantly distinguished from controls (P < 0.05, Mann−Whitney U test). An
MDA score list of metabolites responsible for the separation between each class
(PD S1, PD S2 and PD S3) is showed in Figure 3.11. Furoylglycine (13.1) had
the highest mean MDA score of the three RF models, followed by
glutamyltyrosine (12.1), imidazoleacetic acid (12.1), hydroxyprogesterone
(11.6), dihydrocortisol (11.1), and hydroxyphenylacetic acid (11.0). Coupling
the receiver operating characteristic curve with its AUC is a widely used method
to estimate the diagnostic potential of a classifier in clinical applications. The
AUC values of 0.92, 0.92 and 0.89 for the three RF models (PD S1 versus
controls, PD S2 versus controls and PD S3 versus controls, respectively),
indicates highly predictive ability for idiopathic PD patients and normal control
subjects (Figure 3.12).
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Figure 3.11 Random forest importance measure was used to rank metabolites
according to their importance for classification
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Figure 3.12 The receiver operating characteristic curve coupled with its area
under the curve (AUC) for three random forest models. Identified metabolite
combinations that distinguish between idiopathic PD patients and normal controls
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3.4 Discussion
Urinary metabolomics analysis of 401 urine samples from 106 idiopathic
PD patients and 104 normal controls employing LC-MS-based metabolomics
protocols and RF discriminant analysis was used to construct a panel of urinary
metabolites that are altered in PD. Indeed, those 106 individuals were evaluated
with routine medical examinations after 16 weeks. A growing number of studies
have used MS-based metabolomics as a method of discovering biomarkers for
diagnosing PD; however, these studies have largely used study groups of limited
size and invasive sampling methods (i.e., cerebrospinal fluid, blood and tissue).
Thus, the strengths of our investigation are two-fold: First, the statistically
significant size of our PD samples and normal controls (Table 3.5); and second,
the usage of body fluid that could be sampled without invasive procedures,
namely urine.

Table 3.5 Comparison between the number of samples in our study and previous projects.
Projects

No. of samples

Our study

401

Ref. 50

105

Ref. 51

46

Ref. 55

100

Ref. 56

99
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3.4.1 Urinary metabolic profile associated with Parkinson’s disease
Urine is a valuable source of biomarkers for neurodegenerative diseases not
only because it can be collected non-invasively, but also because it reflects
terminal changes of blood (105). 8-OHdG (106), a major product of DNA
oxidative damage, has been associated with the progression of PD. A gas
chromatography-coupled-to-mass spectrometry method was employed to
investigate the metabolic proﬁles of urine and serum in a small number of PD
subjects. Results indicate that changes in urine composition may be more
helpful than those of serum (51). However, to our knowledge, in-depth study of
the relationship between urinary metabolite profile and PD is still needed. In this
study, we found a statistically notable relationship between the severity of PD
(H & Y Grade phenotype and UPRDS motor score) and urinary metabolite
profile. RF models yielded more than 90% accuracy of classifications, which
suggested that the urinary metabolic phenotypes of idiopathic PD patients was
significantly different from that of normal controls. Those 45 metabolites
combinations also indicated the possibility of evidence for potential prediction
of idiopathic PD. Of note, our results indicated that urine from idiopathic PD
patients contains convergent points and endpoints of abnormal metabolic
pathways in PD. The dynamic levels of urine metabolites associated with PD
represent a snapshot of the dysfunctional metabolic network in idiopathic PD
patients. Urine metabolite signatures may provide valuable information for
assessing PD and evaluating the patient responses to therapeutic treatment.
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3.4.2 Steroidogenesis and Parkinson’s disease
Our findings have defined a panel of molecules whose levels are altered in
the urine of idiopathic PD patients. These metabolites play important roles in
steroidogenesis, fatty acid beta-oxidation, histidine metabolism, phenylalanine
metabolism, tryptophan metabolism, glycine derivation, nucleotide metabolism
and tyrosine metabolism. For steroidogenesis metabolism variation, several
early studies recognized that PD patients were found to have significantly higher
concentrations of cortisol in their blood and saliva (107, 108). Cortisol released
in response to stress could cross the blood–brain barrier to access
glucocorticoids receptors within the central nervous system. Stress and elevated
corticosteroid levels in PD animal models have been associated with
inflammation-mediated dopaminergic neuron injury and motor handicap (109,
110). The increased levels of urinary glucocorticoids including cortisol,
11-deoxycortisol, 21-deoxycortisol may be valuable indicators for progression
of PD (Figure 3.13 A, B and C) (111). Urinary excretion of cortisol has been
correlated with increased oxidative stress, which contributes to dopamine cell
degeneration in PD (112, 113).
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Figure 3.13 Box plot for the levels of Cortisol (A), 11-deoxycortisol (B),
21-deoxycortisol (C). Asterisks denotes P < 0.001

3.4.3 Fatty acid beta-oxidation and Parkinson’s disease
Some evidences suggest that a group of mutated components localized in
mitochondria exacerbate PD (46). Mitochondrial dysfunction is closely
associated with increased oxidative stress and reduced ATP levels (46, 114).
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Impaired energy metabolism resulting from mitochondrial dysfunction might
trigger neuronal degeneration in neurodegenerative diseases (115, 116). Our
data revealed increased levels of acyl-carnitines (hydroxylauroylcarnitine,
hydroxyhexanoycarnitine and malonylcarnitine) in urine of idiopathic PD
patients, which might indicate the disturbance of mitochondrial fatty acid
beta-oxidation (117). Impaired mitochondrial carnitine transport system and
failure of the mitochondria respiratory chain may contribute to accumulation of
these acyl-carnitines in PD (118).
3.4.4 Amino acid metabolism and Parkinson’s disease
Amino acid metabolism is involved in chemical neurotransmitter regulation
in the nervous system. According to increasing evidence, the histaminergic
system in the tuberomamillary nucleus of the posterior hypothalamus
contributes to many brain functions such as sleep regulation, suppressive effects
and hormone secretion, which have been related to the non-motor symptoms of
PD (119). Both cerebrospinal ﬂuid (CSF) and plasma histamine levels were
increased in PD patients, although the activity of histidine decarboxylase is
unchanged in the frontal cortex, caudate nucleus, hypothalamus and substantia
nigra (120, 121). Coincident with the up-regulated level of histamine, histidine,
urocanic acid and imidazoleacetic acid involved in histidine metabolism showed
increased levels in urine of idiopathic PD patients (Figure 3.14 A, B and C).
Urocanic acid, a breakdown (deamination) product of histidine in the outermost
layer of skin, plays a role in UV-induced neuro-immune suppression (122).
However, the mechanism of interaction between PD and urocanic acid, as well
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as imidazoleacetic acid, a metabolite product of histamine, needs to be further
explored.

Figure 3.14 Box plot for the levels of Histidine (A), Urocanic acid (B),
Imidazoleacetic acid (C). Asterisks denotes P < 0.001
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3.4.5 Tryptophan metabolism and Parkinson’s disease
The neurotoxicity of tryptophan catabolites has been demonstrated in in
vivo and in vitro studies. The imbalance of tryptophan catabolites plays an
important role in mitochondrial disturbances, metabolic disturbances and
impairment of brain energy metabolism, which have been considered as culprits
for neurodegenerative disorders (123, 124). Metabolites including KYN,
xanthurenic acid, hydroxyanthranilic acids involved in tryptophan metabolism
were significantly increased in the urine of idiopathic PD patients compared to
that of controls. 60% of KYN in central nervous system (CNS) could be taken
up from the blood and transported across the blood-brain barrier (125, 126). The
lower level of KYN in the CSF was reported previously (127), which may be
associated with the excessive KYN released in urine. KYNA, proven to be a
neuro-protective molecule as a non-selective glutamate receptor antagonist, is
synthesized

by

the

irreversible

transamination

of

KYN

by

KYN

aminotransferases (KAT I and KAT II). We observed increased KYN/KYNA
ratios, but unchanged KYNA levels in urine of idiopathic PD patients in this
study (Figure 3.15).
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Figure 3.15 Box plot for the levels of KYN/KYNA ratio. KYN, Kynurenine;
KYNA, Kynurenic acid. Asterisks denotes P < 0.001

Our results correlate well with the data of Hartai et al., who reported stable
KYNA concentrations and down-regulated activities of KAT I and KAT II in
plasma of PD patients (128). Recently, the KYN pathway of tryptophan
metabolism has been proposed to be a valuable drug target, affected by agents
that change the balance of tryptophan catabolites, reducing excitotoxins and
increasing neuroprotectants. Such kind of agents could possibly be developed
into therapy for neurodegenerative disorders (125). Both 5-hydroxytryptophan
and acetyl-serotonin are involved in serotonin pathways, which synthesize the
monoamine neurotransmitters associated with depression, i.e., serotonin and
melatonin. The decreased serotonin in blood and CSF of patients with
Parkinsonism has been recognized; however, the excessive excretion of these
metabolites involved in the serotonin pathway still needs attention (129, 130).
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Our data shows elevated phenylacetic acid and phenylacetyleglutamine
levels in the urine of idiopathic PD patients. Urinary phenylacetyleglutamine
could act as a dosing biomarker for patients with urea cycle disorders. The urea
cycle may reduce ammonia in the body and avoid CNS disorder caused by the
accumulation of ammonia (131, 132). Hydroxyphenylacetic acid, an oxidative
metabolite of tyramine in tyrosine metabolism, has been detected in the CSF and
associated with neurological disorders (133). The increased excretion of
hydroxyphenylacetic acid in the urine of PD patients has also been validated by
Sandler et al. (134) Hydroxyphenylacetic acid is reduced significantly after the
use of the antibiotic neomycin, which might indicate the interaction between
metabolites and gut microbiota in PD patients (Figure 3.16) (134).

Figure 3.16 Box plot for the levels of hydroxyphenylacetic acid. Asterisks denote
P < 0.001
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3.4.6 Gut microbiota derived metabolites and Parkinson’s disease
The level of TMAO was found significantly increased in the urine of
idiopathic PD patients compared to that of controls. Trimethylamine-N-oxide
(TMAO) is converted from dietary carnitine by normal gut bacteria in the
human microbiome. It could induce folding of alpha-synuclein (135). In recent
years, increasing evidence has suggested that gut microbiota can modulate brain
development and behavior via metabolites in the gut-brain axis (136). Urine
metabolite profiling has been widely used to indicate the importance of gut
microbiota dynamics in disease progression (137, 138). Urinary metabolomics
appears to be a promising approach to revealing the connection between gut
microbiota and the progression of PD.
Although a cohort of a relatively large number of samples ensure the
statistical power and reliability of this study, the evaluation of some factors’
effects on altered metabolites, such as secondary PD, drug-treatment and other
CNS disorders still needs to be further investigated. Additional analytical
technologies, e.g., nuclear magnetic resonance, and gas chromatography–mass
spectrometry, may provide even more comprehensive metabolome analysis of
urine.
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3.5 Chapter summary
This study employed LC-MS technology to profile the metabolites in the
urine of a cohort of 106 individual idiopathic PD patients (297 PD urinary
samples) and of 104 individual controls over 32 weeks. LC-MS-based urinary
metabolite profiling showed PD to be associated with a profound abnormality in
metabolic phenotypes. Our study produced a panel of altered metabolites
associated with idiopathic PD. Metabolic pathways including steroidogenesis,
fatty acid beta-oxidation, histidine metabolism, phenylalanine metabolism,
tryptophan metabolism, glycine derivation, nucleotide metabolism and tyrosine
metabolism were found to be altered in PD patients. The results suggest that
LC-MS-based urinary metabolomic profiling has great promise for discovering
the urinary metabolite signatures and related metabolic pathways variations that
characterize PD.
*This Chapter was mainly from the published paper (57) where I am the
1st author with detail as follows:
Luan, H.; Liu, L. F.; Meng, N.; Tang, Z.; Chua, K. K.; Chen, L. L.; Song, J. X.;
Mok, V. C.; Xie, L. X.; Li, M.; Cai, Z.*, LC-MS-Based Urinary Metabolite
Signatures in Idiopathic Parkinson's Disease. J Proteome Res 2015, 14 (1), 467–
78.
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CHAPTER 4

Comprehensive Metabolomics for Identification of Biomarkers for
Parkinson’s Disease

4.1 Introduction
Metabolic proﬁling has been introduced into PD research and shows great
potential value for the study of the pathophysiological changes associated with
or resulting from the disease. We have found that the urine of PD contains lots
of important metabolites associated with PD. The other studies also have
explored metabolic disorders in development of PD, which had indicated that
oxidative stress, energy metabolism and neurotransmitter disturbances in the
metabolic pathways participated into the progression of PD.
These observations raise the possibility that alterations in urine metabolite
signatures could indicate the onset of PD in its earliest stage. Because urine
contains most of the body’s metabolic end products, and because it entails
noninvasive sampling, urine has been a “favored” marker source for disease
research (99). Comprehensive and unbiased coverage of urinary metabolites
may allow us to characterize the dynamic metabolic phenotypes of PD. The
LC-MS-based metabolomics is powerful tool for detection of the low polar
metabolites in the urine, such as the carnitine, lipids, bile acid and so on. While,
GC-MS-based metabolomics could be used for profiling the highly polar
metabolites after derivatization. Comprehensive urinary metabolomics will be
used to discover the representative and key metabolites that may be considered
as the candidates of biomarkers in PD.
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Here, we employed GC-MS platform for profiling highly polar metabolites
and combined with the LC-MS platform (57) with the goal of detection of
urinary metabolite markers that can be used for evaluating the development of
PD. Univariate and multivariate statistical analysis were employed to screen and
identify the differential metabolite markers.
4.2 Materials and methods
4.2.1 Chemicals and reagents
4-chlorophenylalanine, pyridine and dichloromethane were purchased from
Sigma (Sigma–Aldrich, USA). Methyl-chloroforomate (MCF) was purchased
from Merck (Hohenbrunn, Germany). Methanol was analytical grade from
Tedia Company Inc. Ultrapure water was prepared from a Milli-Q system
(Millipore, USA).
4.2.2 Study subjects and samples collection
As mentioned previously, 106 patients together with 104 non-PD controls
were recruited at the Hong Kong Baptist University Chinese Medicine Specialty
Centre. Finally, a total of 157 urinary samples, collected from 92 individual PD
patients and 65 individual control subjects, were analyzed by using both of
GC-MS and LC-MS platforms due to the limited volume of collected urine. The
clinical diagnosis and blood examination reports of those patients are provided
in Table 4.1. In the PD group, 14 (15.2%) patients had early-stage idiopathic PD;
59 (64.1%) patients had mid-stage idiopathic PD; and 19 (20.7%) patients had
advanced-stage idiopathic PD according to the Hoehn and Yahr scale rating
system. Blood biochemical assay was performed with an automatic
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biochemistry analyzer (Hitachi Ltd., Tokyo, Japan). Routine blood, liver and
renal function markers were assessed. There were no signiﬁcant variations of
biochemical markers among the patients in different stages of PD (Table 4.1).
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Table 4.1 Clinical information and characteristics of study subjects
Normal
Characteristics

Idiopathic PD patients (n= 92)

controls
Early-stage

Mid-stage

Advanced-stage

65

14

59

19

59.8±3.7

62.9±7.6

62.7±7.8

62.3±9.2

-

1.0~1.5

2.0~2.5

3.0~4.0

-

9.9±3.6

9.9±3.7

9.9±3.7

-

59.9±14.6

59.6±14.5

59.6±15.0

AST/SGOT (U/L)

-

18.3±5.0

18.7±5.7

18.5±5.2

ALT/SGPT (U/L)

-

16.2±10.8

16.1±10.5

15.9±10.2

Gamma GT (U/L)

-

20.9±10.7

20.7±10.6

20.7±10.2

Total protein (g/L)

-

73.4±3.9

73.3±3.9

73.4±4.0

Albumin (g/L)

-

43.2±2.5

43.2±2.5

43.4±2.4

Urea (mmol/L)

-

5.8±1.4

5.8±1.4

5.8±1.4

Creatinine (µmol/L)

-

70.7±13.3

70.9±13.3

70.4±13.3

Sodium (mmol/L)

-

139.3±2.3

139.3±2.3

139.3±2.1

(n=65)
Number
Age
Hoehn and Yahr
score
Total bilirubin
(µmol/L)
Alkaline phosphatase
(U/L)
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Potassium (mmol/L)

-

4.0±0.3

4.00±0.3

4.0±0.3

Chloride (mmol/L)

-

104.8±2.5

104.7±2.5

104.7±2.4

HCO3 (mmol/L)

-

25.4±2.4

25.5±2.4

25.5±2.4

Means ± standard deviation was given for each variable and each group; The
classification of patients with different stages of PD was according to Hoehn and Yahr
scale rating system.

4.2.3 Sample preparation and derivatization
Urine samples were preprocessed, extracted, and derivatized as previously
described for GC-MS in the Chapter 2 (61, 73). Brieﬂy, each urine sample were
thawed at room temperature and centrifuged 5 min at 3000 g in an Eppendorf
centrifuge. 20 µl of water containing internal standard 4-chlorophenylalanine
(500 µg/ml) was added into 100 µl of each sample. The solution was mixed with
100 µl of NaOH (1 M), 160 µl of MeOH and 40 µl of pyridine in a 10-mL glass
centrifuge tube. The derivatization reaction was started by adding 50 µl of MCF
and the pooled mixture was then shaken for 30 s using a vortex mixer. The
derivatization procedure was repeated with the addition of another 50 µl MCF.
After the two successive derivatization steps, 300 µl of dichloromethane was
added and shaken for 10 s for separating the MCF derivatives. After adjusted the
pH value with the 200 µl of NaHCO3 (50 mM), the dichloromethane layer
containing derivatives were isolated and dried with anhydrous Na2SO4 and
subsequently subjected to GC-MS analysis.
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Urine samples were prepared and analyzed by LC-MS as showed in the
Chapter 2 (76). Briefly, the urine samples were thawed at room temperature.
100 µl of each thawed urine sample was precipitated by 100 µl of methanol. The
mixture was then centrifuged at 14000 g for 10 minutes at 4°C, the supernatant
was transferred to a 1.5ml polypropylene tube. From this tube, 10µl of the
supernatant was injected into the LC-MS.
4.2.4 MS analysis and instrumental conditions
The oven temperature was initially held at 50 oC for 2 min. Thereafter the
temperature was raised with a gradient of 6 oC/min until 180 oC. Afterward, the
temperature was raised with a gradient of 6 oC/min until 260 oC and then
increased to 300 oC at a rate of 20 oC/min. This temperature was held for 2 min.
The injection temperature and the interface temperature were set to 280 oC. The
ﬂow through the column was held constant at 1 mL He/min. The temperature of
quadrupole and the ion source temperature were adjusted to 150 oC and 230 oC,
respectively. The peak abundances of MCF derivatives were used to quantify
the concentrations of the amino and non-amino organic acids in the samples.
The majority of the metabolites detected were identiﬁed by commercially
available compound libraries: NIST, and reference compounds available.
GC-MS

analysis

was

performed

with

an

Agilent

6890N

gas

chromatography coupled with 5975B mass spectrometric detector. The
analytical column was a DB-5MS capillary column coated with 5% diphenyl
cross-linked 95% dimethylpolysiloxane (30 m × 250 µm i.d., 0.25 µm ﬁlm
thickness; Agilent J&W Scientiﬁc, Folsom, CA). Solvent delay was set for 5
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min. The measurements were made with electron impact ionization (70 eV) in
the full scan mode (m/z 50–650).
The LC-MS system was analyzed in binary gradient mode. Solvent A was
0.1% (v/v) formic acid/water. Solvent B was 0.1% (v/v) formic acid/methanol.
The flow rate was 0.2 ml/min. A C-18 column (150 × 2.1 mm, 3.5 µm, Agilent,
USA) was employed for all analysis. The liner gradient was as follows: 5% (B)
at 0 min, 5% (B) at 5 min, 100% (B) at 8 min, 100% (B) at 9 min, 5% (B) at 18
min and 5% (B) at 20 min. A Shimadzu Prominence LC system (Shimadzu)
coupled online to an LTQ Orbitrap Velos instrument (Thermo Fisher Scientific,
MA, USA) set at 30000 resolution (at m/z 400) MS data was used for acquiring
MS data. The mass scanning range was 50-1000 m/z and the capillary
temperature was 350 °C. Nitrogen sheath gas was set at a flow rate of 30 L/min.
Nitrogen auxiliary gas was set at a flow rate of 10 L/min. Spray voltage was set
to 4.5 kV and 3.0 kV for positive or negative ion mode, respectively. The linear
ion trap in LTQ Orbitrap Velos system was also employed for tandem MS
(MS/MS) data acquisition.
4.3 Results
4.3.1 Data quality assessment
We obtained 2581 and 2790 retention time-exact mass pairs in each sample
proﬁle by GC-MS and LC-MS, respectively. As showed in Figure 4.1, most of
the higher peak intensities in metabolic proﬁles exhibited larger variability. To
reduce the variation in peak intensity, which increased with the rank of mean
intensity during MS analysis, the GC-MS and LC-MS profiles were processed
by applying gLog-transformation, which successfully stabilized the variance
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across the intensity range. PCA score plot representation of QC samples showed
no drift during the GC-MS and LC-MS analysis (Figure 4.2 and Figure 4.3).
Thus, reproducibility and stability of metabolic features were acceptable and
subsequently used for statistical analysis.

Figure 4.1 Standard deviations vs. rank of mean intensities for urine samples.
Each dot represents one peak. Peaks are sorted by increasing mean intensities
calculated on XCMS output
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4.3.2 Multivariate statistical analysis of metabolic profiles
The well-established OPLS-DA model demonstrated satisfactory modeling
for GC-MS (R2X = 0.63, R2Ycum = 0.85, Q2cum = 0.60) and LC-MS (R2X =
0.43, R2Ycum = 0.99, Q2cum = 0.87). Both OPLS-DA score plots showed the
normal controls are clearly separated from the PD group in the first latent
variable (P[1]). This separation clearly demonstrates the difference in urinary
metabolite levels that exists between PD and normal control subjects (Figures
4.4A and 4.4 C). Two permutation tests (n = 500) were also performed to
validate the two OPLS-DA models (Figures 4.4B and 4.4D). The R2 and Q2
values of the original OPLS-DA models were higher than the randomly
classified permutation distribution; this shows that the two original OPLS-DA
models are valid.

Figure 4.2 Two dimensional principal component analysis (2D PCA) scores plot
for consecutively analyzed QC samples in GC-MS platform. (Red indicates QC
samples; Black, samples)
92

Figure 4.3 Two dimensional principal component analysis (2D PCA) scores plot
for consecutively analyzed QC samples in LC-MS platform. (Red indicates QC
samples; Black, samples)
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Figure 4.4 OPLS-DA analysis of GC-MS and LC-MS-based metabolite profiles.
Scores plot of the OPLS-DA model (A) and Permutation test (n=500) for urine
metabolic profile analyzed by using GC-MS (B). Scores plot of the OPLS-DA
model (C) and the corresponding permutation test (n=500) for urine metabolic
profile analyzed by using LC-MS (D)

94

4.3.3 Differentially expressed metabolites for Parkinson’s disease
Urinary metabolites passing the VIP threshold (VIP > 1) in the
above-mentioned two OPLS-DA models and the Mann-Whitney U test (P <
0.05) after FDR correction were selected. Statistically, the differences are
significant enough to discriminate PD patients from normal controls. 19
metabolites and 27 metabolites identified by GC-MS and LC-MS, respectively,
were significantly altered in PD patients (Table 4.2). The similarity of EI mass
spectrum of metabolite derivatives from urine (Upper layer) and in-house
GC-MS mass spectral library (Lower layer) was showed in Figure 4.5 – 4.22.
These metabolites, annotated by the Kyoto Encyclopedia of Genes and
Genomes (KEGG) database, represent key metabolic pathways involving
branched chain amino acid metabolism, glycine derivation, tryptophan
metabolism,

phenylalanine

metabolism,

lysine

metabolism,

histidine

metabolism, citrate cycle and steroid hormone biosynthesis. Of the altered
metabolites, 34 showing a significant difference in levels (P <0.05) compared
with normal control subjects were shared by all three types of PD patients. 10
metabolites, namely coumaric acid, tryptophan, tyrosine, succinic acid, pimelic
acid, lysine, hypoxanthine, pyridoxic acid, glutaric acid and hexanoylglycine,
were significantly altered in mid- and advanced- stages PD. Indoleacetic acid
was significantly altered in early- and mid- stages PD. Aspartic acid was
significantly perturbed only in mid-stages PD. Variations of these metabolites
were expressed as -fold change (FC) in PD patients from early-stage to
advanced-stage relative to normal controls (Table 4. 2).
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Figure 4.5 the similarity of EI mass spectrum of tyrosine derivative from urine
(Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.6 the similarity of EI mass spectrum of glycine derivative from urine
(Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.7 the similarity of EI mass spectrum of benzeneacetic acid derivative
from urine (Upper layer) and in-house GC-MS mass spectral library (Lower
layer)
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Figure 4.8 the similarity of EI mass spectrum of leucine derivative from urine
(Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.9 the similarity of EI mass spectrum of proline derivative from urine
(Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.10 the similarity of EI mass spectrum of aspartic acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.11 the similarity of EI mass spectrum of phenylalanine acid derivative
from urine (Upper layer) and in-house GC-MS mass spectral library (lower
layer)
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Figure 4.12 the similarity of EI mass spectrum of cumaric acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.13 the similarity of EI mass spectrum of tryptophan derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.14 the similarity of EI mass spectrum of aminoadipic acid derivative
from urine (Upper layer) and in-house GC-MS mass spectral library (Lower
layer)
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Figure 4.15 the similarity of EI mass spectrum of lysine derivative from urine
(Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.16 the similarity of EI mass spectrum of isoleucine derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.17 the similarity of EI mass spectrum of glutaric acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.18 the similarity of EI mass spectrum of succinic acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.19 the similarity of EI mass spectrum of succinic acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.20 the similarity of EI mass spectrum of aminobutyric acid derivative
from urine (Upper layer) and in-house GC-MS mass spectral library (Lower
layer)
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Figure 4.21 the similarity of EI mass spectrum of pimelic acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Figure 4.22 the similarity of EI mass spectrum of pimelic acid derivative from
urine (Upper layer) and in-house GC-MS mass spectral library (Lower layer)
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Table 4.2 List of altered metabolites between three stages of PD patients and normal control subjects

Meabolites

VIPa

Early-stage PD

Mid-stage PD

Advanced-stage PD vs.

vs. Controls

vs. Controls

Controls

P valueb

FCc

AUCd

P valueb

FCc

AUCd

P valueb

FCc

AUCd

Acetylphenylalanine*LC

3.00

3.06E-06

3.59

0.90

1.13E-16

6.51

0.93

4.57E-10

15.29

0.97

Aminobenzoic acid*GC

2.34

2.22E-04

6.63

0.82

9.67E-16

25.43

0.92

1.33E-09

16.74

0.96

Benzeneacetic acid*GC

2.01

5.94E-04

2.22

0.79

2.39E-09

5.50

0.81

1.75E-04

5.18

0.78

Hydroxytryptophan*LC

1.96

3.17E-04

2.35

0.81

6.22E-12

3.29

0.86

1.01E-05

3.33

0.83

Coumaric acidGC

1.94

2.17E-01

3.50

0.61

2.16E-11

10.59

0.85

9.35E-04

19.32

0.75

Kynurenine*LC

1.92

5.66E-04

3.44

0.80

4.08E-12

3.91

0.86

3.67E-06

5.71

0.85

Furoylglycine*LC

1.92

2.23E-04

2.77

0.82

3.42E-08

3.91

0.79

3.56E-04

9.26

0.77
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Cortisol*LC

1.86

7.47E-05

2.43

0.84

7.55E-11

2.35

0.84

1.76E-06

2.85

0.86

1.85

4.28E-03

1.66

0.75

3.34E-09

2.78

0.81

2.68E-06

5.85

0.86

1.76

1.62E-03

4.48

0.77

5.23E-11

6.70

0.84

1.76E-06

8.54

0.86

1.73

1.25E-02

1.54

0.71

1.70E-11

3.09

0.85

1.04E-04

3.13

0.79

Indolelacetic acid*LC

1.66

3.64E-03

2.64

0.75

4.29E-08

3.49

0.79

5.56E-02

1.88

0.65

Tiglylglycine*LC

1.63

3.08E-03

2.13

0.75

1.78E-10

2.54

0.83

7.29E-05

2.20

0.80

Tryptophan*GC

1.62

1.63E-01

2.09

0.38

1.89E-06

3.18

0.75

4.42E-02

2.77

0.65

Tyrosine*GC

1.56

1.38E-01

2.18

0.63

9.09E-08

3.64

0.78

1.86E-03

3.76

0.74

1.54

3.92E-06

2.60

0.90

6.25E-10

2.69

0.82

1.13E-02

1.54

0.69

Hydroxyphenylacetic
acid*LC
Glycine*GC
Trimethylamine
N-oxide*LC

Hydroxyanthranilic
acid*

LC
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Aminoadipic acid*GC

1.51

1.04E-02

2.35

0.72

2.46E-09

4.63

0.81

7.01E-04

4.14

0.76

Aminobutyric acid*GC

1.47

7.15E-03

2.08

0.73

1.07E-08

2.79

0.80

4.99E-06

3.57

0.85

Hydroxybenzoic acid*LC

1.47

3.08E-03

4.30

0.75

3.08E-05

4.26

0.72

3.41E-04

6.68

0.77

Phenylacetylglycine*LC

1.45

6.62E-03

1.74

0.73

3.05E-09

3.00

0.81

7.87E-04

2.26

0.75

Xanthurenic acid*LC

1.44

3.49E-03

2.01

0.75

5.37E-08

2.25

0.78

5.09E-03

2.75

0.71

HydroxyprogesteroneLC

1.43

1.08E-04

1.83

0.83

1.10E-09

2.04

0.82

8.34E-05

2.07

0.80

Isoleucine*GC

1.4

3.25E-02

1.94

0.68

4.95E-09

2.77

0.80

5.07E-05

3.29

0.81

Pyroglutamic acid*LC

1.4

5.89E-03

1.45

0.74

8.57E-10

2.41

0.82

4.72E-04

1.96

0.77

Proline*GC

1.37

3.93E-02

1.54

0.68

8.16E-08

3.61

0.78

9.52E-05

3.21

0.80

Succinic acid*GC

1.36

6.00E-02

1.71

0.66

1.32E-08

3.04

0.80

8.01E-03

2.10

0.70

Urocanic acid*LC

1.36

8.33E-03

1.45

0.73

1.93E-09

2.37

0.81

1.14E-04

1.82

0.79
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Alanine*GC

1.34

1.39E-02

1.94

0.71

6.35E-08

2.68

0.78

2.25E-04

3.22

0.78

Aminohippuric acid*LC

1.31

9.46E-04

1.60

0.78

7.80E-10

2.22

0.82

4.61E-03

1.56

0.71

Pimelic acid*GC

1.29

7.95E-02

1.62

0.65

2.21E-08

3.05

0.79

7.72E-03

2.54

0.70

Lysine*GC

1.27

2.66E-01

2.19

0.60

4.71E-05

2.62

0.71

4.30E-02

3.42

0.65

Leucine*GC

1.27

4.19E-02

1.39

0.67

3.34E-07

2.46

0.77

8.50E-04

2.82

0.75

Phenylacetylglutamine*LC

1.25

4.46E-04

1.79

0.80

2.30E-07

2.06

0.77

1.14E-04

1.88

0.79

Dihydrocortisol*LC

1.24

2.72E-03

1.55

0.76

5.84E-08

1.72

0.78

3.14E-04

1.84

0.77

Nicotinic acid*LC

1.22

1.45E-02

1.63

0.71

3.86E-11

2.34

0.84

5.09E-03

1.65

0.71

Malonylcarnitine*LC

1.18

1.78E-02

1.51

0.70

1.34E-05

2.35

0.73

1.67E-03

1.70

0.74

Phenylalanine*GC

1.16

3.36E-02

1.71

0.68

4.82E-07

2.25

0.76

6.48E-04

2.40

0.76

Imidazoleacetic acid*LC

1.15

4.33E-05

1.86

0.85

3.09E-10

1.64

0.83

5.32E-04

1.29

0.76
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Hypoxanthine*LC

1.13

6.73E-02

5.44

0.66

2.56E-06

2.96

0.75

2.76E-03

1.70

0.73

21-deoxycortisol*LC

1.1

1.34E-04

1.84

0.83

3.62E-08

2.60

0.79

2.25E-04

1.54

0.78

Pyridoxic acid*LC

1.1

1.77E-03

4.30

0.77

9.43E-07

1.92

0.76

2.54E-02

2.68

0.67

Pyruvic acid*GC

1.09

1.35E-01

1.02

0.63

7.18E-06

1.95

0.73

2.09E-02

1.61

0.68

Aspartic acid*GC

1.08

9.38E-02

1.50

0.64

1.73E-06

2.59

0.75

6.75E-02

1.82

0.64

MethylindoleLC

1.06

1.27E-04

1.74

0.83

9.55E-15

1.76

0.90

1.53E-09

1.61

0.96

Glutaric acid*GC

1.03

5.66E-02

1.36

0.66

4.01E-07

2.09

0.76

7.87E-04

2.33

0.75

Hexanoylglycine*LC

1.02

8.65E-02

1.78

0.65

4.27E-06

1.60

0.74

7.28E-03

1.64

0.70

Asteriks (*) denotes metabolites are veriﬁed by reference standards. Superscript letter GC or LC indicated metabolites were detected
with GC-MS or LC-MS platforms, respectively. aVariable importance in the projection (VIP) was obtained from OPLS-DA model with a
threshold of 1.0. bP-value were calculated from Wilcoxon − Mann U test. cFold change (FC) was obtained by comparing those metabolites
in PD group to control group. dAUC: area under the ROC curve.
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4.3.4 Z-score of metabolic markers for PD
As shown in Table 4.2, the combination of multivariate and univariate
analysis was performed, and it identified 46 differential metabolites for
discriminating PD patients from control subjects. The relative distribution of
these 46 diﬀerential metabolites across PD groups and normal controls is
presented in the z-score plots (Figure 4.23 - 4.24). These 46 diﬀerential
metabolites monitored in patients’ samples were normalized to the means of the
normal control samples. The plots showed metabolic alterations in PD patients
(z-score range: -1.53 to 183.65) compared to normal control subjects (z-score
range: -1.53 to 7.75).
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Figure 4.23 Z-score plot of 25 metabolites altered in PD patients relative to the
mean in normal controls. Each point represents one metabolite in one sample,
colored according to disease stage (red, normal controls (CON); green,
early-stage PD (EPD); blue, mid-stage PD (MPD); purple, advanced-stage PD
(APD)). The horizontal axis has been truncated at 50 standard deviations. Red
asterisks (*) denote the statistical signiﬁcances between the early-stage PD
subjects and controls
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Figure 4.24 Z-score plot of 21 metabolites altered in PD patients relative to the
mean in normal controls. Each point represents one metabolite in one sample,
colored according to disease stage (red, normal controls (CON); green,
early-stage PD (EPD); blue, mid-stage PD (MPD); purple, advanced-stage PD
(APD)). The horizontal axis has been truncated at 50 standard deviations. Red
asterisks (*) denote the statistical signiﬁcances between the early-stage PD
subjects and controls
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4.3.5 Clustering and heatmap analysis of metabolic markers for PD
In order to clearly visualize the stage-dependent variations, mean intensities
of diﬀerential metabolites in the control group, early-stage PD group, mid-stage
PD group and advanced-stage PD groups were used to generate a heat map
(Figure 4.25). The heat map indicates that the progressive increase of mean
intensity in the cluster III at the bottom (red color) should be associated with
disease stages of PD. Metabolites in cluster III of the heat map had statistical
signiﬁcance in the early-stage PD group compared to controls (Figure 4.25).
Z-score plot (Figure 4.23 - 4.24) showed fewer alterations in 18 metabolites in
early-stage PD patients (z-score range: -0.16 to 14.43) compared to mid- and
advanced- stage PD patients (z-score range: -0.38 to 45.07, mid-stage; -0.05 to
87.38), but higher metabolic alterations compared to normal control subjects
(z-score range: -1.53 to 7.75). These 18 metabolites were: acetylphenylalanine,
hydroxytryptophan, kynurenine, furoylglycine, cortisol, hydroxyphenylacetic
acid,

glycine,

xanthurenic

tiglylglycine,

acid,

aminobutyric

hydroxyprogesterone,

acid,

hydroxybenzoic

isoleucine,

alanine,

acid,

leucine,

phenylacetylglutamine, dihydrocortisol and phenylalanine.
4.3.6 ROC analysis of metabolic markers for PD
ROC curves of a logistic regression model were constructed by using the
above-mentioned 18 metabolites. The area under-ROC curves (AUC) values of
0.87 indicated highly predictive ability for early-stage PD patients and control
subjects (Figure 4.26). The higher AUC values of 0.99 and 1.00 were obtained
from the curves created from the data from mid- and advanced stage PD,
respectively (Figure 4.27 and 4.28).
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Figure 4.25 Evaluation of metabolic marker for PD. Heatmap shows mean
intensity of differential metabolites in normal controls (CON), early-stage PD
(EPD), mid-stage PD (MPD) and advanced-stage PD (APD). Shades of green to
red represent increasing mean value of a metabolite. Red asterisks (*) denote the
statistical signiﬁcances between the early-stage PD and controls
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Figure 4.26 ROC curves of a logistic regression model for distinguishing
early-stage PD from normal controls using the above mentioned 18 metabolites

Figure 4.27 ROC curves of a logistic regression model for distinguishing
mid-stage PD from normal controls using the above mentioned 18 metabolites
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Figure 4.28 ROC curves of a logistic regression model for distinguishing
advanced-stage PD from normal controls using the above mentioned 18
metabolites
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4.4 Discussion
4.4.1 Urinary metabolic markers in Parkinson’s disease
This study employed GC-MS and LC-MS for comprehensive metabolomic
profiling of metabolites in urine of 92 idiopathic PD patients and 65 normal
control subjects. OPLS-DA models based on metabolic profiles were
constructed and able to discriminate all of the PD patients from the control
subjects; Levels of 46 metabolites were found perturbed in PD patients (Figure
4.25 and Table 4.2). Some differential metabolites were reported in our previous
LC-MS-based study (57). However, in this study, we were able to enlarge the
metabolite profiles detected from the two MS-based platforms and further
evaluate the discrimination ability of urinary metabolites in the different disease
stages of PD. We identified 18 metabolites out of the above-mentioned 46
differential metabolites that showed progressive increases of mean concentration
correlating with the different disease stages of PD. The combination of 18
metabolites not only had high discrimination ability for the early-stage PD
(AUC = 0.87, Figure 4.26), but also accurately distinguished the mid- and
advanced- stages PD patients from control subjects (AUC = 0.99, Figure 4.27;
AUC = 1.00, Figure 4.28).

4.4.2 Branched-chain amino acids
These findings indicate that 18 metabolites show great promise as
metabolite markers for evaluating PD, with related metabolic pathway variations
observed in branched chain amino acid metabolism, glycine derivatives, steroid
hormone biosynthesis, tryptophan metabolism, phenylalanine metabolism. As
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showed in Table 4.2, increased excretion of branched-chain amino acids
(leucine and isoleucine) was observed in the urine of idiopathic PD patients
compared with that of controls (Figure 4.29 and Table 4.2). The levels of
leucine and isoleucine in the urine were positively correlated with the stage of
PD. Branched-chain amino acids (BCAAs) play important roles in protein
synthesis, energy production and synthesis of neurotransmitter glutamate in
skeletal muscles, adipose tissue and brain (150, 151). Several early studies have
showed that PD patients have slightly decreased concentrations of leucine and
isoleucine in their CSF and plasma. Deficiency of leucine and isoleucine may
contribute to muscle wasting, twitching and tremors (152, 153).

4.4.3 Glycine and glycine derivatives
A group of glycine and glycine derivatives was signiﬁcantly altered in the
urine of PD patients, including glycine, furoylglycine, tiglylglycine and
hexanoylglycine. It was reported that glycine could stimulate the release of
dopamine and acetylcholine from tissue (154, 155). An increased level of
glycine was also observed in the plasma and CSF from PD patients, which was
consistent with the changes of glycine levels in urine of PD patients (Figure 4.29
and Table 4.2) (152). Urinary furoylglycine and tiglylglycine were significantly
increased in patients with early-stage PD (Table 4.2). Furoylglycine,
tiglylglycine and hexanoylglycine are products of the catabolism of fatty acids,
which are associated with mitochondrial fatty acid beta-oxidation(156).
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4.4.4 Cortisol and related catabolites
Urinary excretion of cortisol is regarded as an indicator of increased
oxidative stress, which contributes to degeneration of dopaminergic neurons in
PD (113). The significantly increased levels of serum cortisol were found in
patients with advanced PD. Our data shows elevated levels of urinary cortisol,
dihydrocortisol, hydroxyprogesterone and 21-deoxycortisol, indicating altered
steroid hormone biosynthesis (Figure 4.29 and Table 4.2). The increased levels
of urinary cortisol, dihydrocortisol and hydroxyprogesterone were observed in
the all stages of PD while urinary 21-deoxycortisol was only significantly
altered in the mid- and advanced- stages PD (P < 0.05, Wilcoxon − Mann U test,
Table 4.2).

4.4.5 Tryptophan and related catabolites
Differentially expressed metabolites involved in tryptophan metabolism and
phenylalanine metabolism were observed in the current study and our previous
study. The level of urinary tryptophan catabolites involving kynurenine,
hydroxytryptophan and xanthurenic acid were signiﬁcantly elevated in patients
with early-stage PD (Figure 4.29 and Table 4.2). Changes in levels of
tryptophan catabolites were related to mitochondrial disturbances and
impairment of brain energy metabolism involved in the development of
neurodegenerative disease (157). Furthermore, an increased ratio of kynurenine
to tryptophan was observed in PD patients. The enhanced degradation of
tryptophan may be associated with the activated cell-mediated immune response
typical of PD (158). Altered phenylalanine, hydroxyphenylacetic acid,
128

acetylphenylalanine, and phenylacetyglutamine levels indicate perturbed
phenylalanine metabolism in early-stage PD (Figure 4.29 and Table 4.2).
Phenylalanine not only participates in protein sequence in all tissues, but is also
a precursor for dopamine (159). The levels of plasma phenylalanine were
slightly increased without statistical significance (152). The increased excretion
of hydroxyphenylacetic acid in the urine of PD patients was consistent with the
former reports of Sandler et al (134), and may be associated with neurological
disorders in general (160).
Although the existence of distinct population in PD patients with
differences in signs and symptoms that are related to different metabolic
signatures could be constructed, one limitation of this study is the population
size of the early-stage PD samples. However, the sufficient statistical power in
this study was achieved, because all stages of PD samples were used for
statistical significance analysis. The small size of the early-stage PD sample is
due to the fact that early warning signs and symptoms of PD patients may be
ignored as part of normal aging in the clinical practice. Furthermore, the
comprehensive evaluation of some factors’ effects on potential markers, such as
secondary PD, gender, diet, medications and other CNS disorders still needs to
be further investigated (161-163).
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Figure 4.29 Box plot showing levels of representative metabolites in normal
controls (CON), early-stage PD (EPD), mid-stage PD (MPD) and advanced-stage
PD (APD). (A) leucine, (B) isoleucine, (C) glycine, (D) cortisol, (E)
dihydrocortisol, (F) kynurenine, (G) phenylalanine; (H) acetylphenylalanine.
Asterisk (*) denotes P < 0.05. A cross (+) denotes the mean value of the data
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4.5 Chapter summary
The GC-MS and LC-MS technology were employed to profile urinary
metabolites in patients with early-, mid- and advanced-stage PD and health
controls. The robust quality controls systems allowed to obtain robust and
reliable metabolome data. From a panel of 46 differential metabolites compared
between PD patients and control subjects, 18 metabolites emerged as a
metabolic marker with diagnostic potential by using univariate analysis and
multivariate analysis. These metabolites have great promise for discovering the
urinary metabolite signatures and related metabolic pathways variations that
characterize PD. The developed metabolomics protocols showed that it is ideal
tool for detection and screening of the potential biomarkers in the PD and might
be applied into others neurodegenerative diseases include Alzheimer's, and
Huntington's disease.
*This Chapter was mainly from the published paper (164) where I am
the 1st author with detail as follows:
Luan, H.; Liu, L. F.; Tang, Z.; Zhang, M.; Chua, K. K.; Song, J. X.; Mok, V. C.;
Li, M.; Cai, Z., Comprehensive urinary metabolomic profiling and identification
of potential noninvasive marker for idiopathic Parkinson's disease. Sci Rep 2015,
5, 13888.
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CHAPTER 5

Targeted Analysis of Tryptophan Metabolites in Alpha-synuclein
Overexpressed Flies

5.1 Introduction
The previous work has identified 18 potential markers and related metabolic
pathways in the urine of Parkinson’s disease patients by using non-targeted
LC-MS and GC-MS platform (164). Especially, tryptophan metabolism
variation was highlighted. Tryptophan is an essential amino acid in many
organisms. This compound cannot be synthesized by the human organism, and
therefore must be obtained from the diet (165, 166). It is worth noticing that
tryptophan metabolism includes many important functional molecules, such as
serotonin, kynurenic acid, and melatonin, making its fundamental to health and
there are numerous associations between alterations of functional molecules in
nervous system (167).
To determine whether the tryptophan metabolism variation in idiopathic PD
patients has biological relevance, we developed multiple reactions monitoring
(MRM) method of UPLC-MS/MS to measure levels of tryptophan metabolites
in the body of the wild-type alpha-synuclein over-expressed flies (Drosophila
melanogaster). The fruit fly Drosophila has emerged as a valuable model for
studying the molecular and cellular mechanisms of PD due to its high degree of
conserved biological pathways (168, 169). Tryptophan metabolism in the fruit
fly is highly conserved and relevant to human biology and disease (168).
Understanding of the regulatory mechanisms of modified tryptophan
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metabolism may be of great future value for developing potential markers of the
disease process and evaluating the efficacy of novel therapeutic agents (170,
171).

5.2 Materials and methods
5.2.1 Chemicals and reagents
Standards used for method optimization and validation, e.g., dopamine,
3-hydroxykynurenine, kynurenic acid, kynurenine, gamma-aminobutyric acid
and tryptophan were obtained from Sigma-Aldrich and prepared in the ultrapure
water from a Milli-Q system (Millipore, USA). HPLC-grade methanol (MeOH),
formic acid, and acetonitrile were obtained from Fisher Scientific. All other
chemicals and reagents used for the experiments were analytical grade.
5.2.2 Instrumentation and equipment
Sample

analysis

was

performed

on

a

Waters

ACQUITYTM

ultra-performance liquid chromatography (UPLC) system (Waters Corp.,
Milford, MA, USA) coupled to a Waters TQD triple quadrupole tandem mass
spectrometer (Waters Corp., Manchester, UK) with electrospray ionization (ESI)
source.
The following MRM transitions were used: for KYN m/z 209 to 192
(quantifier) collision 18V, cone 10V; for KYNA m/z 190 to 144 (quantifier)
collision 20V, cone 13V; The main working parameters were set as follows:
capillary voltage, 3.00 kV; extractor voltage, 3.00 V; source temperature,
120 °C; desolvation temperature, 400 °C; desolvation gas ﬂow, 680 L/h (N2);
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cone gas ﬂow, 49 L/h. Chromatographic data was collected and the peak area of
each metabolite was achieved for semi-quantiﬁcation with Waters MassLynx
v4.1 software.
5.2.3 UPLC conditions
The

dopamine,

3-hydroxykynurenine,

kynurenic

acid,

kynurenine,

gamma-aminobutyric acid and tryptophan were separated on either ACQUITY
UPLCTM BEH C18 column (1.7 µm particle size, 100 mm × 2.1 mm), HSS T3
(1.8 µm particle size, 100 mm × 2.1 mm), or ZICTM-HILIC (hydrophilic
interaction liquid chromatography column, 5 µm particle size, 100 mm × 2.1
mm). The ﬂow rate remained constant at 0.4 ml/min. For BEH C18 and HSS T3
columns, the mobile phases consisted of 0.1% formic acid in water (solvent A)
and 0.1% formic acid in acetonitrile (solvent B). The optimized elution
conditions are described in Table 5.1. A 10 µl injection volume with a partial
loop using needle overﬁll mode was used. For ZICTM-HILIC columns, the
mobile phases consisted of in acetonitrile/water (50:50, V/V) containing 0.2%
formic acid and 5mM ammonium acetate (solvent A) and acetonitrile/water
(95:5, V/V) containing 0.2% formic acid and 5mM ammonium acetate (solvent
B). The optimized elution conditions are described in Table 5.1. A 5 µl injection
volume with a partial loop using needle overﬁll mode was used.
Chromatographic data was collected and the peak area of each metabolite was
achieved for semi-quantiﬁcation with Waters MassLynx V4.1 software.
For quantification of kynurenine (KYN) and kynurenic acid (KYNA) in
multiple-reaction monitoring (MRM) mode using positive electrospray
ionization

(ESI),

a

Waters

ACQUITYTM
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ultra-performance

liquid

chromatography (UPLC) system (Waters Corp., Milford, MA, USA) coupled to
a Waters TQD triple quadrupole tandem mass spectrometer (Waters Corp.,
Manchester, UK) was used. Metabolites in the flies were separated on a
hydrophilic interaction liquid chromatography column (ZICTM-HILIC, 5 µm
particle size, 100 mm × 2.1 mm). The ﬂow rate remained constant at 0.4 ml/min.
The mobile phases consisted of in acetonitrile/water (50:50, V/V) containing 0.2%
formic acid and 5mM ammonium acetate (solvent A) and acetonitrile/water
(95:5, V/V) containing 0.2% formic acid and 5mM ammonium acetate (solvent
B). The linear gradient was as follows: 98% B at 0 min, 98% B at 2 min, 40% B
at 6 min, 98% B at 8 min and 98% B at 10 min.

OH

HO
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N

O

H 2N

HO

O
NH2

O

HO

NH2

O

Kynurenic acid

Kynurenine
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HO

O
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H2N

O

H 2N

NH2

OH

Tryptophan

OH

O

HO

H 2N

O

3-hydroxykyunrenine

Gamma-aminobutyric acid

Figure 5.1 The molecular structures of targeted metabolites
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Table 5.1 Optimized elution conditions for BEH C18, HSS T3 and HILIC
columns
BEH C18 and HSS T3

HILIC

Time(min)

%B

Curve

Time(min)

%B

Curve

0.00

3.0

-

0.00

98.0

-

3.00

3.0

5

2.00

98.0

5

5.00

70.0

5

6.00

40.0

5

6.00

100.0

5

8.00

98.0

5

8.00

3.0

5

10.00

98.0

5

Curve 6 represents a linear gradient.
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5.2.4 MS tuning and optimization
Tandem mass spectrometry (MS/MS) experiments were performed to
isolate and fragment the precursor ions. Multiple reaction monitoring (MRM)
mode for quantitative analysis. MS analysis was performed in positive ion mode.
The main working parameters set as follows: Capillary voltage, 3.00 kV;
Extractor voltage, 3.00 V; Source temperature, 120 oC; Desolvation temperature,
400 oC; Desolvation gas ﬂow, 680 L/h (N2); Cone gas ﬂow, 49 L/h.
5.2.5 Fly strains and culture conditions
Flies (Drosophila melanogaster) were obtained from the Bloomington
Stock Center (177). Flies were maintained at 25°C with a 12 hour light/dark
cycle in a humid incubator and fed with standard cornmeal seeded with dried
active

yeast.

Fly

strains

w1118,

P{GawB}elavC155

(elav-GAL4)

and

P{UAS-HsapSNCA.F}5B (UAS-WT α-synuclein) were used in the study
(178-180). The elav-GAL4/+ was generated by crossing elav-GAL4 with w1118
and elav-GAL4>WT α-synuclein was achieved by crossing elav-GAL4 with
UAS-WT α-synuclein. One day’s male flies were collected and fed with standard
corn meal for 35 days. On the 35th day, flies were snap frozen and stored at
-80°C for further analysis.
5.2.6 Protein extraction and western blotting analysis
Twenty fly heads were placed in sample tubes and then mixed with 50 µl
RIPA buffer. A pre-cooled 7mm stainless steel bead was added to each tube.
The samples were then homogenized using the Tissue Lyser LT (Qiagen,
Germany) at 50 Hz for 2 min. Following homogenization, samples were
137

centrifuged for 5 min (16000 × g, 4°C) to pellet the beads and tissue fragment.
The supernatant was collected and cleared by an additional centrifugation for 10
min (16,000 g, 4°C). Protein concentration was quantified by BioRad BCA
Reagent (BioRad Laboratories, Germany). For Western blot analysis, protein
samples were diluted in loading buffer (5 × Laemmli buffer) and boiled (95°C, 5
minutes) , then loaded and separated on 15% SDS-PAGE gel (100 V, 2 hours)
and subsequent transfer onto PVDF membrane (300mA, 90min). The
membranes were then blocked with skim milk (1 hour, 5% skim milk in TBST:
0.05 M TBS containing 0.1% Tween-20). After blocking, membranes were
incubated overnight at 4°C with primary antibodies. The following primary
antibodies were used in the study: mouse anti- α-synuclein (1:1000; BD
Transduction Laboratories™, USA), rabbit anti- tyrosine hydroxylase (1:1000;
Millipore Chemicon™, USA) and mouse anti- β-actin (1 : 1000; Abcam, UK).
5.2.7 Metabolites extraction in the flies
Ten flies were homogenized in 100 µl of water containing 5%
trichloroacetic acid and centrifuged at 16,000 g for 5 min (4°C). 80 µl of
supernatant was precipitated by 160 µl of methanol. the supernatant was
transferred into a 1.5mL polypropylene tube and stored at -20 °C until analysis
after centrifuging for 10 minutes at 16,000 × g at 4°C.
5.2.8 Statistics analysis
Each experiment was repeated at least three times unless indicated.
Two-tailed Student's t-test were conducted. Statistics analyses were performed
in GraphPad Prism6 (GraphPad Software, Inc.).
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5.3 Result
5.3.1 Evaluation of HILIC, C18 and T3 columns
To quantify targeted compounds, the suitable separation method is critical.
We optimized key parameters of the chromatography column and mobile phase
according to the physical and chemical properties of targeted compounds (172).
Firstly, we compared the separation ability of HILIC column to that of BEH
C18 column and a T3 column for targeted compounds. HILIC uses hydrophilic
stationary phases with reversed-phase type eluents for particularly polar
compounds with hydroxyl, carboxyl, and amino groups (173). BEH C18 column
and T3 column are assigned to reversed-phase C18 line of HPLC columns that
are used for low to medium polar compound retention (174). The T3 columns
could not only retain low polar compounds, but also provide good performance
for separating water-soluble polar organic compounds. As shown in Figure 5.3,
the HILIC column could retain all targeted compounds efficiently. The T3
column could be only used for efficiently separation of kynurenine, kynurenic
acid, and tryptophan; while, BEH C18 column did poorly retain the targeted
compounds. The successful separation of targeted compounds by an HILIC
column could be attributed to the hydrophilic affinity with the stationary phase
of HILIC. The results concluded that the HILIC is better suited for the efficient
separation of targeted compounds than BEH C18 and T3 columns.
HILIC column has many specific advantages over the conventional C18
line of the column for separating polar compounds, but the limitation of HILIC
is that even slight changes in mobile phase pH or buffer strength may cause the
common problems including retention shifts and undesirable peak shapes (175).
In this study, we optimized the mobile phase pH or buffer strength and
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evaluated the effects of buffer pH or buffer strength on the retention ability and
sensitivity of targeted compounds. The ammonium acetate and formic acid were
wildly used in HILIC chromatography, optimizing the retention behavior by
adjusted the polarity of the analytes.
5.3.2 Effects of pH and ionic strength
We found that mobile phase pH may significantly contribute to the retention
time shifts. The increased concentration of formic acid could lead to the short
retention time of 3-hydroxykynurenine, kynurenine, kynurenic acid, tryptophan,
gamma-aminobutyric acid (Figure 5.4). Additionally, the peaks area of
kynurenine and dopamine in 0.2% FA group were significantly higher than that
of 0.1% FA group. In contrast, the peaks area of 3-hydroxykynurenine and
gamma-aminobutyric acid in 0.2% FA group were significantly lower than that
of 0.1% FA group. All of the targeted compounds have the decreased peaks area
in 0.8% FA group. There are not significant differences between peals area of
0.2% FA and 0.4% FA groups. To conclude, a buffer system consisting of
ammonium acetate (5 mM) and formic acid (0.2%) were used to control the
mobile phase pH and ion strength of mobile phase for HILIC method.
5.3.3 Optimized multiple reaction monitoring conditions in MS
In general, the optimized MS parameters could improve the detection
sensitivity for target compounds (176). The molecular structures of targeted
compounds

(e.g.,

kynurenic

acid,

kynurenine,

dopamine,

tryptophan,

3-hydroxykynurenine and gamma-aminobutyric acid) were showed in Figure
5.1. The well-prepared standard solutions of targeted compounds were directly
injected into the electrospray ionization - tandem mass spectrometry (ESI-MS)
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with a syringe pump. We obtained the typical full daughter scan ESI+ mass
spectra of targeted compounds (Figure. 5.2). The optimized MRM transitions, as
well as the individual cone voltage and collision energy voltages applied for the
MS analysis were summarized in Table 5.2. The product ions of 144, 192, 137,
188, 208 and 87 were obtained from the precursor ion of 190, 209, 154, 205,
225 and 104 for kynurenic acid, kynurenine, dopamine, tryptophan,
3-hydroxykynurenine and gamma-aminobutyric acid, respectively. The cone
voltage is one of the key parameters of MS. More fragmental ion will be
produced as the increased cone voltage. As shown in Table 5.2, the cone energy
and collision energy for each compound was optimized at different levels. In the
typical mass spectra, both of the cone energy and collision energy of the
tryptophan metabolites was not more than 20 V.
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Figure 5.2 Full daughter scan ESI+ mass spectra of targeted metabolites. (a)
Daughters of 190: kynurenic acid; (b) Daughters of 209: kynurenine, (c)
Daughters of 104: gamma-aminobutyric acid; (d) Daughters of 154: Dopamine;
(e) Daughters of 205: tryptophan; (d) Daughters of 225: 3-Hydroxykynurenine
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Table 5.2 Mass spectral parameters used for analysis of metabolites
Precursor Product

Cone

Collision

energy

energy

(V)

(eV)

Dwell
Compound

ion

ion

(m/z)

(m/z)

Kynurenic acid

190

144

0.08

13

20

Kynurenine

209

192

0.08

18

10

Dopamine

154

137

0.08

13

10

Tryptophan

205

188

0.08

11

10

3-Hydroxykynurenine

225

208

0.08

17

10

104

87

0.08

13

15

(s)

Gamma-aminobutyric
acid
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Figure 5.3 Chromatograms of mass transitions of 3-hydroxykynurenine (A-1,
B-1, C-1), dopamine (A-2, B-2, C-2), kynurenine (A-3, B-3, C-3), kynurenic acid
(A-4, B-4, C-4), tryptophan (A-5, B-5, C-5), gamma-aminobutyric acid (A-6, B-6,
C-6). (A), (B), (C) denote the BEH C18, HSS T3, and HILIC column,
respectively
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Figure 5.4 Extracted ion chromatograms showing retention time variation of
3-hydroxykynurenine, kynurenine, tryptophan, gamma-aminobutyric acid in the
buffer system with different content of formic acid
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Table 5.3 Peaks area of targeted compounds by using buffer system with different content of
formic acid
Peaks area (n=3, mean ± SD)
Compound
0.1% FA

0.2% FA

0.4% FA

0.8% FA

2.5E+06 ±

2.8E+06 ±

2.5E+06 ±

5.9E+05 ±

2.9E+05

2.6E+05

3.3E+05

2.6E+04*

7.8E+04 ±

1.2E+06 ±

1.4E+05 ±

6.6E+04 ±

2.7E+03

7.8E+04*

4.8E+04*

3.3E+03*

1.7E+06 ±

3.6E+06 ±

3.9E+06 ±

5.4E+05 ±

3.1E+05

4.8E+05*

4.6E+05*

1.7E+04*

6.7E+05 ±

7.4E+05 ±

8.7E+05 ±

3.6E+05 ±

2.6E+04

6.4E+04

1.9E+04*

3.3E+04*

3.2E+05 ±

2.5E+05 ±

1.9E+05 ±

4.8E+04 ±

2.4E+04

2.8E+04*

1.6E+04*

2.4E+03*

7.8E+04 ±

3.8E+05 ±

5.0E+05 ±

2.4E+05 ±

9.5E+03

6.4E+03*

8.9E+03*

2.7E+03*

Kynurenic acid

Kynurenine

Dopamine

Tryptophan
3-Hydroxykynureni
ne
Gamma-aminobutyr
ic acid

Asterisk (*) denotes p < 0.05 was considered statistically significant level compared to 0.1% FA
group; FA: Formic acid.
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5.3.4 Over expressed alpha-synuclein in the fly model
Tryptophan metabolism in the fruit fly is highly conserved and relevant to
human biology and disease (181, 182). To determine whether the tryptophan
metabolism variation in idiopathic PD patients has biological relevance, we
measured levels of KYN and KYNA in the wild type alpha-synuclein
over-expressed flies and the age-matched GAL4 control. Wild-type human
alpha-synuclein was over expressed by elav-GAL4 in flies to simulate PD. For
PD patients, autopsy-confirmed pathologic Lewy body has been considered as
the diagnostic standard for PD. Lewy bodies are abnormal aggregates of protein
and present in neurons of the central nervous system (specific cortical regions,
brain stem, and spinal cord), peripheral autonomic nervous system, enteric
nervous system (ENS), and cutaneous nerves. Extensive research has been done
in this field and a number of differential expressed proteins have been identified,
including DJ-1, α-synuclein, Orexin, Tau, TNF-α and etc. α-synuclein is a major
component of Lewy bodies, the pathological feature of PD, and its aggregation
has been linked to the pathogenesis of PD. In the current study, the
GAL4/upstream activating sequence (UAS) system was employed, and ectopic
overexpression of human α-synuclein in the brain of Drosophila melanogaster
was established as a genetic PD model. Western blot result confirmed that
wild-type alpha-synuclein was over expressed in the fly (Figure 5.5).
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Figure 5.5 Wild-type alpha-synuclein is over expressed in fly model of PD

In addition, a marker of dopaminergic neuron, tyrosine hydroxylase was
decreased in the PD flies with over expressed α-synuclein compared with the
GAL4 control (Figure 5.6). As a result of α-synuclein toxicity, the flies lost
tyrosine hydroxylase in comparison with normal control flies. The results
indicated that α-synuclein overexpression in the PD model triggered the
neurotoxicity and subsequently affected the dopaminergic neurons in the brains
of the flies.
5.3.5 Alteration of kynurenine pathway in the fly model
By using the UPLC-MS method, we determined the KYN and KYNA
levels in the 1-day-old and 30-day-old flies, respectively. Our result showed the
significantly increased level of KYN and raised content ratio of KYN to KYNA
in alpha-synuclein over-expressed flies contrasted with the GAL4 control at day
1 and day 35 of age (Figure 5.7 and 5.8), suggesting the alteration of the
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kynurenine pathway was linked with the pathogenic changes in the fly model of
PD.

Figure 5.6 Dopaminergic neuron loss in the fly model of PD (n = 3; asterisks
denotes P < 0.05)
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Figure 5.7 Increased level of KYN in alpha-synuclein over-expressed flies
contrast to the GAL4 control at 1 day and 35 day of age. (n = 3; asterisks denotes
P < 0.05)
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Figure 5.8 Increased content ratio of KYN/KYNA in alpha-synuclein
over-expressed flies contrast to the GAL4 control at 1 day and 35 days of age.
Data are shown as the mean ± s.e.m. Statistical signiﬁcance was determined using
unpaired two-tailed Student's t-test
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5.4 Discussion
5.4.1 Alpha-synuclein and Parkinson’s disease
Alpha-synuclein (SNCA), a 140-amino-acid neuronal protein, is widely
localized in the nucleus of brain neurons, which is accumulated to insoluble
fibrils in pathological conditions of PD characterized by Lewy bodies. The
SNCA mutations in the neuropathological characteristic of PD patients were
widespread in neurons and glial cells. The genome-wide association studies
(GWAS) analysis uncovered SNCA as one of the risk factors for rare
monogenic forms of PD (213). Increased evidence indicated that soluble
oligomeric alpha-synuclein is more likely to be a real culprit mediating
neurotoxicity. These findings suggested that clinically accessing the oligomeric
alpha-synuclein level will help diagnose and monitor PD progression, and also
contribute to the development of innovative drugs for the treatment of PD.

5.4.2 Interaction between alpha-synuclein and metabolites in Drosophila
models
Alpha-synuclein (SNCA) was one of risk factors of PD, which has the
ability for providing insight into the mechanisms of PD. However, the biological
functions of the SNCA were still unclear. The promising ways to get a
responsive answer is the use of classical genetic analysis and metabolic analysis
in the fruit fly Drosophila melanogaster. There are about 100,000 neurons in the
nervous system of Drosophila, and the conservation of neuronal development
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and function between vertebrates and invertebrates makes Drosophila a
promising system for biological studies of studies of neuronal dysfunction
(214).
Feany and Bender (215) developed transgenic fly lines that expressed
normal human alpha-synuclein protein linked to Parkinson's disease, to
investigate the toxic mechanism associated with abnormal protein accumulation.
This model has been used for delineating pathogenetic mechanisms mediated by
alpha-synuclein toxicity. We also employed this model of PD by expressing
human alpha-synuclein in Drosophila (215). In our studies, we observed not
only the overexpressed alpha-synuclein but also the loss of dopaminergic
neurons. This results indicated that the accumulation of alpha-synuclein is
directly or indirectly toxic to dopaminergic neurons. Recent studies have
attempted to probe the mechanism of cell death caused by alpha-synuclein.
Alpha-synuclein has a strong tendency to form aggregation in vitro. The
observation of aggregated alpha-synuclein has been found to exacerbate
oxidative stress and trigger inflammatory (52). The phosphorylation of
alpha-synuclein at S129 and S87 were considered as key factors to influence
conversion of alpha-synuclein to a toxic oligomeric form (216). Few study,
however, have investigated the interaction of alpha-synuclein and toxic
metabolites during the disease process. Dopamine is an in vivo metabolites that
transmit messages in the brain, which contribute to control smooth, coordinated
muscle movements of the body. The motor symptoms of Parkinson's disease
appear when approximately 60 to 80% of the dopamine-producing cells are
damaged (43, 57). It is important to investigate the metabolic mechanism of the
toxicity of α-synuclein.
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5.4.3 Alteration of tryptophan metabolism in Drosophila models
We developed UPLC-MS/MS with MRM mode to measure levels of
tryptophan metabolites and several neurotransmitters. HILIC, BEH C18, and T3
column were employed to separate these metabolites. We found the HILIC
column was suitable to retain the targeted metabolites. The use of HILIC
column for neurotransmitters and tryptophan catabolites separation was also
proved in Tufi’s studies (217), and the HILIC was a promising tool for these
target metabolites with high polarity. Although HILIC column could retain the
polar metabolites better than the conventional C18 column, but the HILIC was
sensitive to mobile phase pH or buffer strength, which may cause the retention
shifts and undesirable peak shape (174). We further optimized the mobile phase
pH with formic acid (0.2%) and buffer strength with ammonium acetate (5 mM).
Tufi et al. also reported the similar buffer system for tryptophan catabolites
analysis. The mobile phase pH with formic acid (0.1%) and buffer strength with
ammonium acetate (10 mM) were employed (217). In the previous studies, we
have investigated the PD patients and found the tryptophan metabolism
variation was significant. Tryptophan metabolism includes many important
functional molecules (e.g. tryptophan, kynurenine, kynurenic acid, and
melatonin), mediating inflammation and stress process (57).

5.4.4 Proposed toxic mechanism of alpha-synuclein in Drosophila models
Kynurenic acid (KYNA) is identified as a neuroprotective agent with
antagonistic action on NMDA receptors, which is one of the major product in
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the kynurenine pathway originating from tryptophan degradation. Many
evidence have shown dysregulation of KYNA activity was involved in
neurodegenerative

diseases.

KYNA

could

effect

against

complex

neurodegenerative processes including neuroinflammation, β-amyloid peptide
(Aβ) toxicity and apoptosis (125). Conversely, quinolinic acid (QA), one of the
main downstream metabolite of kynurenine pathway, is an endogenous NMDA
receptor agonist synthesized from kynurenine, thereby has the potential of
mediating NMDA neuronal damage and dysfunction (125, 126). In the fly
model, we observed the alteration of kynurenine pathway (Figure 5.9). The
significantly increased level of KYN and raised the content ratio of KYN to
KYNA indicated the out-of-balance between the NMDA receptor antagonist
(KYNA) and agonist (QA). This perturbed kynurenine pathway was related to
overexpressed alpha-synuclein in the fly model. We also observed the increased
levels of tryptophan, kynurenine, xanthurenic acid, and 3-hydroxyanthranilic
acid, showing altered kynurenine metabolism might the common signatures
between PD patients and alpha-synuclein over-expressed fly model of PD.
Kynurenine aminotransferase II (KAT II) acts as a rate-limiting enzyme that
catalyzes the chemical reaction to produce the KYNA, which activity may be
evaluated for further study by using molecular biotechnology and metabolic flux
analysis (125).
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Figure 5.9 Proposed kynurenine pathway and metabolites of interest in the
alpha-synuclein over-expressed flies. Red cycle, increased levels; Green cycle,
decreased levels
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5.5 Chapter summary
In this Chapter, we developed UPLC-MS/MS with MRM mode to target
analysis of neurotransmitters and tryptophan metabolites. The column types
buffer systems, MS parameters were optimized. This method was further
applied for determination of related metabolites in the fly model. The fruit fly
Drosophila has emerged as a valuable model for studying the molecular and
cellular mechanisms of PD due to its high degree of conserved biological
pathways (182). Our results showed that altered tryptophan metabolism is one of
the metabolite signatures common between PD patients and alpha-synuclein
over-expressed fly model of PD, and thus may be of great future value for
developing potential markers of the disease process and evaluating the efficacy
of novel therapeutic agents. But beyond that, other common metabolites and
related biological pathways (e.g., histidine metabolism, steroidogenesis,
phenylalanine metabolism) across species may play important roles in PD and
need to be further explored.
*This Chapter was mainly from the published paper (57) where I am the
1st author with detail as follows:
Luan, H.; Liu, L. F.; Meng, N.; Tang, Z.; Chua, K. K.; Chen, L. L.; Song, J. X.;
Mok, V. C.; Xie, L. X.; Li, M.; Cai, Z.*, LC-MS-Based Urinary Metabolite
Signatures in Idiopathic Parkinson's Disease. J Proteome Res 2015, 14 (1), 467–
78.
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CHAPTER 6

Identification of Non-amino Organic Acid and Amino Acid Profiles using
PCI-GC-MS/MS Approach

6.1 Introduction
GC-MS is considered as the golden standard in volatile and low-boiling
metabolite analysis due to its high resolution chromatography (183-185).
Pre-column derivatization is developed as an effective method of rendering
highly polar materials sufficiently volatile and narrowing the boiling point
window (12, 186). Metabolite derivatization based on alkylation agents was
widely used for extending coverage of detectable metabolites for GC-MS
technique (187-190). Especially, alkyl chloroformate is an excellent reagent for
the fast derivatization of metabolites with amino and/or carboxyl groups in
aqueous media without the requirement of heating (191). We have performed
MCF derivatization for non-amino organic acid and amino acids in our previous
study (164). However, this method is unsuitable for determination of short chain
fatty acids (SCFAs), especially the acetic acid (192, 193). Recently, the use of
propyl chloroformate derivatization for modification of short fatty acids and
branched chain amino acids before EI-GC-MS analysis has been described. The
electron ionization (EI) ion source is used for ionizing the analyte of interest. EI
spectra at 70 eV have informative fragment ions that are reproducible for
database searching, but weak information about molecular ion (195-197).
Positive chemical ionization (PCI) is a soft ionization method through the
molecular reaction between small molecules and the reactant ions produced by
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ionization of methane (198, 199), and retain the molecular ion and other relative
high molecular weight fragments. The molecular ion could be used as a
precursor ion for determination of metabolites in tandem mass spectrometry
(MS/MS) (200).
Most of the derivatization reagents mentioned above provided terminal
alkyl chain of the same length by using n-alkyl chloroformate and n-alcohol.
This symmetric labeling method was popularly used. In this study, we
developed an asymmetric labeling strategy based on PCI-GC-MS/MS for
determination of non-amino organic acid and amino acid, as well as the short
chain fatty acid. Carboxylic acid and the amino group could be selectively
labelled by propyl and ethyl groups, respectively. Special ions corresponding to
different neutral losses were shown in mass spectra that can be used for
qualitative research. PCI-GC-MS/MS with multiple reactions monitoring (MRM)
was applied for quantification of typical non-amino organic acid and amino
acid.

6.2 Materials and methods
6.2.1 Chemicals and reagents
Standards used for method optimization and validation, e.g., acetic acid,
propionic acid, 1-Propanol (PrOH), propanol-1,1-d2, butyric acid, isobutyric
acid, valeric acid, isovaleric acid, valine, isoleucine, and leucine were obtained
from Sigma-Aldrich and prepared in the ultrapure water from a Milli-Q system
(Millipore, USA). Methyl-, ethyl- and propyl- chloroformate (MCF, ECF, and
PCF) was obtained from American International Chemical, lnc (United States).
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All other chemicals and reagents used in the experiments were of analytical
grade. 2-ethylbutyric acid and 4-chlorophenylalanine were used as internal
standards (IS) for final adjustment on the quantity of short-chain fatty acids and
branched-chain amino acids present in the biological samples, respectively.
6.2.2 Clinical samples preparation and derivatization
Urine and plasma sample were thawed at room temperature and centrifuged
5 min at 14000 g in an Eppendorf centrifuge. The feces samples were processed
at 4 °C to protect the volatile short - chain fatty acids. A total of 500 µL of water
was added to feces samples (100-300 mg), and the sample was homogenized for
10 min and centrifuged at 14000 g at 4 °C for 10 min. A 300 µL aliquot of
supernatant fecal water was transferred into a 10 mL glass tube. 10 µl of water
containing

internal

standards

4-chlorophenylalanine

(500

µg/ml)

and

2-ethylbutyric acid (9.2 µg/ml) was added into 300 µl of urine, plasma sample,
and supernatant fecal water, respectively. Three independent biological
replicates were performed for urine, plasma and feces samples. Each solution
was mixed with 300 µl of NaOH (1 M), 160 µl of PrOH or Propanol-1,1-d2 and
40 µl of pyridine in a 10-mL glass centrifuge tube. The derivative reaction was
started by adding 100 µl of ECF and the pooled mixture was then shaken for 60
s using a vortex. After the successive derivatization steps, 500 µl of
dichloromethane was added and shaken for 10 s for separating the MCF, ECF or
PCF derivatives. After adjusted the pH with the 200 µl of NaHCO3 (50 mM), the
dichloromethane layer containing derivatives were isolated and dried with
anhydrous Na2SO4 and subsequently subjected to GC-MS or GC-MS/MS
analysis.
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6.2.3 MS analysis and instrumental conditions
PCI-GC-MS analysis was performed with an Agilent 7890B gas
chromatography coupled with 7000C triple quadrupole mass spectrometer. The
column used for all analysis was the HP-5MS capillary column coated with
5%-Phenyl-methylpolysiloxane (30 m × 250 µm i.d., 0.25 um ﬁlm thickness;
Agilent J&W Scientiﬁc, Folsom, CA). The solvent delay was set for 2 min. The
measurements were made with PCI in the full scan mode (m/z 90–650). The
splitless injection was used with the Agilent 7693 autosampler system. For the
GC-PCI-MS/MS analysis, the MS was operated in the positive ionization mode,
methane (Grade 4.0, 99.99% pure) was used as reactant gas at an apparent
pressure of 1.0 × 104 Torr in the ionization source. The MS interface, source, and
quadrupole temperatures were 290 ◦C, 320 ◦C and 150 ◦C, respectively. Multiple
reaction monitoring was used with a dwell time of 100 ms per ion.
6.2.4 Separation and analysis of the ECF derivatives
The oven temperature was initially held at 50 oC for 2 min. Thereafter the
temperature was raised with a gradient of 6 oC/min until 180 oC. Afterward, the
temperature was raised with a gradient of 6 oC/min until 260 oC and then
increased to 300 oC at a rate of 20 oC/min. This temperature was held for 2 min.
Helium was used as the carrier gas at a constant flow rate of 1 mL/min. The
peak abundances of ECF derivatives were used to quantify the concentrations of
the amino acid and organic acids in the samples. The majority of the metabolites
detected were identiﬁed by commercially available compound libraries: NIST,
and reference compounds available.
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6.2.5 Data processing
To align multiple chromatograms, XCMS package in R software was
applied for all GC-MS data. Raw GC-MS data files were converted to NetCDF
files using the Agilent’s MSD Chemstation Data Analysis Application. All of
the NetCDF data files were then imported to XCMS and subject to the following
processing

including

baseline

correction,

smoothing,

noise

reduction,

deconvolution, and area calculation. Subsequently, the data table was exported
as a CSV file that included sample names, compounds, retention time (RT),
quantification mass, and peak area. Compounds were identified through
comparing both MS spectra and retention times with those of standard
compounds. GC-MS/MS data was processed by Agilent MassHunter
Quantitative Analysis (Version B.07.00) software.
6.2.6 Statistics analysis
Two-tailed Student's t-test was conducted. Statistics analyses were
performed in GraphPad Prism6 (GraphPad Software, Inc.).

6.3 Results and discussion
6.3.1 Optimization of derivatization reagents
Chloroformate derivatization method was developed and employed for
profiling analysis of organic acid (Figure 6.1), especially short chain organic
acid. Propanol alcohol functioned as a key derivatization solvent could provide
satisfactory lengths of alkyl groups, and therefore acetic acid derivative could be
separated from the solvent peak and so can be measured precisely (194). To our
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knowledge, methyl-, ethyl- and propyl- chloroformates are popularly used in
alkyl chloroformates derivatization procedures, which convert amino and
organic acids into volatile carbamates and esters (201-203). Methyl-, ethylchloroformates yielded higher derivatization efficiency than that of propylchloroformates (194). In this study, alkyl chloroformate with different lengths of
alkyl groups, including methyl-, ethyl-, propyl-, were compared. PrOH was
essential derivatization solvent, participating in the alkyl chloroformate
triggered derivatization reaction and providing the alkyl-group for organic acids.
As showed in Figure 6.2, short chain fatty acid derivatives including Propyl
acetate (2.08 min), Propyl propionate (3.90 min), Propyl butyrate (6.00 min) and
Propyl valerate (8.40 min) were produced and well separated after above
mentioned three alkyl chloroformate derivatization procedures. Meanwhile,
alkyl chloroformate derivatization procedures were accompanied with different
by-products, such as Carbonic acid propyl methyl esters (4.0min) produced in
Methyl chloroformate derivatization, Carbonic acid propyl ethyl esters (5.80
min) in Ethyl chloroformate derivatization and Carbonic acid dipropyl esters
(8.45 min) in Propyl chloroformate derivatization. The retention time of
Carbonic acid propyl methyl esters was close to that of Propyl propionate,
which indicated that Propyl propionate could not be separated from the solvent
peak (Carbonic acid propyl methyl esters) and so can’t be measured precisely.
The combination of Ethyl chloroformate matching with PrOH was employed in
this study.
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Figure 6.1 Reaction scheme of organic acid and amino acid, treated with alkyl chloroformate derivatization
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Figure 6.2 GC-MS chromatograms of alkyl chloroformate derivatives. (A)
Methyl chloroformate, (B) Ethyl chloroformate and (C) Propyl chloroformate
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6.3.2 Tracing derivatives with stable isotope labeling
In this study, ECF derivatization of metabolites makes a possible
introduction of isotopic labeling for metabolites containing carboxyl group
through the utility of a labeled derivatization solvent (204, 205). According to
the reaction mechanism, heavy labeled alkyl group in Propanol-1,1-d2 could be
transferred into ester group of end products after ECF-derivatization, resulting a
2 Da increase in mass of each derivative (Figure 6.3). The differential weight (2
Da) provides enough resolution for distinguishing labelled derivatives and
label-free derivatives by using GC-PCI-MS technology (206, 207).
This approach was employed to analyze biological samples, including
feces, plasma, urine from human subjects and cell line from our laboratory,
tracing possible organic acid and amino acid profiles in biological samples.
XCMS tool was employed for extracting the mass peaks in each sample,
resulting in data tables containing the information of mass to charge ratio and
retention time of each metabolite. Those peaks having specified mass
differences (2 Da) and similar GC retention time by comparing the samples that
were labeled with stable isotope with the unlabeled samples, which were
considered as the candidate organic acids and amino acids. We found 44
(17.6%), 43 (21.9%), 36 (19.4%) and 58 (19.8%) labeled peaks from cell, feces,
plasma and urine samples, respectively (Figure 6.4). Fifteen of labeled peaks
were shared with four types of sample. There were 36, 16, 16, 9 unique labeled
peaks belonging to urine, cell, feces and plasma. Our results indicated the
diversity of composition of organic acid and amino acid profiles in different
biological samples, and ECF-PrOH derivatization could be used to trace
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possible organic acid and amino acid profiles in biological samples. The
limitation of this study was the low mass accuracy and resolution of GC-MS
platform, which might be failed to analyze co-eluted peaks. The GC-TOF mass
spectrometer system delivering accurate mass and high-resolution information
would be a good choice for further study (208).
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Figure 6.4 Venn plot of labeled peaks from cell, urine, feces and plasma
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6.3.3 Identification of ECF derivatives
PCI-GC-MS/MS was employed to separate and identify ECF derivatives.
Table 6.1 shows identified compounds with protonated molecular ion [M + H]+,
retention time and daughter ion (209, 210). These metabolites included 6 short
fatty acids, 9 non-amino organic acids, and 14 amino acids. Of the above
compounds, 6 short fatty acids including Acetic acid, Propionic acid, Butyric
acid, Isobutyric acid, Valeric acid and Isovaleric acid formed abundant
molecular ion (m/z, 103; 117; 131; 131; 145; 145).
6.3.4 Mass spectral characterization of fatty acids derivatives
Mass spectra of 4 short chain fatty acids involving Butyric acid, Isobutyric
acid, Valeric acid and Isovaleric acid revealed not only molecular ion peaks but
also dominant ion fragmentation that corresponds to the stable neutral loss of
propoxy group (C3H8O, 60 Da) from molecular ions under collision-induced
dissociation (CID) mode (Table 6.1). Meanwhile, mass spectra of 9 non-amino
organic acids show the stable neutral loss of 60 Da (C3H8O) produced from
molecular ions. This characteristic neutral loss of propoxy group (C3H8O) may
effectively improve the accuracy of structure identification of the unknown
compounds contains a carboxylic acid group in complex mixtures by performing
a constant-neutral-loss scan of 60. But beyond that, the neutral loss both in mass
spectra of Acetic acid and Propionic acid was different from that of other
organic acids. The mechanism of ion fragmentation ([M + H - 28]+) that
corresponds to the stable neutral loss of 28 Da from Acetic acid and Propionic
acid was unclear.
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6.3.5 Mass spectral characterization of amino acids derivatives
In the mass spectra from amino acids, two dominant ions ([M + H – 74]+
and [M + H – 88]+) that correspond to the stable neutral loss of 74 Da and 88 Da
from molecular ions of amino acid derivatives were simultaneously generated
(Table 6.1). The neutral loss of 88 Da was formed after the loss of
propoxycarbonyl group from molecular ion, which provided special information
for identification of carboxylic acid group in amino acid. The stable neutral loss
of 74 Da was formed due to the breakage of amide C-N bond, after loss of
N-terminal ethoxycarbonyl group (C3H6O2) from molecular ion. The
characteristic neutral loss allowed the identification of the unknown contains
carboxylic acid (–COOH) and amino (–NH2) functional groups. This
asymmetric strategy selectively terminal labeling of the different alkyl group
may provide effectively the accuracy of structure identification.
Also interesting to note is that our method could be used for separating
isomers that have the same molecular formulas but different configurations,
such as Butyric acid and Isobutyric acid, Valeric acid and Isovaleric acid,
2-hydro-3-methylbutyric acid and 3-hydroisovalaric acid, Isoleucine and
Leucine, L-alanine and Beta-alanine (211).
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Table 6.1 Overview of compounds included in the PCI-GC-MS method
Retention time
Compounds

Molecular ion
Daughter ion

(min)

[M+H]+

Neutral loss (Da)

Short chain fatty acid
Acetic acid

2.10

75

103

28

Propionic acid

3.90

89

117

28

Butyric acid

6.00

71

131

60

Isobutyric acid

5.00

71

131

60

Isovaleric acid

7.20

85

145

60

Valeric acid

8.40

85

145

60

172

Organic acid
Malic acid

24.8

230.9

290.8

60

Alpha-ketoglutaric acid

21.2

171.0

230.9

60

2-phenylbutyric acid

18.7

146.7

206.8

60

2-hydro-3-methylbutyric acid

17.5

173

232.8

60

3-methyladipic acid

22.2

184.8

244.5

60

Homovanllic acid

30.2

236.7

296.8

60

3-hydroisovalaric acid

17.7

173

232.8

60

Glycolic acid

14.5

130.9

190.9

60

Lactic acid

14.9

145.1

204.9

60

173

Amino acid
Valine

19.7

143.8/157.8

231.7

88/ 74

Iso-leucine

21.4

157.8/171.7

245.8

88/ 74

Leucine

21.1

157.8/171.7

245.7

88/ 74

Phenylalanine

27.9

191.6/205.6

279.6

88/ 74

L-alanine

17.2

115.9/129.9

203.8

88/ 74

Beta-alanine

19.1

115.9/129.9

203.8

88/ 74

Glycine

17.4

101.8/115.8

189.8

88/ 74

Gamma-GABA

21.7

129.8/111.9

217.6

88/ 74

Tyrosine

35.7

279.4/293.6

367.4

88/ 74
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Proline

22.0

141.8/155.8

229.7

88/ 74

Methionine

26.0

175.8/189.9

263.9

88/ 74

Cysteine

28.6

219.5/147.7

307.5

88/ 74

Aspartic acid

26.2

201.7/215.7

289.5

88/ 74

Glutamic acid

28.2

215.7/229.4

303.5

88/ 74
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6.3.6 Sensitivity and linearity
In this study, the triple quadrupole (QqQ) mass spectrometer was employed
to quantify the ECF derivatives due to its significant advantages both for
selectivity and sensitivity. The QqQ MS coupled to PCI could be easy to
establish multiple reaction monitoring (MRM) transitions as more potential
precursor ions are generated during the PCI ionization mode than EI ionization
mode (212). PCI provided the retaining of the molecular ion and other relative
high molecular weight fragments. A total of 9 standard mixture consisted of
short fatty acids (acetic acid, propionic acid, butyric acid, isobutyric acid,
valeric acid and isovaleric acid) and branched-chain amino acids (valine, leucine,
isoleucine) were used to validate the developed method (Figure 6.5 - 6.13). Each
stock solution of test standard was carefully prepared in the deionized water (1
mg/ml) and stored at −20 °C.
The diluted standard solutions with the different concentrations were
derived according to the optimized derivatization procedure for the
determination of linear range, regression coefficient (R2) and the reproducibility.
Using the optimized derivatization and GC-MS analysis, a regression coefficient
higher than 0.99 for each calibration curve from the spiked standards was
obtained, indicating good linearity. The limits of quantitation (LOQs) for the
spiked standards were in the range of 5.0 and 30 µM.
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Figure 6.5 Representative chromatograms of monitored transition ions of
targeted compounds (acetic acid) in human stool

Figure 6.6 Representative chromatograms of monitored transition ions of
targeted compounds (propionic acid) in human stool
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Figure 6.7 Representative chromatograms of monitored transition ions of
targeted compounds (isobutyric acid) in human stool

Figure 6.8 Representative chromatograms of monitored transition ions of
targeted compounds (butyric acid) in human stool
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Figure 6.9 Representative chromatograms of monitored transition ions of
targeted compounds (valeric acid) in human stool

Figure 6.10 Representative chromatograms of monitored transition ions of
targeted compounds (isovaleric acid) in human stool
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Figure 6.11 Representative chromatograms of monitored transition ions of
targeted compounds (valine) in human stool

Figure 6.12 Representative chromatograms of monitored transition ions of
targeted compounds (leucine) in human stool
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Figure 6.13 Representative chromatograms of monitored transition ions of
targeted compounds (isoleucine) in human stool

6.3.7 Precision
Intra- and inter-day precision studies were performed using the standard
mixture of all the standards at high, medium and low concentration, respectively.
Intra-day precision was determined by successive replicate measurements (n = 6)
of the analytes. Inter-day precision was determined by analyzing the samples on
two different days. The results in Table 6.2 exhibited excellent intra-day and
inter-day precision for most of the compounds with the RSDs below 4% and 5%,
respectively. The precision was also evaluated from the result of analyzing the
targeted compounds in the fecal sample at three concentration levels (high,
medium and low, and each measured six times). The intra-day and inter-day
assay precision were less than 11.2% to 12.9%, respectively.
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Table 6.2 Transitions, linearity, intra- and inter-day precision of 9 standards
Compounds

Transitions Collision

Calibration equation

energy

Linear

R2

Range

Intra-day Inter-day
precision precision

(µmol/L)

RSD (%)

RSD
(%)

Acetic acid

103-75

5

y = 3E-05x + 0.0162

20-3000

0.997

3.3

4.29

Propionic acid

117-89

5

y = 5E-05x + 0.0076

30-3000

0.997

2.08

2.99

Butyric acid

131-71

5

y = 3E-04x + 0.0006

10-2000

0.999

1.48

2.76

Isobutyric acid

131-71

5

y = 2E-04x + 0.0002

5-2000

0.999

1.62

2.16

Isovaleric acid

145-85

5

y = 1E-04x + 0.0038

20-2000

0.993

0.74

0.96

Valeric acid

145-85

5

y = 7E-05x - 0.00006

20-5000

0.999

0.87

1.06

Valine

143.8-72

10

y = 3E-04x + 0.00004

5-3000

0.997

3.23

4.82

Isoleucine

157.8-102

5

y = 2E-04x - 0.0013

10-2000

0.999

3.56

4.66

Leucine

157.8-102

5

y = 6E-04x - 0.0066

20-1500

0.999

3.45

4.63
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6.4 Chapter summary
In this Chapter, the method provided a qualitative and semi-quantitative
PCI-GC-MS, coupled with ECF derivatization in the aqueous medium. A propyl
groups (CH3CH2CH2-) originated from propanol alcohol provide satisfactory
lengths of alkyl groups for short fatty acids, as well as acetic acid. The acetic
acid derivatives could be separated from the solvent peak in the column of GC.
In addition, the neutral losses of C3H8O (60 Da), C3H5O2 (74 Da) and C4H8O2
(88 Da) were useful in the selective identification for qualitative analysis of
organic acids and amino acid derivatives. This new developed PCI-GC-MS-MS
method with good reproducibility and linear range may serve as an approach for
semi-quantification of metabolites with amino and the carboxylic group, which
allows the detection of the short chain fatty acids in complex biological samples.
*This Chapter was mainly from the published paper (218) where I am
the 1st author with detail as follows:
Luan, H., Chen, L., Ji, F., Cai, Z.*, PCI-GC-MS-MS approach for identification
of non-amino organic acid and amino acid profiles. Journal of Chromatography
B 2016 . DOI:10.1016/j.jchromb.2016.06.034
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CHAPTER 7
Conclusions and Future Prospect

Metabolomics serves as the down-stream of systems biology and has
displayed its promising potential in human diseases for diagnosis and
mechanism elucidation. The technique allows the analysis of small molecule
metabolites with diverse physicochemical properties and different abundant
levels in the biofluids for understanding biochemical changes caused by genetic
and/or environmental modifications. MS-based metabolomics is a systematic
and reliable approach towards the investigation of biomarkers of PD. Advances
in metabolomics technologies, particularly unbiased MS techniques, have
stimulated a great interest in application of metabolomics to explore
neurodegenerative disorders, e.g. Alzheimer's disease, PD, Huntington's
diseases, and amyotrophic lateral sclerosis. Metabolomics have already revealed
quite a few novel metabolites in biological samples i.e. CSF, plasma, serum and
urine and stool collected from clinical trials with PD or AD patients and/or
animal models by using multiple MS platforms. These small molecule
metabolites have potentially critical contribution not only to the understanding
of the development mechanisms of the diseases, but also as new biomarkers to
diagnose and monitor the diseases. Specific molecules of biological fluids
directing disease status including but not limited to lipids, nucleic acids, organic
acids, amino acids, carbohydrates, vitamins, minerals, toxins, pollutants have
been approved for a long time. Many altered metabolisms can be detected in
bio-fluids i.e. CSF, plasma, urine and stool of patients with neurodegenerative
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disorder. Real-time phenotype was regarded as the ultimate response of
biological systems to environmental changes.
In this thesis, we have employed GC-MS and LC-MS platform to
comprehensively profile urinary metabolites in a clinical trial of 401 samples
collected from 106 idiopathic PD patients and 104 normal control subjects,
which demonstrated that the significant correlation between the development of
PD (early-, mid- and advanced-stage) and urinary metabolite profile. Urinary
metabolites showed great promise as metabolite markers for evaluating PD. We
found 18 metabolites emerging as metabolic markers with diagnostic potential,
with related metabolic pathways observed in branched chain amino acid
metabolism, glycine derivation, steroid hormone biosynthesis, tryptophan
metabolism, phenylalanine metabolism. Furthermore, the alpha-synuclein
over-expressed flies (PD model) was established and used for biological
validation. The kynurenine pathway involved in tryptophan metabolism was
proved to be the common metabolic signature in clinical patients and
alpha-synuclein over-expressed fly model. Bioinformatics was successfully
integrated for metabolomics data analysis. The QC-RLSC algorithm showed the
attractive and robust ability to remove signal shift within and between analytical
batches during MS analysis. A new software statTarget, providing the
comprehensive statistical functions for non-targeted and targeted metabolomics
was also developed. Besides the non-targeted metabolomics, targeted mass
spectrometry was also performed for quantification and qualification of
potential biomarkers, which provided a highly specific, sensitive, and
reproducible approach for monitoring the dynamic variation of these biomarkers
in biological samples.
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MS-based metabolomics showed powerful ability in neuro-metabolomics
analysis and promise in biomarkers study. However, there are still challenges in
MS-based metabolomics studies. One of the major challenges is the
identification of unknown metabolites. This process relies heavily on accurate
mass measurements and multiple stage mass spectrometry (MSn) spectra, which
is complex and inadequate for the structure elucidation of the unknown
metabolite. High cost and intensive effort have to be made for identification of
the unknown metabolite. Confirmation and validation of the biomarkers and
pathways are another challenging task. To form a clinically recognized assay,
these biomarkers must be confirmed and validated with much more clinical
samples and biological research. Future work to ultimately resolve the
challenges may involve further improvements on: 1) construction of spectra
library for known and unknown metabolites; 2) large population-based
metabolomics study for biomarker confirmation; 3) study on metabolic
mechanism of biological network (or metabolic pathway) such as gene
regulation, protein expression and metabolite synthesis.
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