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ABSTRACT 

Esophageal cancer and lung cancer are among the most common cancers worldwide 

with millions of new cases annually. Esophageal cancer patients at an advanced 

stage suffer from a poor five-year survival rate. However, only fewer than 30% of 

esophageal cancer cases were diagnosed at an early stage. For lung cancer, 

malignant pleural effusion (MPE) is an important hallmark for late-stage patients 

with metastasis. However, other causes of pleural effusions including tuberculosis 

bring difficulties in the diagnosis of MPE. It is necessary to develop novel 

diagnostic biomarkers and elucidate the pathological mechanism of esophageal 

cancer and lung cancer. 

Metabolic reprogramming is an emerging hallmark of cancer. It has been clear 

that metabolites play a critical role in cancer development and impose 

vulnerabilities that could be targeted for cancer therapy. The overall objective of 

this study is to comprehensively characterize the metabolic dysregulation in 

esophageal cancer and lung cancer for biomarker discovery and pathological 

elucidation, by using liquid chromatography—mass spectrometry (LC-MS)-based 

metabolomics and lipidomics. 

Paired tumors and normal adjacent tissues from esophageal squamous-cell 

carcinoma (ESCC) patients were first analyzed through global metabolomic and 
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lipidomic profiling. Tumors were clearly separated from the normal tissues based 

on the partial least-square discriminant analysis (PLS-DA) model (R2Y >0.85 and 

Q2Y >0.79 in metabolomic profiling and R2Y >0.70 and Q2Y >0.67 in lipidomic 

profiling). A preliminary list of 41 polar metabolites and 65 lipids were identified 

to be significantly perturbed in tumor tissues. Kynurenine, spermidine, citicoline, 

as well as several glucosylceramides and phosphatidylcholines (PC) showed 

excellent predictive potential with area under curve (AUC) values better than 0.95 

in receiver operating characteristic (ROC) models. Major elevated metabolic 

pathways were polyamine biosynthesis, glycerophospholipid metabolism, 

methionine mechanism, arginine and proline mechanism, and kynurenine 

metabolism, suggesting active amino acid biosynthesis and lipid biosynthesis in 

ESCC.  

The potential biomarkers and dysregulated pathways discovered above in ESCC 

tissue was further validated using targeted metabolomic, lipidomic and proteomic 

profiling. Polyamine biosynthesis was found to be activated in ESCC through the 

overexpression of tumor promoting ornithine decarboxylase and 

spermidine/spermine synthases. Upregulated levels of S-adenosylmethionine and 

DNA (cytosine-5)-methyltransferase 1 implied DNA hypermethylation in ESCC. 

Elevated purines in tumors were generated through the overexpression of 
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methylenetetrahydrofolate dehydrogenases. Active phospholipid biosynthesis in 

tumors was promoted by overexpression of choline transporters and synthase of 

citicoline, which may accelerate the tumor growth. Dysregulation of coenzyme A 

species with different fatty acyl chains showed the same trend as of phospholipids, 

implying the specific activation of relevant acyltransferases in the phospholipid 

remodeling pathway. Moreover, essential amino acids exhibited a higher 

upregulation trends in patients with high-grade tumor or with cancer recurrence. 

Collectively, this study revealed the detailed metabolic dysregulations in ESCC 

tumor tissues, discovered potential metabolite biomarkers and identified 

therapeutic targets of ESCC. 

In order to explore the clinical application of the discovered biomarkers, 

metabolomic and lipidomic profiling was further performed on ESCC plasma 

samples. Eight metabolites were found to be simultaneously upregulated in ESCC 

tumors and plasma samples, indicating their potential as tumor-derived plasma 

biomarkers. Among them, a panel of five tumor-derived plasma biomarkers 

consisting of arginine, acetylspermidine, methylguanosine, dimethylguanosine and 

cystine showed good diagnostic potential in the cross validation. These biomarkers 

are related with polyamine biosynthesis and purine metabolism, which are critical 

to support tumor growth. 
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For lung cancer, MPE from lung adenocarcinoma patients were investigated by 

LC-MS/MS-based metabolomic and lipidomic profiling. In PLS-DA models, the 

MPE samples were clearly separated from benign pleural effusion samples from 

pulmonary tuberculosis patients. A group of 17 polar metabolites and 45 lipids were 

identified to be significantly perturbed in MPE. For diagnostic purposes, ether lipid 

biomarkers, including PCs, lyso-PCs and phosphatidylethanolamines, showed an 

excellent predictive ability with the highest AUC value of 0.953 in ROC models. 

Furthermore, downregulated ether lipids and upregulated oxidized polyunsaturated 

fatty acids in MPE reflected the elevated oxidative stress and peroxisome disorder 

in lung cancer patients, which offers deeper understanding in lung cancer pathology. 
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Chapter 1.  Introduction 

 

1.1 Metabolomics and lipidomics 

The term “metabolome” is a general conception that refer to the complete set of 

small molecule metabolites in biological samples, including polar metabolites such 

as amino acids, nucleotides, and non-polar metabolites like lipids. Metabolomics is 

the analysis of the complex metabolome composition, and can provide an in-depth 

insight into the biochemical mechanisms of diseases and normal physiological 

processes such as growth or aging, because the levels of small molecule metabolites 

are highly responsive to such stresses and stimuli [1, 2].  

Lipids are an important class of non-polar metabolites in human body. Thousands 

of kinds of lipid molecules exist in cells. Based on their structures, these molecules 

can be categorized into several major classes (Table 1.1). Cell membranes consists 

of mainly glycerophospholipids and sphingolipids of variant carbon chain lengths 

that are capable to play important roles in biological functions [3]. 
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Table 1.1 List of common classes of lipids and their abbreviations 

Class Subclass  

Glycerophospholipids PC Phosphatidylcholine 

 LPC Lysophosphatidylcholine 

 PE Phosphatidylethanolamine 

 LPE Lysophosphatidylethanolamine 

 PS Phosphatidylserine 

 LPS Lysophosphatidylserine 

 PG Phosphatidylglycerol 

 LPG Lysophosphatidylglycerol 

 PI Phosphatidylinositol 

 LPI Lysophosphatidylinositol 

 PA Phosphatidic acid 

 LPA Lysophosphatidic acid 

Sphingolipids SM Sphingomyelin 

 SO Sphingosine 

 Cer Ceramide 

 CerG1 Glucosylceramide 

Glycerolipids MG Monoglyceride 

 DG Diglyceride 

 TG Triglyceride 

 

Due to the distinct hydrophilicities of polar metabolites and lipids, there is no 

single method to cover the whole metabolome. Therefore, the extraction and 
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analysis procedures for the two categories of molecules are commonly separately 

prepared. This has led to the wide use of the term “lipidomics”. Although lipidomics 

is clearly a subsection of metabolomics, it is widely accepted to refer to the study 

of polar metabolites and lipids as “metabolomics and lipidomics” [4]. 

System biology is the quantitative study of genotypes and phenotypes in complex 

living systems by combining interdisciplinary research using mathematical models 

[5]. In real situations, pathological mechanisms are often affected by a variety of 

factors on different layers (Figure 1.1) [6], including metabolome, proteome, 

transcriptome and genome. For this purpose, data generated from multiple layers of 

omics studies are integrated to provide a more comprehensive understanding of 

biomechanism and disease etiology [5]. Metabolomics and lipidomics are 

phenotype-first approaches for system biology to seek for metabolic pathways that 

contribute to disease progression (Figure 1.1) [6]. Through the quantitative 

measurement of small molecules, metabolomics and lipidomics provide a key link 

between phenotypes and physiological or pathological status [2]. 
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Figure 1.1 Multiple layers of omics and approaches to disease research. Arrows 

between layers depict interactions of factors between multi-omics data frames. 

Adapted from Hasin et al. [6] under the terms of the Creative Commons Attribution 

4.0 International License. 

 

1.2 Global and targeted profiling strategies 

In terms of strategy, metabolomic and lipidomic analyses can be divided into 

targeted and untargeted approaches. A targeted metabolomic approach focuses on 

a defined group of metabolites, while an untargeted approach detects all detectable 

metabolites including unknown chemicals in the biological sample [4]. Untargeted 

or global metabolomic profiling is used to discover novel biomarkers and to 

examine new interconnections between pathological factors. Targeted metabolomic 
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profiling, on the contrary, is established based on a priori knowledge of interested 

species of metabolites, and often acts as a validation method for untargeted profiling 

studies [7]. 

 

1.2.1 General workflow of LC-MS-based untargeted metabolomics 

Although the metabolomics was first invented on the nuclear magnetic resonance 

(NMR) platform [1], mass spectrometry (MS)-based techniques have already 

become the most applied technique for metabolomic and lipidomic studies. 

Untargeted metabolomics often involves a chromatographic separation prior to 

detection. Gas chromatography (GC) coupled to MS enables efficient separation 

and highly repeatable fragmentation of volatile compounds. On the other hand, 

liquid chromatography (LC) techniques are capable of analyzing a wide variety of 

natural products [8]. 

High performance liquid chromatography (HPLC) coupled to MS methods have 

been developed for the application on metabolomics for decades. It is a versatile 

tool for efficient and rapid separation of metabolites [8]. To improve the separation 

efficiency of HPLC, a class of columns that tolerate high pressure over 400 bar 

were developed. With enhanced separation speed, efficiency and sensitivity, these 

techniques are called UHPLC or UPLC (U for ultra). 
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High-resolution MS is the most commonly used identification method for 

metabolomic profiling. Mass-to-charge ratios (m/z) at a high accuracy are necessary 

for compound identification. Modern high-resolution MS instruments are equipped 

with an electrospray ionization (ESI) source. This soft ionization technique 

generates mostly molecular ion species (e.g., [M + H]+ in ESI+ mode, or [M – H]– 

in ESI– mode), which has simplified the assignment of ions [8, 9]. 

  Tandem MS (MS/MS) provides information on fragment ions, which improves 

the dereplication and annotation of compounds. Data-dependent analysis using 

tandem mass spectrometry (DDA or ddMS2) is an enhanced strategy for untargeted 

metabolomic and proteomic studies. Most abundant precursor ions in MS full scans 

are consequently selected for fragmentation and detection within the same injection 

by MS/MS [10, 11]. DDA strategy can provide additional information on fragment 

ions of target metabolites and can save time for the metabolite identification process. 

The workflow of a typical LC-MS-based untargeted metabolomic study consists 

of sample preparation, data acquisition, data preprocessing and data integration. For 

the experimental design of a large-scale metabolomic study, robust quality 

assurance (QA) should be taken with great care. Large cohorts of samples are often 

run in multiple batches. Retention times and intensities of LC-MS peaks may drift 

over time. To improve the reproducibility of LC-MS data, it is necessary to prepare 
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quality control (QC) samples periodically analyzed along an analysis sequence and 

across batches. QC samples are distributed from a QC pool by mixing an equal 

small aliquot of all biological samples, thus all QC samples share the same 

metabolome composition and are representative of the sample matrix in real 

samples. 

Signal correction is a required step of data preprocessing in untargeted 

metabolomics. Unlike targeted approaches, no internal or external standard is 

available for signal correction for all types of metabolites and even chemical 

unknowns. In this case, data from QC samples are useful for signal correction of 

samples within a batch and samples across batches at different time points. A 

univariate algorithm, QC-based robust LOESS (local estimated scatterplot 

smoothing) signal correction (QC-RLSC) can be applied for removing the 

instrumental biases. This method corrects MS responses of a metabolic feature in 

an analysis sample by interpolating the temporal shift of that feature in its 

neighboring QC samples (Figure 1.2) [12]. 
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Figure 1.2 Quality-control based robust LOESS signal correction (QC-RLSC) 

algorithm for a single metabolic feature in samples across analytical batches. A 

LOESS curve (upper panel) is fitted using data in QC samples (blue symbols) for 

signal correction of data (lower panel) in all other samples (red and green symbols). 

Circles, triangles and crosses represent samples in different batches.  
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For integrated data analysis, multivariate statistical methods are commonly used 

to deal with large sets of complex data. Principal component analysis (PCA) and 

partial least square—discriminant analysis (PLS-DA) are popular methods to find 

differences from metabolomic datasets. By using linear transformations, these 

methods perform dimensionality reduction to give a direct presentation of between-

class variations (Figure 1.3). PCA is an unsupervised clustering algorithm, and it 

works well when within-class variation is less than between-class variation. On the 

contrary, PLS-DA is a supervised method where the clustering is encoded with class 

membership of samples [13]. 

 

 

Figure 1.3 A principal component analysis (PCA) plot. 
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Currently, metabolomic analysis can also be achieved by using R packages. Since 

the development of XCMS in 2006 by the Scripps Research Institute [14], several 

packages have been released for peak picking, alignment, and also statistical 

analysis [15, 16]. The R package “MetaX” (metax.genomics.cn [17]) was 

developed to achieve univariate and multivariate analyses, including PCA, PLS-

DA and significant feature selection. 

Online databases are used to perform compound identification by searching the 

accurate m/z values from high resolution MS and MS/MS. Popular databases 

including METLIN (metlin.scripps.edu) [18] and HMDB (the Human Metabolome 

Database, hmdb.ca) [19] provide metabolite search from molecular ions and their 

MS/MS fragment ions within the range of known human metabolites. 

Metaboanalyst (metaboanalyst.ca) [20] is a comprehensive online platform which 

provides statistical analysis, biomarker analysis and integrated pathway analysis. 

 

1.2.2 General workflow of LC-MS-based targeted metabolomics 

LC-MS-based targeted metabolomics analysis is often conducted using MS/MS 

such as selected reaction monitoring (SRM), multiple reaction monitoring (MRM) 

or parallel reaction monitoring (PRM) modes. In triple quadrupole mass 
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spectrometers, precursor ions of metabolites are selected in the first quadrupole and 

fragmentated in the second quadrupole. The resulted product ions are selected in 

the third quadrupole and detected. The MRM transition parameters are decided 

based on the metabolite standards, and the acquisition times are adjusted to ensure 

good MS responses. By this strategy, targeted metabolites can be detected with high 

sensitivity and selectivity [21, 22]. In PRM mode, the third quadrupole of a triple 

quadrupole mass spectrometer is replaced with an Orbitrap analyzer, which enables 

high-resolution and rapid profiling of fragmentation pattern of a targeted metabolic 

feature. PRM mode is commonly used as an auxiliary metabolite identification 

approach in addition to full scan mode in untargeted metabolomics. 

The type of LC column used in targeted metabolomics is also optimized 

according to the polarity of predetermined metabolites. Reverse-phase (RP) LC 

columns are widely used in LC-MS for detecting non-polar and weakly polar 

compounds [23]. Common RP columns are equipped with C18 or C8-bonded silica 

stationary phase, and are suitable for the analysis of a wide range of metabolites 

[24]. In RPLC, metabolites are less retained on C8 columns than on C18 columns. 

C8 columns are more suitable for highly non-polar metabolites for a better LC 

separation and a shorter analysis time [25]. However, polar and ionic compounds 

are difficult to be retained on RP columns.  
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Hydrophilic interaction liquid chromatography (HILIC) is an alternative to 

RPLC for the separation of separate polar analytes. HILIC columns are equipped 

with a hydrophilic stationary phase such as amino or amide groups, and are operated 

with a high proportion of organic mobile phase [23, 24]. The mobile phase 

composition is advantageous when coupled to MS, because increased organic 

solvent proportion can enhance the ionization efficiency and thus the sensitivity of 

detection [26]. This approach has emerged into a widely used technique in targeted 

metabolomic profiling of polar metabolites, such as amino acids and nucleosides 

[23].  

 

1.3 Metabolomics and lipidomics in cancer 

Over the recent decade, cancer has been increasingly recognized as a metabolic 

disease [27, 28]. Dysregulated metabolism has been considered as an important 

hallmark of cancer, and the central role of metabolites in disease development has 

been revealed [29, 30]. Due to the rapid technological advances in metabolomics, 

novel and in-depth insights have been introduced into the discovery of metabolic 

biomarkers and dysregulated metabolism in cancers [2, 30]. 

  Metabolomics is the comprehensive assessment of levels of a broad range of 

metabolites in biological systems [7, 30]. Starting from the dysregulated glycolysis 
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metabolism commonly known as the Warburg effect [31], more metabolic 

biomarkers and pathways have been discovered to be key regulators and therapeutic 

targets for cancer [32, 33]. Accumulation of certain metabolites, including 

glutamine, asparagine, choline etc., was discovered to have tumorigenic effects. 

These upregulated oncometabolites were correlated with glutaminolysis and one-

carbon metabolism. Metabolomic profiling has provided new information on 

metabolic phenotypes of cancer that could optimize therapy methods on cancers 

[30]. 

Lipidomic profiling is a powerful tool to reveal the aberrant lipid metabolism in 

patients of many types of cancer. In most cancer cells and tissues, the lipid 

metabolism is elevated and reprogrammed [34, 35]. There have been reports of 

metabolomic studies on potential lipid biomarkers for prostate, breast and ovarian 

cancers [36, 37]. However, the trend of dysregulation on certain lipid class varies 

from type to type. For example, phosphatidylcholines (PC) significantly increased 

in human breast cancer tissues as reported by Kim et al. [38] Another study on 

phospholipid profiling showed decreased PC levels in human breast cancer cells 

[39]. 

Through integration with proteomics or transcriptomics, interconnected 

metabolic networks can be constructed to better depict the perturbations on 
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metabolites and enzymes [6, 7, 40]. Such multi-omics approaches have been widely 

applied in the research of metabolism of various human cancers, including lung 

[41], breast [42], kidney [43], pancreas [44], and gastric cardia cancers [45]. 

 

1.3.1 Methodology in clinical metabolomics research 

Clinical metabolomics research deals with statistical differences between the 

patient group and the control group. To perform a successful metabolomics study, 

demographics of the cohorts, proper sample collection and storage, and consistent 

sample preparation across batches should be taken into consideration [46-48]. 

Collection of biofluids should follow standard procedures and be followed by 

immediate storage at –80˚C or in liquid nitrogen [48]. For tissue metabolomics, 

matched normal tissue samples from the same patient are often the best controls of 

pathological tissues (e.g. tumors), for individual demographic variations are 

removed [49]. 

The common method for metabolite extraction in clinical samples is organic 

solvent-based protein precipitation. Solvents and solvent mixtures with different 

polarities, for example methanol, acetonitrile and chloroform, yield different 

extraction recoveries for metabolites and precipitation efficiencies for proteins [4]. 

In some clinical research where available amounts of samples are limited, more 
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careful sample preparation procedures are required. In recent years, there has been 

a trend of accomplishing the extraction of polar and hydrophobic metabolites in a 

single step, in order to reduce sample preparation time for higher throughput [4]. 

Chen et al. [50] developed a simultaneous extraction method for both metabolomics 

and lipidomics analysis by using a three-component solvent mixture of water, 

methanol and methyl tert-butyl ether (MTBE). In this procedure, the solvent 

mixture eventually separates into two layers, namely the upper organic phase and 

the lower hydrophilic phase. For metabolomic analysis, supernatants from two 

layers were combined to form injection samples. For lipidomics, only the upper 

organic phase was analyzed. This method is suitable for a comprehensive 

metabolomic analysis approach and is taken as a reference in the experimental 

design of this research project. 

 

1.3.2 Metabolomics and lipidomics in esophageal cancer research 

Esophageal cancer is the cancer that takes place in esophagus, the tube that connects 

the throat and the stomach. It is one of the most common causes of death due to 

cancer worldwide, ranking fifth for men and eighth for women [51]. According to 

statistics by World Health Organization (WHO), esophageal cancer is responsible 

for 509,000 deaths in 2018, ranking sixth in mortality. China exhibits an especially 
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high mortality rate with over 283,000 annual deaths, accounting for over half of all 

cases worldwide [52]. Almost all cases of esophageal cancer in China are 

histologically esophageal squamous cell carcinoma (ESCC), of which the risk 

factors and pathological mechanism have not been fully elucidated [53].  

The American Joint Committee on Cancer (AJCC) has been maintaining a guide 

on the staging on cancer of different human organisms. According to the recent 

version, the 7th edition of the AJCC Cancer Staging Manual, the staging is carried 

out based on the pathologic tumor, node and metastasis (TNM) system. The T 

degree (Tis, T1—T4) indicates the invasion of tumor. The N degree indicates 

metastasis of tumor to regional lymph nodes and is designated as N0 (no lymph 

node metastasis), N1 (1 or 2 nodes), N2 (3 to 6 nodes) and N3 (7 nodes or above). 

The M degree refers to whether the tumor has undergone distant metastasis (M1) 

or not (M0). Besides, the G degree denotes the histological grade of tumor 

differentiation, where a lower G degree indicates a poorly differentiated tumor. In 

the staging of ESCC, all the T, N, M, G degrees as well as the location of tumor are 

taken into consideration [54]. The detailed stage grouping is summarized in Table 

1.2.  
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Table 1.2 Stage grouping of human esophageal squamous cell carcinoma [54]  

Stage T N M G Location 

0 is1 0 0 1 Any 

IA 1 0 0 1 Any 

IB 1 0 0 2–3 Any 

 2–3 0 0 1 Lower 

IIA 2–3 0 0 1 Upper, middle 

 2–3 0 0 2–3 Lower 

IIB 2–3 0 0 2–3 Upper, middle 

 1–2 1 0 Any Any 

IIIA 1–2 2 0 Any Any 

 3 1 0 Any Any 

 4a 0 0 Any Any 

IIIB 3 2 0 Any Any 

IIIC 4a 1–2 0 Any Any 

 4b Any 0 Any Any 

 Any 3 0 Any Any 

IV Any Any 1 Any Any 

 

According to clinical statistics, over 70% of the ESCC patients were diagnosed 

at a late stage, which resulted in a poor 5-year survival rate of below 40% [51]. 

 

1 is: tumor in situ. 
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However, only fewer than 30% of all diagnosed ESCC patients are in an early stage 

[51, 55, 56]. Therefore, to improve the survival rate of esophageal cancer patients, 

early screening is in great and urgent need. 

Most of the esophageal cancer metabolomics studies focused on plasma, serum 

and urine. Some studies took clinical samples from blood of patients and normal 

control volunteers [55, 57-59], while other studies used urinary samples [60, 61]. 

Statistical analysis has shown that plasma and urinary metabolomes in esophageal 

cancer patients and in normal controls were significantly differentiated. Wang et al. 

[59] has found that in esophageal cancer patients, fatty acid biosynthesis, 

glycerophospholipid metabolism and choline metabolism were disturbed. These 

pathways are closely related with lipid metabolism. 

The key link of early diagnosis is to perform staging based on metabolome 

profiles. Recent research has made progress on esophageal cancer staging based on 

serum metabolome and urinary metabolome [59, 60]. In these works, normal 

controls, patients at an early stage, and patients at an advanced stage could be 

clearly separated in a statistical model.  

However, in-depth mechanism of esophageal cancer-related metabolomics is 

still insufficiently understood. Although some blood and urinary biomarkers were 

found in previous studies, tissue sample-based metabolomic research was rarely 
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performed. Metabolic profiles of biofluid samples could be affected by 

environmental factors, and may not directly reflect the pathological mechanism [62]. 

Therefore, to widen the reach of esophageal cancer-related studies, and to obtain 

direct information on the development of cancer, it is necessary to perform tissue 

metabolomics. 

 

1.3.3 Metabolomics and lipidomics in lung cancer research 

Lung cancer is the leading cause of cancer-related mortality in the world. According 

to WHO estimation as of 2018, the numbers of annual new cases and deaths of lung 

cancer have reached 2.09 million and 1.76 million respectively [52]. Late-stage 

lung cancer patients with metastasis into the pleural space have a poor five-year 

survival rate of 15.9% [63, 64].  

As the most common type of cancers worldwide, lung cancer has attracted much 

concern of metabolomic research. More than 200 biomarkers have been reported in 

previous metabolomic studies using various sample types, including blood, urine, 

tissue, and other biofluids [48]. Levels of glycine were found to be reduced in tissue 

and serum of lung cancer patients, which may relate to an accelerated synthesis of 

DNA [65, 66]. 

For late-stage lung cancer patients, exudative malignant pleural effusion (MPE) 
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is an important hallmark. In recent years, researchers have tried to characterize the 

metabolic profiles of MPE of lung cancer patients to discriminate from benign 

pleural effusion (BPE) using various techniques, including GC-MS [67, 68], LC-

MS [69], and NMR spectroscopy [70]. However, the applications of GC-MS were 

only limited to the analysis of volatile organic metabolites in those studies. Zennaro 

et al. conducted 1H-NMR spectroscopy-based metabolomics to differentiate the 

MPE and BPE. Although they found that the major differential spectra were in the 

regions of lipids and branched amino acids, the specific metabolite biomarkers were 

not reported [71]. Previous LC-MS studies suggested that lipids in MPE, such as 

fatty acids and sphingolipids, have good diagnostic potential for lung cancer [69, 

72]. However, the sample extraction method used by Lam et al. has not been well 

optimized to fully cover the lipidome [69, 72]. Integration of metabolomic and 

lipidomic profiling may provide wider coverage of metabolites and discover novel 

biomarkers for cancer diagnosis. 
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1.4 Aims of the project 

The overall objective of this study is to comprehensively characterize the metabolic 

dysregulation in esophageal cancer and lung cancer by using mass spectrometry-

based metabolomics and lipidomics techniques, so as to identify novel diagnostic 

metabolite biomarkers, elucidate metabolic pathological mechanisms, and 

discovery potential enzymatic targets. The detailed objectives are as follows: 

(1) To characterize the metabolic dysregulation in esophageal cancer tissue by using 

global metabolomics and lipidomics (Chapter 2); 

(2) To validate the perturbed metabolic pathways in esophageal cancer tissue by 

using targeted metabolomics and proteomics (Chapter 3); 

(3) To search for plasma metabolite biomarkers, especially tumor-derived 

biomarkers that directly reflect the pathogenesis of esophageal cancer (Chapter 4); 

(4) And to discover the potential biomarkers and dysregulated metabolic pathways 

in malignant pleural effusion of lung cancer patients (Chapter 5). 
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Chapter 2.  Global metabolomic and lipidomic analysis of human 

esophageal cancer tissue 

 

2.1 Introduction 

Esophageal squamous cell carcinoma (ESCC) is one of the most common cancers 

worldwide, and is a profound cancer type among Chinese cancer patients [51, 52]. 

In the recent years, metabolic reprogramming has been recognized as a hallmark of 

cancers, and dysregulated metabolites were found to play a key role in cancer 

development [30]. Metabolomic and lipidomic profilings have already made great 

contributions to discover the dysregulated metabolism in ESCC patients and to 

identify potential therapeutic targets for ESCC [55, 59, 60]. In metabolomic and 

lipidomic studies, HPLC-MS is a powerful and the most popular technique applied. 

However, there remain challenges on the research of ESCC. Dysregulated 

metabolic mechanisms of ESCC have not been fully revealed, and new biomarkers 

for clinical early diagnosis are yet to be discovered to improve the survival rate of 

ESCC patients [53, 55]. Moreover, a comprehensive metabolomics study on tissue 

samples is still in need, in order to provide direct evidences of disturbed metabolism 

of ESCC.  
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The objective of this chapter is to characterize the metabolic dysregulation in 

ESCC tumors by using global metabolomics and lipidomics, so as to search for 

potential diagnostic metabolite biomarkers and uncover the dysregulated metabolic 

pathways in ESCC. 

 

2.2 Materials and methods 

2.2.1 Chemical and reagents 

Solvents, including HPLC grade methanol, acetonitrile (ACN), isopropanol (IPA), 

and methyl-tert-butyl ether (MTBE) were purchased from Merck (Darmstadt, 

Germany). Ultrapure water was produced by a Milli-Q system (Millipore, Milford, 

MA, USA). Formic acid and ammonium formate (HPLC grade) were purchased 

from Sigma-Aldrich (St. Louis, MO, USA). The internal standards, 4-chloro-

phenylalanine (4-Cl-Phe) was purchased from Sigma-Aldrich, and lipid 

PC(19:0/19:0) was purchased from Avanti (Alabaster, Alabama, USA). 

 

2.2.2 Clinical information 

Clinical samples were obtained from the Biological Sample Bank of Zhejiang 

Cancer Hospital, Hangzhou, China. Tissue samples were collected as surgical 

specimens from 85 ESCC patients (male/female: 73/12) between the age of 43 and 
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78. Apart from tumor samples, the surrounding tissues alongside resected 2 cm 

away from the edge of the tumor were taken as adjacent normal tissue samples. The 

tissue samples were stored at –80˚C immediately until analysis. Ethics approval 

was obtained from the Ethics Committee of Zhejiang Cancer Hospital.  

 

2.2.3 Sample preparation 

The metabolite extraction procedure for global metabolomics and lipidomics is 

modified from Chen et al. [50] Around 15 mg of tissue was taken from each sample 

under dry ice cooling, and the exact weights were recorded. Each piece of tissue 

was mixed with 300 μL of methanol in homogenization tubes and then 

homogenized with stainless steel beads. After vortex, 1 mL of MTBE was added 

into the mixture. The samples were incubated for one hour at room temperature in 

a shaker. Subsequently, 300 μL of water was added and the samples were vortexed 

for 30 seconds. Then the samples were incubated for 10 min on ice and centrifuged 

at 14000 × g for 10 min at 4˚C. As for this step, the protein precipitation was 

finished and the supernatants were separated into two layers: the upper organic 

phase and the lower hydrophilic phase, with an approximate ratio of 2:1 (v/v). 

For metabolomic analysis, 400 μL from the upper organic phase and 200 μL from 

the lower aqueous phase of the same tissue were combined. The supernatants were 
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dried down in a vacuum concentrator (N-BIOTEK) at 8˚C, and stored at –20˚C 

before reconstitution. In reconstitution, internal standards were added in order to 

monitor the instrumental error in m/z values of the Orbitrap analyzer. The solution 

of reconstitution was 5 μg/mL 4-Cl-Phe in methanol/water (1:4, v/v). For lipidomic 

analysis, only 400 μL from the upper organic phase were collected and dried in a 

vacuum concentrator. The solution of reconstitution was 5 μg/mL PC(19:0/19:0) in 

ACN/IPA/water (65:30:5, v/v). 

Quality control (QC) samples were made by mixing equal volumes of extracts of 

paired tumor and normal adjacent tissue samples. Individual patient samples and 

QC samples were randomly separated into batches, and MS analysis of all batches 

was accomplished in three months. 

 

2.2.4 LC-MS analysis 

Untargeted metabolomic profiling analysis was carried out on an UltiMate 3000 

UPLC system (Thermo Fisher Scientific, Waltham MA, USA) coupled to a Q 

Exactive Orbitrap mass spectrometer (Thermo Fisher Scientific). A Waters 

(Milford MA, USA) ACQUITY UPLC HSS T3 Column (1.8 µm, 2.1 mm i.d. × 

100 mm) was used for LC separation. The mobile phases were water containing 

0.1% (v/v) formic acid (A) and pure ACN (B). The flow rate was 0.3 mL/min. 
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Injection volume was 5 µL. The gradient started from 2% B at 0 min, kept for 2 

min, raised linearly to 100% at 21 min, kept at 100% B until 23 min, returned to 2% 

B in 0.1 min and equilibrated for 2 min. The spray voltage was 3.5 kV in ESI+ 

mode and 2.5 kV in ESI– mode. The ion transfer tube temperature and vaporizer 

temperature were set at 350˚C and 320˚C, respectively. The sheath gas and aux gas 

were 40 Arb and 8 Arb respectively. In both ESI+ and ESI– full scan modes, the 

mass range of m/z was set to 70—1000 and mass resolution to 70000. Samples were 

randomized during the LC-MS analysis.  

  Global data-dependent MS/MS (ddMS2) lipidomic profiling analysis was 

performed on a Thermo (Waltham MA, USA) UltiMate 3000 UPLC system 

combined to a Thermo Orbitrap Fusion MS system. A Waters (Milford MA, USA) 

ACQUITY UPLC BEH C18 Column (1.8 µm, 2.1 mm ×100 mm) was applied to 

perform the chromatographic separation. The chromatographic parameters were 

modified based on a method published by Bird et al. [73] and optimized in our 

research group [74]. The mobile phases were ACN/water 6:4 (v/v) (A) and 

IPA/ACN 9:1 (v/v) (B) both containing 0.1% (v/v) formic acid and 10 mM 

ammonium formate. The flow rate was 0.26 mL/min. Injection volume was 5 µL. 

The gradient started from 30% B at 0 min, kept for 1 min, raised linearly to 45% B 

at 2 min, to 70% B at 7 min, to 85% B at 9 min, to 100% B at 17 min and kept until 
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19 min, then returned to 30% B in 1 min and equilibrated for another 3 min. Spray 

voltage was set to 3.0 kV in both ESI+ and ESI– modes. Ion transfer tube 

temperature was 285˚C, vaporizer temperature was 300˚C, sheath gas was 50 Arb, 

aux gas was 15 Arb, and sweep gas was 1 Arb. Top 20 peaks on each precursor 

mass spectrum were selected for HCD with stepped collision energies of 25%±5%. 

The MS scan range for the precursor ions was m/z 100—1200 with mass resolution 

of 120000. The mass resolution for the product ions was set at 30000. 

In order to monitor the reproducibility of the LC-MS system, aliquots of extracts 

from paired tumor and adjacent normal tissue samples were mixed to prepare 

quality control (QC) samples. One QC sample and one solvent blank were analyzed 

between every set of 12 injections.  

For metabolite identification using the parallel reaction monitoring (PRM) mode, 

QC samples and commercially available standards were analyzed on the above-

mentioned Thermo Q Exactive Orbitrap MS system with mass resolution of 17500 

and scan speed of 12 PRMs per second. Stepped collision energies of the higher-

energy collision-induced dissociation (HCD) were 10, 20 and 40 eV. 

 

2.2.5 Data analysis 
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The acquired raw data from metabolomic profiling were first converted to mzXML 

or CDF format for data pretreatment. Procedures of the metabolomic profiling data 

pretreatment, such as peak picking, alignment, annotation, and peak area 

normalization, were performed by the R package “XCMS” [14]. The acquired raw 

data from lipidomic profiling were preprocessed by Thermo LipidSearch software 

for peak picking, retention time correction, peak alignment, and lipid identification. 

QC-based robust LOESS signal correction (QC-RLSC) method [12] was applied to 

normalize the peak areas of metabolites based on QC samples, in order to correct 

signal variations of the LC-MS system. The obtained peak area values were further 

normalized to their corresponding sample weight. 

Metabolic feature filtering, multivariate and univariate statistical analyses were 

performed using the R package “MetaX”. Feature filtering were conducted using 

default parameters of the MetaX package [17]. Features with detection rate <20% 

in experimental samples, or <50% in QC samples, or with RSD >30% in QC 

samples were removed from further analysis. Principal component analysis (PCA) 

and partial least squares discriminant analysis (PLS-DA) were carried out to 

visualize the differential clustering of tumor and normal tissue groups. Variable 

importance in projection (VIP) values for each metabolite were calculated based on 

PLS-DA model to identify differential metabolites. Student t-tests were applied to 
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measure the statistical significance of each individual metabolite. The resulted p-

values were adjusted by Benjamini-Hochberg false discovery rate (FDR) method 

[75]. An FDR-adjusted p-value <0.05 was considered significant. Statistically 

significant features with VIP >1 and fold change (FC) >2 or <0.5 were selected as 

potential differential metabolites. Receiver operating characteristic (ROC) analysis 

was used to assess the diagnostic ability of the metabolites.  

Identification of the differential polar metabolites were achieved by matching 

their high-resolution MS/MS spectra with online databases HMDB [19] and 

METLIN [18]. Chemical standards of the metabolites were also used to validate the 

identification results by matching their retention times (RT) and MS/MS spectra in 

PRM mode. Identification of lipids was achieved by the built-in database in the 

LipidSearch software using accurate m/z values of ddMS2. The metabolite 

candidates in the database contains only lipid-related molecules, including 

phospholipids, sphingolipids, glycerides and other lipids. Parameters for peak 

alignment were: retention time tolerance, 0.35 min; m-score threshold, 5.0. 

Metabolic pathway analysis was performed using the online software 

MetaboAnalyst [20]. 

 

2.3 Results and discussion 
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Due to the large difference in polarities of polar metabolites and lipids, 

metabolomic and lipidomic analyses are often conducted separately [4]. In this 

study, different solvents were used in extraction methods and LC gradients: water, 

methanol and ACN for metabolomics; and organic solvents containing IPA or 

MTBE for lipidomics. Consequently, data analysis of the two parts were performed 

separately. In each of the following subsections, results of the metabolomic analysis 

will be presented, followed by results of the lipidomic analysis. 

 

2.3.1 Global metabolomic and lipidomic shift in ESCC tumor 

In total, 5534 features in ESI+ mode and 3040 in ESI– mode were selected in the 

raw data of global metabolomic profiling. The data in the intensity table were 

divided by the corresponding sample weight (in mg) to correct the influence of 

unequal sample amount. After peak filtering, 3377 metabolic features in ESI+ mode 

and 2014 in ESI– mode were obtained from the MS data.  

Two multivariate statistical methods were performed for global metabolomics: 

PCA and PLS-DA. PCA was used to show the clustering of samples of many groups. 

The two-dimensional PCA plots (Figure 2.1) of tumor tissues, normal adjacent 

tissues and QC samples show an even distribution of samples from different batches 

on the plane of the two major principal components and a concentrated clustering 
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of all QC samples, which proves the normalization pretreatment of data was 

effective to reduce the deviation between analysis batches. On the other hand, PLS-

DA optimizes the categorization of two sample groups. PLS-DA score plots showed 

clear differences between tumors and normal adjacent tissues (Figure 2.2A & C). 

The models were further validated by 1000-time permutation tests (Figure 2.2B & 

D). Coefficient of determination (R2Y) and coefficient of predictivity (Q2Y) are two 

important indices in PLS-DA models. R2Y explains how well the model is overall 

fitted, with value closer to 1 indicating better regression. Q2Y explains how well 

the model is fitted excluding the grouping information factor, with value closer to 

the R2Y of the same model showing less extent of overfitting. In our results, high 

coefficients of determination and predictivity were observed (R2Y=0.880, 

Q2Y=0.815 in ESI+ mode and R2Y=0.859, Q2Y=0.796 in ESI– mode), showing 

high quality of the models. 
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Figure 2.1 Principal component analysis (PCA) score plots of untargeted 

metabolomic profiling data showing the differential clustering between tumor (T) 

and normal adjacent (N) tissue sample groups. 
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Figure 2.2 Partial least square discriminant analysis (PLS-DA) score plots and 

permutation plots reflect global metabolic shifts between tumor (T) tissues and 

adjacent normal (N) tissues in (A,B) ESI+ mode and (C,D) ESI– mode. 
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Volcano plots give a direct visualization of significantly changed metabolic 

features. In Figure 2.3, the metabolomic features are plotted with the log value of 

the fold change in intensities between groups, against the negative log value of the 

FDR-adjusted p-value. There are 697 significant metabolomic features found in 

ESI+ mode and 350 in ESI– mode, when the threshold for fold change is set at >2 

or <0.5 and the FDR-adjusted p-value threshold at <0.05. Results from PLS-DA 

models and volcano plots have indicated a global metabolomic shift in ESCC 

tissues.  

 

 

Figure 2.3 Volcano plots of metabolomics data in (A) ESI+ and (B) ESI– modes. 

Red dots indicate significantly perturbed features with a fold change >2 or <0.5 and 

an FDR-adjusted p-value lower than 0.05. 
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For global lipidomic profiling, the raw data were first preprocessed for lipid 

identification and feature filtering. In total, 1417 features in ESI+ mode and 478 in 

ESI– mode were identified by the LipidSearch database. Two-dimensional PCA 

plots are shown in Figure 2.4. The plots show an even distribution of samples from 

different batches on the plane of the two major principal components and a 

concentrated clustering of all QC samples. 

To identify the differential lipidomic profiles between tumors and normal 

adjacent tissues, multivariate PLS-DA models (Figure 2.5) were built based on the 

obtained features, and cross-validated by 1000-time permutation tests. The 

lipidomic profiles between tumors and normal adjacent tissues exhibited a clear 

distinction with R2Y >0.70 and Q2Y >0.67. Volcano plots present the differential 

lipids in ESCC tumor in red dots. As shown in Figure 2.6, 170 peaks in ESI+ mode 

and 52 in ESI– mode were marked as significant features with a fold change >2 or 

<0.5 and a p-value below 0.05 after FDR correction. 
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Figure 2.4 PCA plots for global lipidomic profiling data in (A) ESI+ and (B) ESI– 

modes showing the differential clustering between tumor (T) and normal adjacent 

(N) tissue sample groups. 
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Figure 2.5 PLS-DA score plots (A,C) and permutation plots (B,D) reflect global 

metabolic shifts between lipid metabolomes in tumor (T) tissues and normal 

adjacent (N) tissues. (A,B) ESI+ mode: R2Y=0.797, Q2Y=0.751. (C,D) ESI– 

mode: R2Y=0.702, Q2Y=0.673. PLS-DA: partial least square discriminant analysis; 

PC1/2: principal components; Cor: correlation. 
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Figure 2.6 Volcano plots of lipidomics data in (A) ESI+ and (B) ESI– modes. Red 

dots indicate significant features with a fold change over 2 or below 0.5 and an 

FDR-adjusted p-value lower than 0.05. 

 

2.3.2 Perturbed metabolite and lipid in ESCC tumor 

A total of 41 metabolites were found to be differentiated between ESCC tumors and 

normal adjacent tissues (Table 2.1). Among them, five metabolites were identified 

in both ESI+ and ESI- modes. Significant upregulations of these metabolites were 

observed in both modes, indicating a good consistency between the modes and a 

validation of the results. For convenience, only the data obtained from ESI+ mode 

of these overlapping results was used in the following plots. 

As shown in the heatmap (Figure 2.7), 37 out of the 41 perturbed metabolites 

were upregulated in tumor, with most of them belonging to the categories of amino 

acids and analogs, cholines, nucleosides/nucleotides/nucleobases, and dipeptides. 
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The metabolites were significantly dysregulated in tumor and had a clearly 

differentiated distribution from normal adjacent tissues (Figure 2.8). Kynurenine 

was the metabolite with the highest upregulation trend in ESCC tumors (FC=12.14). 

 

 

Figure 2.7 Heatmap of the differential biomarkers in normal adjacent tissues and 

tumors.
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Figure 2.8 (A) Barplot showing fold changes and (B) z-score plot showing intensity distributions of the potential biomarkers. ** p <0.01; *** p 

<0.001; **** p<0.0001. 
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Table 2.1 List of potential biomarkers discovered by untargeted metabolomics 

profiling 

Probable assignment m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

Kynurenine +209.0915 2.81 12.14 1.16E-39 0.981 

Spermidine +146.1648 2.17 4.23 1.22E-33 0.971 

Citicoline a +489.1134 2.65 8.36 3.49E-24 0.954 

Deoxyinosine -251.0783 2.86 5.98 3.20E-32 0.950 

Glutamic acid +148.0600 1.44 2.04 1.43E-22 0.942 

S-Adenosylmethionine +399.1435 2.38 7.32 4.26E-24 0.934 

Allothreonine +120.0652 1.65 2.40 6.24E-29 0.931 

Alloisoleucine +132.1016 1.58 2.12 5.01E-25 0.923 

N1-Acetylspermidine +188.1753 2.24 5.57 5.74E-24 0.910 

Uracil +113.0343 2.01 3.43 2.39E-24 0.909 

Spermine +203.2226 1.92 3.79 4.99E-21 0.903 

Dihydrouracil +115.0500 1.71 2.90 1.45E-21 0.900 

Histidine -154.0608 1.70 2.33 4.93E-16 0.899 

Citicoline a -533.1052 2.77 5.89 5.08E-15 0.897 

Gamma-Glu-Leu a -259.1298 2.63 5.14 1.26E-17 0.892 

Gamma-Glu-Leu a +261.1436 2.01 4.76 3.81E-19 0.892 

Prolyl-Arginine +272.1710 2.50 0.20 5.48E-18 0.876 

Phenylalanyl-Glutamate +295.1282 1.83 4.83 4.20E-16 0.876 

Gluconic acid -195.0500 1.98 2.56 4.52E-18 0.874 

Xanthine a +153.0403 1.91 4.39 6.35E-18 0.870 

Myoinositol -179.0550 2.01 0.40 6.88E-15 0.868 

Asymmetric 

dimethylarginine 
+203.1498 1.50 2.78 2.01E-16 0.861 

Glycerophosphocholine +258.1094 1.99 6.03 1.14E-16 0.861 

Tryptophan +205.0967 1.13 2.04 9.85E-10 0.857 

Valyl-Glutamate +247.1282 1.77 5.64 4.61E-12 0.848 

Aspartic acid a +134.0444 1.32 2.10 1.26E-14 0.845 
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Probable assignment m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

Xanthosine a -283.0683 2.10 4.29 6.54E-10 0.824 

N-Alpha-acetyllysine +189.1229 1.26 2.39 5.70E-13 0.822 

Xanthosine a +285.0822 1.82 4.17 1.72E-10 0.815 

Maltotriose -503.1616 2.08 0.36 3.92E-12 0.814 

N-Epsilon-acetyllysine +189.1229 1.27 2.03 5.97E-13 0.814 

Aspartic acid a -132.0287 1.14 2.01 1.28E-05 0.797 

S-Adenosylhomocysteine +385.1278 0.94 2.00 6.72E-04 0.796 

Citrulline +176.1025 1.22 2.84 2.21E-10 0.794 

AMP -346.0555 1.94 4.45 1.60E-09 0.792 

Glutamyl-Tyrosine +311.1229 1.87 3.63 1.49E-08 0.785 

Phosphorylcholine +184.0729 1.19 2.93 3.06E-09 0.773 

Aminoadipic acid -160.0602 1.69 0.47 2.24E-09 0.766 

Glycyl-leucine +189.1230 1.27 2.35 4.91E-09 0.760 

2-Methylbutyroyl- 

carnitine 
+246.1693 1.35 3.48 1.41E-08 0.756 

5-Glutamylglycine -203.0664 1.20 2.19 1.49E-05 0.752 

Xanthine a -151.0247 1.76 5.57 3.62E-06 0.728 

Glycyl-Phenylalanine +223.1071 1.28 2.25 3.56E-07 0.725 

Citric acid -191.0187 1.29 2.48 1.85E-05 0.704 

Methionine sulfoxide +166.0529 1.22 3.25 3.50E-04 0.701 

Succinic acid -117.0178 1.03 2.69 1.23E-03 0.660 

a Potential biomarker discovered in both ESI+ and ESI- modes. 

 

The receiver operating characteristic (ROC) curve was used to evaluate the 

diagnostic ability of the potential biomarkers (Figure 2.9). In the ROC curve, the 

true positive rate is plotted against the false positive rate, and the area under curve 

(AUC) value is calculated to show the predictive ability of a binary classifier. An 



 

-43- 

AUC closer to 1 indicates better ability of prediction. For the list of potential 

biomarkers, univariate ROC analysis was performed by MetaboAnalyst, and the 

data was listed in Table 2.1. Dramatically upregulated kynurenine, spermidine and 

citicoline exhibited the highest diagnostic ability with top AUC values of 0.981, 

0.971 and 0.954 respectively. 

 

 

Figure 2.9 Receiver operating characteristic (ROC) curves and boxplots of peak 

intensity distribution showing diagnostic ability of potential biomarkers with top 

three AUC values. **** p <0.0001. 
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The top five features with the highest significance are kynurenine, spermidine, 

citicoline, deoxyinosine, and glutamate. By using this panel of metabolites with a 

PLS model, multivariate ROC analysis yielded an AUC value of 0.99 (95% 

confidence interval 0.972—1); and the false positive rate (normal predicted as 

tumor) reduced to zero (Figure 2.10 and Table 2.2). These five metabolites showed 

excellent discriminating ability between tumors and normal adjacent tissues. 

 

 

Figure 2.10 Diagnostic capability of a selected panel of five metabolites 

(kynurenine, spermidine, citicoline, deoxyinosine, glutamate). (A) ROC curve; (B) 

prediction plot. 

 

  



 

-45- 

Table 2.2 Confusion matrix of cross-validation using a selected panel of five 

features 

 Normal tissue samples Tumor samples 

Predicted as normal 84 9 

Predicted as tumor 0 73 

 

To identify potential lipid biomarkers with high diagnostic capability, lipidomic 

features with detection rate (graded A, B, C or D) by LipidSearch lower than 50% 

were further excluded from the candidate list. Finally, 65 differential lipids were 

selected as potential lipid biomarkers, covering phospholipids, sphingolipids, 

glycerides and acylcarnitines. Major classes of upregulated lipids in tumors are 

phospholipids such as PC and PE, while downregulations are mostly found in 

triglycerides (TG). Their details are shown in Figure 2.11 and Table 2.3.  
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Figure 2.11 Distribution of potential lipid biomarkers in different lipid classes. 

Labels show numbers of biomarkers of each class. Phospholipids, sphingolipids, 

glycerides and other lipids are depicted in warm colors, greenish colors, blues, and 

purple respectively. Exploded/unexploded wedges represent 

downregulated/upregulated lipids. 
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Table 2.3 List of potential biomarkers discovered by untargeted lipidomics profiling 

Probable lipid annotation m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

CerG1(d18:1/24:1) +810.6817 1.76 6.62 2.64E-44 0.984 

PC(14:0/20:4) +754.5381 1.45 4.89 1.18E-27 0.962 

PC(14:0/14:0) +678.5068 1.98 15.47 3.12E-30 0.960 

CerG1(d18:1/16:0) +700.5722 1.67 8.44 7.11E-22 0.955 

PC(42:3) +868.6790 1.66 8.41 1.60E-31 0.951 

PC(18:2/22:6) +830.5694 1.33 3.94 1.73E-18 0.942 

PC(26:1/14:1) +842.6633 1.54 6.64 1.32E-28 0.939 

PC(26:1/11:4) +794.5694 1.22 3.16 8.20E-27 0.934 

PC(22:0/20:2) +870.6946 1.66 9.27 7.29E-28 0.933 

PI(16:0/20:4) +876.5597 1.02 2.25 4.12E-23 0.931 

AcCa(20:0) +456.4047 1.78 5.96 1.26E-21 0.922 

Cer(d18:1/24:2) +646.6133 1.16 2.83 3.04E-23 0.913 

AcCa(18:0) +428.3734 1.36 4.26 5.23E-18 0.909 

PC(14:0/22:5) +780.5538 1.25 3.61 7.37E-22 0.907 

Cer(d18:1/22:0) +622.6133 1.25 4.66 1.48E-13 0.907 

PC(32:2) +730.5381 1.43 4.82 3.06E-23 0.905 

PC(22:0/22:3) +896.7103 1.71 9.64 3.60E-22 0.902 

PI(18:0/20:2) -889.5812 1.54 5.86 2.01E-21 0.902 

PC(16:0/16:1) -776.5447 1.28 3.81 3.16E-20 0.901 

PC(24:0/11:4) +768.5538 1.18 3.30 1.81E-21 0.901 

PC(12:0e/18:0) +692.5589 1.41 5.87 2.45E-18 0.900 

PC(22:3/22:5) +886.6320 1.49 2.04 3.27E-17 0.899 

Cer(d18:1/24:1) +648.6289 1.07 2.86 6.79E-19 0.895 

PE(16:0/18:1) +718.5381 1.26 3.49 1.35E-11 0.894 

DG(16:0/18:1) +612.5562 1.15 3.09 1.58E-20 0.891 

PE(18:1/18:2) +742.5381 1.33 4.28 3.38E-17 0.889 

PC(18:4/16:1) +752.5225 1.31 4.23 3.01E-17 0.881 

Cer(d18:1/26:1) +676.6602 1.73 4.35 6.18E-19 0.880 

AcCa(20:1) +454.3891 1.48 3.27 1.64E-15 0.879 
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Probable lipid annotation m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

AcCa(16:0) +400.3421 1.17 3.41 7.29E-16 0.878 

LPC(18:1) +522.3554 1.11 3.17 8.99E-18 0.875 

PC(34:0e) +748.6215 1.01 2.43 1.10E-14 0.873 

PC(18:0e/22:6) +820.6215 1.06 2.74 1.01E-15 0.872 

PC(28:1/14:0) +872.7103 1.50 2.99 1.84E-18 0.871 

DG(18:1/22:4) +688.5875 1.13 2.92 7.02E-16 0.869 

PE(18:1/24:1) -826.6331 1.38 4.79 1.90E-17 0.866 

SM(d34:1+pO) +719.5698 1.08 3.02 2.57E-14 0.864 

PC(38:3e) +798.6371 1.09 3.29 3.01E-17 0.861 

PC(40:2p) +826.6684 1.23 2.72 1.72E-16 0.859 

DG(18:0/18:1) +640.5875 1.06 3.08 4.49E-12 0.859 

PS(18:0p/18:1) -772.5498 2.15 0.22 1.14E-13 0.857 

PE(18:0/22:4) +796.5851 1.10 2.71 9.92E-14 0.853 

DG(18:0/18:2) +638.5718 1.02 2.68 7.65E-17 0.853 

PC(16:1/18:2) +756.5538 1.16 2.66 6.39E-17 0.844 

CerG1(d18:1/24:0) +812.6974 1.40 9.74 5.88E-10 0.843 

PC(17:1/18:2) +770.5694 1.11 3.92 1.24E-13 0.842 

PC(18:1p/24:1) +854.6997 1.18 2.71 1.41E-14 0.840 

PC(42:5) +864.6477 1.15 3.36 1.09E-12 0.840 

PC(18:1/13:0) +718.5381 1.37 4.84 1.01E-15 0.836 

Cer(d18:1/20:0) +594.5820 1.05 4.92 4.74E-10 0.834 

PE(16:0/16:1) -688.4923 1.38 4.87 1.66E-13 0.834 

PI(18:0/18:2) +880.5910 1.00 2.77 3.15E-11 0.810 

PE(20:1/18:1) -770.5705 1.01 3.27 1.73E-10 0.810 

PI(18:0/18:1) -863.5655 1.15 3.29 5.61E-12 0.806 

PE(16:1/18:2) +714.5068 1.31 3.48 2.47E-11 0.806 

Cer(d18:2/26:1) +674.6446 1.22 13.84 5.42E-08 0.800 

PC(23:0/10:2) +744.5538 1.01 2.14 2.30E-11 0.774 

TG(4:0/16:0/18:1) +682.5980 1.40 0.14 4.18E-09 0.745 

TG(4:0/18:1/18:1) +708.6137 1.30 0.21 1.65E-07 0.738 

TG(6:0/16:0/18:1) +710.6293 1.30 0.23 1.89E-06 0.727 
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Probable lipid annotation m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

TG(10:0/18:1/18:2) +790.6919 1.24 0.21 7.35E-08 0.727 

TG(16:0/8:0/18:2) +736.6450 1.30 0.30 9.89E-07 0.723 

SM(d18:0/20:1) -803.6284 1.35 0.42 2.79E-06 0.719 

PE(16:0p/16:1) +674.5119 1.17 2.31 4.25E-06 0.705 

TG(4:0/16:0/18:2) +680.5824 1.10 0.23 1.51E-05 0.703 

 

As demonstrated in the heatmap (Figure 2.12), the potential biomarkers were 

distinctly distributed between the two groups. ROC analysis showed that several 

glucosylceramides (CerG1) and phosphatidylcholines (PC) showed excellent 

diagnostic capability with AUC values better than 0.95 (Figure 2.13; AUC and FC 

for all potential lipid biomarkers see Table 2.3). 
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Figure 2.12 Heatmap showing correlations between potential lipid biomarkers 

(rows) and samples (columns) of tumor (T, red) or normal adjacent (N, green) 

tissues. 
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Figure 2.13 Summary of potential lipid biomarkers with the highest diagnostic 

capabilities. 

 

2.3.3 Dysregulated metabolomic and lipidomic pathways in ESCC tumor 

As shown in the list of potential polar metabolite biomarkers (Figure 2.7 and Table 

2.1), these metabolites were mostly categorized to amino acids, nucleotides and 

nucleosides, dipeptides, and cholines. Interestingly, upstream or downstream 

metabolites of the above-mentioned strongly upregulated biomarkers were also 

detected to be significantly upregulated in ESCC tissues (tryptophan for kynurenine, 

spermine and acetylspermidine for spermidine, phosphorylcholine, 

glycerophosphocholine and PC lipids for citicoline), strongly implying 

dysregulations on the relevant metabolisms. 

Pathway impact overview plot (Figure 2.14) shows that the metabolism in ESCC 

tumor has altered the most for spermidine and spermine biosynthesis. Besides, 



 

-52- 

phosphatidylcholine biosynthesis, methionine mechanism (including betaine 

mechanism), and arginine and proline mechanism (including urea cycle) were also 

significantly dysregulated in tumor. 

 

 

Figure 2.14 Pathway impact overview of differential metabolites. 1. Spermidine 

and spermine biosynthesis; 2. Phosphatidylcholine biosynthesis; 3. Betaine 

metabolism; 4. Methionine metabolism; 5. Arginine and proline metabolism. 

Larger bubbles represent higher pathway impact scores; deeper colors of bubble 

represent lower p-values for pathway dysregulation.  
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Three polyamine congeners were found upregulated in ESCC tumors. 

Meanwhile, S-adenosylmethionine (SAM), a metabolite that provides substrates for 

polyamine biosynthesis [76], was also elevated in the tumors, indicating the strong 

activation of polyamine biosynthesis. Polyamines are essential molecules for cell 

growth and for cancer progression [77, 78]. Previous research has found that 

polyamines are upregulated in various types of cancer, and polyamine synthesis is 

a therapeutic target to inhibit cancer growth [78, 79]. Our results on polyamines are 

consistent with previous reports on other human cancers, and implied the 

therapeutic potential of polyamine biosynthesis on ESCC. 

The metabolite with the highest fold change (FC=12.14) in tumors is kynurenine, 

while the level of its upstream metabolite, tryptophan, is also over 2-fold 

upregulated of that in normal adjacent tissues. The drastic increase in 

kynurenine/tryptophan ratio in esophageal cancer is in accordance with reports on 

human gastric and cervical cancers [80, 81]. Such upregulation is reported to be 

directly resulted from the activated indoleamine 2,3-dioxygenase, an immuno-

suppressive enzyme that transforms tryptophan into kynurenine in the tryptophan 

metabolism. However, the mechanism in ESCC still needs further validation. 

Apart from tryptophan, several amino acids were also found upregulated in 

ESCC tumors. Amino acids are necessary for protein biosynthesis, and is usually 
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found elevated in tumor tissues [82]. Other research has revealed that glutamate is 

supportive for human pancreatic tumor growth [83]. Our result on esophageal 

cancer tissues is in line with previous research on amino acid metabolic pathways, 

which supports the activeness of protein biosynthesis towards cancer cell 

proliferation. 

There are a list of dipeptides identified to be significantly changed in ESCC 

tumor. Five out of eight potential dipeptide biomarkers consist of a glutamate group. 

Gamma-glutamyl-amino acids are biomolecules associated with glutathione 

recycling [84]. Elevated levels of glutamyl-amino acids as well as glutamate 

suggest raised oxidative stress in the tumor tissues. 

To further elucidate the possible mechanism in lipid metabolism in ESCC, we 

investigated the variation in distribution of fatty acyl (FA) chains. For lipids whose 

every FA chain was confirmed, their median FC distribution of FA chains was 

plotted in Figure 2.15. It is obvious to find that generally lipids with longer FA 

chains tended to be more upregulated in tumors, while those with medium FA 

chains (below C10) were downregulated. However, the myristoyl chain (14:0) was 

especially upregulated in tumor, with highest FC over 10-fold in PC(14:0/14:0). 

Intensity distributions of various FA chains were shown in Figure 2.16. The most 

common FA chains, namely palmitoyl (C16) and oleoyl (C18), showed the highest 
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abundances in PC and TG lipid classes. Some of the FA chain-specific alterations 

were associated with certain lipid classes. Majority of the upregulated ceramides 

and glucosylceramides contained a very long FA chain (above C20). And the 

upregulated lipids bearing myristoyl chains belonged mostly to the PC class. 

Downregulated lipids with medium FA chains were mostly TGs. Recent studies 

have shown that medium-chain triglycerides have immuno-restorative effect and 

promote the synthesis of serum albumin [85, 86]. This may imply that the decrease 

in abundance of medium-chain triglycerides is a signature of lipids in esophageal 

cancer tissues. 
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Figure 2.15 Fold change (FC) distribution of fatty acyl chains in all lipid classes. Each data point represents one lipid species. FC for each lipid 

species was calculated as the ratio of the median of tumors to that of normal adjacent tissue samples. 
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Figure 2.16 Relative intensities of lipids of (A) triglycerides, (B) ceramides 

/glucosylceramides, and (C) phosphatidylcholines detected in ESI+ mode with 

selected fatty acyl chains of various lengths in tumors and normal adjacent tissues. 
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2.4 Chapter summary 

Metabolomic profiling provides a direct and in-depth view of metabolic change in 

ESCC tissues. Lipidomics, supplement to small molecule metabolomics, is also an 

important approach in understanding the mechanism in tumor. By using univariate 

and multivariate statistical analysis, metabolomic and lipidomic profiles in ESCC 

tumors were clearly separated from normal adjacent tissues. A list of 41 potential 

polar metabolite biomarkers and 65 lipid biomarkers were identified in ESCC tumor 

tissue.  

ROC analysis was carried out to evaluate the diagnostic potential of perturbed 

metabolites. A select panel of five metabolites exhibited excellent predictive ability 

between tumors and normal tissues with an AUC value of 0.99.  

Pathway analysis has shown that polyamine, methionine, arginine and proline 

metabolisms were elevated, suggesting active amino acid biosynthesis in ESCC 

tumor. Increased levels of glutamyl-dipeptides and kynurenine/tryptophan ratio 

implied oxidative stress and immune-suppression. PC and PE are two major classes 

of phospholipids that were elevated in tumors compared with normal adjacent 

tissues. The results showed that a whole series of metabolites on the phospholipid 

biosynthesis pathway were strongly activated in tumor. In addition, medium chain 

triglycerides were mainly downregulated in ESCC tumor. As immuno-restorative 
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biomolecules, the reduction of medium chain TGs is a sign for immunosuppression 

in tumor. 

LC-MS-based global profiling has discovered the dysregulation of metabolites 

and given clues to aberrant metabolisms in ESCC tumor. In order to validate the 

perturbed metabolic pathways, targeted metabolomic and proteomic analyses were 

further carried out on ESCC tumors as discussed in the next chapter. 
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Chapter 3.  Validation of metabolic dysregulation in human 

esophageal cancer tissue using targeted metabolomics and 

proteomics 

 

3.1 Introduction 

Based on the global metabolomic and lipidomic profiling of ESCC tissue, a list of 

polar metabolites and lipids were selected as potential diagnostic biomarkers for 

ESCC, and a series of metabolic pathways including polyamine, methionine and 

phospholipid metabolisms were significantly upregulated in ESCC tumor. In this 

chapter, we focus on LC-MS-based targeted metabolomic and proteomic profiling 

analyses for the validation of dysregulated metabolites and metabolic pathways in 

ESCC tumors.  

The potential metabolomic biomarkers discovered from global metabolomic 

profiling in the previous chapter were validated by a targeted metabolomic 

approach. Moreover, as esophageal cancer patients in an advanced stage suffer from 

a poor 5-year survival rate, early diagnosis and staging has always been a key 

scheme. By correlating with pathological information of tumor and follow-up 

information on recurrence of the patients, prognostic abilities of the biomarkers 

were further discovered. 
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The other objective of this chapter is to validate the perturbations on metabolic 

pathways. For this purpose, metabolites and enzymes on the perturbed metabolic 

pathways identified in the previous chapter and on other associated pathways were 

monitored using targeted metabolomic and proteomic profiling.  

 

3.2 Materials and methods 

3.2.1 Chemical and reagents 

Milli-Q water and HPLC-grade solvents were used as described in the previous 

chapter (Section 2.2.1). Ammonium hydroxide (30% w/w) and ammonium acetate 

(HPLC grade) were purchased from Sigma-Aldrich (St. Louis, MO, USA). Isotopic 

labelled internal standards, including arginine-13C6 (Arg-13C6) and 

palmitoylcarnitine-d3 (CN(16:0)-d3) were purchased from Cambridge Isotope 

Laboratories (Tewksbury MA, USA). 

 

3.2.2 Clinical information 

Tumor samples and normal adjacent tissue samples were obtained from the 

Biological Sample Bank of Zhejiang Cancer Hospital, Hangzhou, China as 

described in the previous chapter (Section 2.2.2). Detailed demographic and clinical 

characteristics of the patients were listed in Table 3.1. In this chapter, patients were 
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categorized based on cancer stages as early-stage (Stage I+II, ES) and late-stage 

(Stage III, LS), or based on grades as low-grade (well-differentiated, LG) and high-

grade (moderately- and poorly-differentiated, HG) cases, or based on their 

recurrence status.  

Targeted metabolomics and proteomics studies were performed using a subset of 

patient samples where the demographic characteristics of the subsets were 

comparable. In large-scale targeted metabolomic analysis, paired tissue samples of 

subset A were used in the ESI+ mode analysis, and those of subset B in the ESI– 

mode analysis. Paired tissue samples of subset A were used in the analysis of free 

fatty acids and acyl coenzyme A species. 
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Table 3.1 Demographic and clinical characteristics of patients 

 Untargeted 

metabolomics 

discovery set 

(n=85) 

Targeted 

metabolomics 

subset A 

(n=76) 

Targeted 

metabolomics 

subset B 

(n=59) 

Proteomics 

validation 

subset  

(n=25) 

Age (y)     

Range 43 – 78 43 – 75  43 – 74 44 – 76  

Mean ± SD 61.0 ± 7.7 61.0 ± 7.4 60.6 ± 7.3 60.3 ± 7.5 

p  0.96 0.99 0.66 

Gender     

Female 12 10 8 3 

Male 73 66 51 22 

TNM Stage     

Stage I 25 23 17 8 

Stage II 30 26 21 8 

Stage III 30 27 21 9 

Differentiation     

Well 32 27 19 11 

Moderate to poor 47 43 36 14 

Basaloid ESCC 6 6 4 0 

Recurrence     

Yes 18 18 15 4 

No 23 19 12 7 

 

3.2.3 Metabolite extraction 
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For targeted metabolomics study, the tissue samples were mixed with 

methanol/water (4:1, v/v) containing 100 ng/mL of Arg-13C6 at a ratio of 20 μL per 

mg tissue in homogenization tubes, and the final volume of extraction solvent was 

adjusted to 500 μL. After homogenized with stainless steel beads, the samples were 

incubated at –20 ˚C overnight and centrifuged at 14000 × g for 10 min at 4˚C. 

Aliquots of 200 μL were collected and vacuum dried at 4˚C. The extracts were 

reconstituted with 100 μL of methanol/water (1:1, v/v) containing 80 ng/mL of 4-

Cl-Phe and CN(16:0)-d3. 

 

3.2.4 Protein extraction 

For proteomics study, the tissue samples were ground to powder in liquid nitrogen 

and lysed in lysis buffer containing 8 M urea, 100 mM Tris-HCl (pH 7.8), and 

protease inhibitors (Roche, Basel, Switzerland). Protein concentrations were 

determined by a Pierce BCA protein assay kit (Thermo Scientific). The same 

amount of proteins from each sample were reduced by 10 mM dithiothreitol (DTT) 

for 30 min at 55˚C and then alkylated with 30 mM iodoacetamide (IAA) for 30 min 

at room temperature in darkness. Excess IAA was quenched by 10 mM of DTT. 

Proteins were then purified by acetone precipitation and protein pellet were 

dissolved in 50 mM ammonium bicarbonate aqueous buffer containing 8 M urea. 
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The concentration of urea was diluted to below 2 M by the addition of 50 mM 

ammonium bicarbonate. Proteins were digested overnight by trypsin (Promega, 

Madison WI, USA) at ratio of 50:1 (protein-to-trypsin). After digestion, the pH of 

the sample was adjusted to 2-3 by adding 10% trifluoroacetic acid. Peptides were 

then desalted by C18 StageTip before proteomics analysis in PRM mode. For DDA 

mode, the samples were further separated into three fractions using a stepwise 

gradient of increasing acetonitrile (5%, 10% and 80%) at pH 10. The samples were 

subsequently lyophilized and stored at -20˚C before use. 

 

3.2.5 LC-MS-based large-scale targeted metabolomic profiling 

Large-scale targeted metabolomic profiling analysis was carried out on a Thermo 

Vanquish UPLC system coupled to a Thermo TSQ Altis mass spectrometer. The 

LC and MS methods were developed by our lab [87]. A Waters ACQUITY UPLC 

BEH Amide Column (1.8 µm, 2.1 mm i.d. ×100 mm) was used for LC separation. 

The analyses were performed in both ESI+ and ESI– selected reaction monitoring 

(SRM) modes. In ESI+ mode, the mobile phases were (A) water and (B) ACN/water 

(95:5 v/v) both containing 0.1% (v/v) formic acid and 10 mM ammonium formate. 

In ESI– mode, the mobile phases were (A) water and (B) ACN/water (95:5 v/v) 

both containing 10 mM ammonium acetate and 0.04% (w/w) ammonium hydroxide. 
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The LC gradient started at 100% B, kept for 2 min, decreased to 70% B at 7.7 min, 

to 40% B at 9.5 min, and to 30% B at 10.3 min, kept for 2 min, returned to 100% B 

at 14.8 min and equilibrated until 20 min. The flow rates were 0.3 mL/min. The 

column temperature was 40˚C. The spray voltage was 3.6 kV in ESI+ mode and 2.6 

kV in ESI– mode. The ion transfer tube temperature and vaporizer temperature were 

set at 325˚C and 350˚C, respectively. The sheath gas and aux gas were 50 Arb and 

10 Arb respectively. The monitored SRM transitions were listed in Table 3.2. 

Retention times for all targeted metabolites were confirmed using chemical 

standards in house.  

  Targeted metabolomics data were analyzed on the Thermo TraceFinder software. 

Metabolites with MS responses below the limit of detection (LOD) in >20% of all 

samples were excluded. The remaining responses below LOD were subsequently 

replaced with half of the minimum positive value in the original data. Fold changes 

of patient groups were calculated as the geometric mean of all individual FCs in the 

group. Metabolites with FC >1.5 or <0.67 and p-value <0.05 were considered 

significantly dysregulated. The differential abundance score of a metabolic pathway 

is calculated by the difference of the percentages of upregulated and downregulated 

metabolites in the pathway [88]. 
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Table 3.2 SRM transitions of metabolites in targeted metabolomics profiling [87] 

Polarity Metabolite Q1 Q3 CE RT 

Positive Melatonin 233.0 174.0 16 1.1 

 Cortisone 361.0 163.0 35 1.3 

 Indole 118.0 91.0 20 1.3 

 3-Indoleacetonitrile 157.0 130.0 15 1.3 

 11-Deoxycortisol 347.0 109.0 40 1.4 

 Cholesterol 387.0 105.0 40 1.4 

 Cortisol 363.0 121.0 36 1.4 

 3-Indoleacetic acid 176.0 130.0 30 1.4 

 3-Indolepropionic acid 190.0 130.0 20 1.4 

 Aldosterone 361.0 315.0 26 1.5 

 Corticosterone 347.0 293.0 22 1.5 

 11-Deoxycorticosterone 331.0 97.0 40 1.5 

 Nicotinamide 123.0 80.0 30 1.6 

 5-Hydroxyindoleacetic acid 192.0 146.0 20 2.1 

 Uracil 113.0 70.0 28 2.3 

 Urea 61.0 44.0 20 2.5 

 Mevalonolactone 131.0 69.0 14 2.6 

 Purine 121.0 94.0 24 2.7 

 Stearoylcarnitine 428.0 85.0 24 2.7 

 Biotin 245.0 227.0 18 3.0 

 Pantothenic acid 220.0 90.0 20 3.1 

 Palmitoylcarnitine 400.0 85.0 22 3.2 

 Tetradecanoylcarnitine 372.0 85.0 22 3.4 

 Deoxyuridine 229.0 113.0 12 3.5 

 1,2-Dioleoyl PC 786.6 184.0 26 3.6 

 Dodecanoylcarnitine 344.0 85.0 22 3.7 

 Deoxyadenosine 252.0 136.0 20 3.8 

 Decanoylcarnitine 316.0 85.0 20 4.1 

 Adenine 136.0 92.0 32 4.4 

 Creatinine 114.0 44.0 20 4.6 

 Nicotinic acid 124.0 80.0 20 4.6 

 Octanoylcarnitine 288.0 85.0 20 4.8 

 Hypoxanthine 137.0 110.0 20 4.9 

 Adenosine 268.0 136.0 22 5.1 

 Uridine 245.0 113.0 22 5.1 
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Polarity Metabolite Q1 Q3 CE RT 

 Choline 104.0 60.0 21 5.8 

 Hexanoylcarnitine 260.0 85.0 22 5.8 

 Deoxyinosine 253.0 137.0 12 5.9 

 Xanthine 153.0 110.0 16 6.3 

 N2,N2-Dimethylguanosine 312.0 180.0 22 6.4 

 SM(d18:1/16:0) 703.5 184.0 20 6.4 

 2-Methylbutyroylcarnitine 246.0 85.0 20 6.4 

 Sarcosine 90.0 44.0 20 6.5 

 Betaine aldehyde 102.0 58.0 22 6.5 

 2-O-Methyl PAF C-16 496.0 184.0 20 6.6 

 1-Methylguanosine 298.0 166.0 22 6.7 

 Serotonin 177.0 160.0 12 6.7 

 N-Formylmethionine 178.0 84.0 20 6.9 

 Butyrylcarnitine 232.0 85.0 20 6.9 

 Quinolinic acid 168.0 124.0 30 7.0 

 Riboflavin 377.0 243.0 24 7.0 

 Inosine 269.0 137.0 22 7.0 

 Kynurenic acid 190.0 144.0 18 7.1 

 Taurocholic acid 516.0 462.0 18 7.1 

 1-Methylnicotinamide 137.0 94.0 22 7.2 

 Dopamine 154.0 137.0 15 7.3 

 Propionylcarnitine 218.0 85.0 20 7.4 

 5-Methylcytosine 126.0 106.0 26 7.4 

 Guanine 152.0 135.0 16 7.5 

 4-Chlorophenylalanine (IStd) 200.0 154.0 15 7.5 

 Cytosine 112.1 95.0 24 7.5 

 Pyridoxine 170.0 134.0 22 7.5 

 Cytidine 244.0 112.0 16 7.5 

 Deoxyguanosine 268.0 152.0 18 7.5 

 8-Oxo-deoxyguanosine 284.0 168.0 18 7.7 

 N1-Acetylputrescine 131.0 114.0 12 7.8 

 Kynurenine 209.0 192.0 12 7.8 

 Thiamine 265.0 122.0 18 7.8 

 Thymidine 243.0 127.0 16 7.8 

 Tryptophan 205.0 146.0 24 7.8 

 Phenylalanine 166.0 120.0 20 7.9 
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Polarity Metabolite Q1 Q3 CE RT 

 Pipecolic acid 130.0 84.0 20 7.9 

 Betaine 118.0 58.0 36 8.0 

 Leucine/Isoleucine 132.0 86.0 14 8.0 

 Acetylcarnitine 204.0 85.0 20 8.0 

 2-Phenylglycine 152.0 79.0 20 8.1 

 Guanosine 284.0 152.0 20 8.1 

 3-Hydroxybutyrylcarnitine 248.0 85.0 20 8.2 

 N6-Methyladenosine 282.0 150.0 26 8.2 

 1-Methylhistamine 126.0 109.0 20 8.3 

 Thymine 127.0 110.0 18 8.3 

 Acetylcholine 146.0 87.0 25 8.3 

 3-Hydroxykynurenine 225.0 110.0 22 8.3 

 Anthranilic acid 138.0 92.0 20 8.3 

 N-Acetyl-methionine 192.0 56.0 20 8.3 

 Methionine 150.0 61.0 30 8.3 

 Homocysteine 136.0 90.0 16 8.5 

 Tyrosine 182.0 136.0 20 8.6 

 Dimethylglycine 104.0 58.0 20 8.6 

 Valine 118.0 72.0 16 8.6 

 Cyclic AMP 330.0 136.0 26 8.6 

 Cysteine 122.0 59.0 30 8.7 

 Neopterin 254.0 206.0 25 8.7 

 Proline 116.0 70.0 22 8.7 

 Succinoadenosine 384.0 252.0 18 8.7 

 Carnitine 162.0 103.0 20 8.7 

 Taurine 126.0 108.0 10 8.7 

 N-Methylhistamine 126.0 44.0 30 8.7 

 5,10-Methylene-THF 458.0 311.0 20 8.7 

 5-Formyl-THF 474.0 327.0 20 8.8 

 5-Methyl-THF 460.0 313.0 20 8.9 

 3-Hydroxyanthranilic acid 154.0 108.0 24 8.9 

 N-epsilon-Acetyl-lysine 189.0 126.0 12 8.9 

 N-Acetyl-aspartic acid 176.0 134.0 14 8.9 

 Creatine 132.0 90.0 18 8.9 

 Imidazoleacetic acid 127.0 81.0 16 8.9 

 Dihydrofolate 444.0 178.0 30 9.0 
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Polarity Metabolite Q1 Q3 CE RT 

 Folate 442.0 295.0 16 9.0 

 Hydroxyproline 132.0 68.0 20 9.0 

 Alanine 90.0 44.0 20 9.0 

 Guanidineacetic acid 118.0 43.0 38 9.0 

 Prolylglycine 173.0 70.0 32 9.1 

 Threonine 120.0 74.0 14 9.1 

 Homoserine 120.0 44.0 32 9.2 

 Tetrahydrofolic acid 446.0 299.0 20 9.2 

 N-Acetyl-ornithine 175.0 115.0 14 9.2 

 2-Aminoadipic acid 162.0 98.0 22 9.2 

 Glycine 76.0 30.0 22 9.2 

 10-Formyl-THF 474.0 456.0 20 9.3 

 N-Acetyl-glucosamine 222.0 138.0 18 9.3 

 Dopa 198.0 152.0 22 9.3 

 N1,N12-Diacetylspermine 287.0 100.0 25 9.3 

 Prolylglutamic acid 245.0 70.0 26 9.4 

 Malonylcarnitine 248.0 85.0 20 9.4 

 Methionine sulfoxide 166.0 74.0 14 9.4 

 Alanylglycine 147.0 44.0 36 9.4 

 Glutamine 147.0 84.0 24 9.4 

 Histamine 112.0 95.0 20 9.4 

 N-Acetyl-glutamine 189.0 130.0 16 9.4 

 Pyroglutamic acid 130.0 84.0 14 9.4 

 Symmetric dimethylarginine 203.0 70.0 28 9.4 

 Glycerophosphocholine 258.0 104.0 24 9.4 

 Leucylproline 229.0 86.0 24 9.4 

 Serine 106.0 60.0 16 9.5 

 Glycylglycine 133.0 76.0 20 9.5 

 Glutamate 148.0 84.0 16 9.5 

 Asparagine 133.0 74.0 20 9.5 

 dAMP 336.0 81.0 22 9.6 

 N-Acetyl-glutamate 190.0 84.0 24 9.6 

 S-Adenosyl-homocysteine 385.0 136.0 20 9.6 

 Homocysteic acid 184.0 138.0 12 9.6 

 5,10-Methenyl-THF 456.0 412.0 28 9.6 

 Citrulline 176.0 159.0 12 9.6 
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Polarity Metabolite Q1 Q3 CE RT 

 N1-Acetylspermidine 188.0 72.0 20 9.6 

 O-Acetyl-serine 148.0 88.0 12 9.6 

 Agmatine 131.0 72.0 16 9.7 

 AMP 348.0 136.0 22 9.8 

 Cysteinylglycine 179.0 76.0 20 9.8 

 Gamma-Glu-Cys 251.0 84.0 30 9.8 

 Lysyl-leucine 260.0 84.0 20 9.8 

 Asymmetric dimethylarginine 203.0 70.0 28 9.8 

 GSH 308.0 162.0 22 9.8 

 dUMP 309.0 81.0 12 9.9 

 UMP 325.0 97.0 12 9.9 

 Serylthreonine 207.0 60.0 22 9.9 

 N6,N6-Dimethyl-lysine 175.0 84.0 22 10.0 

 Aspartic acid 134.0 74.0 22 10.0 

 Trimethyllysine 189.0 114.0 30 10.0 

 Inosine-5'-monophosphate 349.0 137.0 18 10.0 

 Gamma-Glutamyl-glutamic acid 277.0 84.0 24 10.0 

 Valyl-lysine 246.0 72.0 26 10.0 

 Putrescine 89.0 72.0 12 10.1 

 Nicotinamide ribotide 335.0 123.0 30 10.1 

 dCMP 308.0 112.0 16 10.1 

 dGMP 348.0 152.0 20 10.2 

 Serylserine 193.0 60.0 24 10.2 

 3-Phosphoserine 186.0 88.0 12 10.2 

 Arginine 175.0 70.0 24 10.3 

 Arginine-13C6 (IStd) 181.0 74.0 16 10.3 

 Phosphocholine 184.0 125.0 22 10.3 

 Glucosamine 6-phosphate 260.0 126.0 16 10.3 

 N1-Acetylspermine 245.0 129.0 15 10.3 

 Lysine 147.0 84.0 25 10.3 

 Guanosine monophosphate 364.0 152.0 20 10.3 

 Gamma-Glu-Gln 276.0 84.0 34 10.3 

 Glucosamine-1-phosphate 260.0 99.0 22 10.4 

 CMP 324.0 112.0 16 10.4 

 Ornithine 133.0 70.0 16 10.4 

 Arginyl-alanine 246.0 70.0 30 10.4 
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Polarity Metabolite Q1 Q3 CE RT 

 FAD 786.0 348.0 26 10.4 

 Histidine 156.0 110.0 14 10.5 

 NADH 666.0 514.0 28 10.5 

 1-Methyl-histidine 170.0 124.0 20 10.5 

 NAD+ 664.0 428.0 28 10.6 

 Citicoline 489.0 264.0 18 10.6 

 Citicoline 489.0 184.0 32 10.6 

 Serylarginine 262.0 70.0 34 10.6 

 Seryllysine 234.0 84.0 22 10.6 

 Cystathionine 223.0 134.0 12 10.7 

 Cystine 241.0 120.0 18 10.7 

 S-Adenosyl-methionine 399.0 250.0 14 10.7 

 N2-Acetyl-aminoadipate 204.0 138.0 20 10.7 

 NADPH 746.0 729.0 18 10.8 

 Cysteineglutathione disulfide 427.0 177.0 18 10.9 

 Spermidine 146.0 72.0 22 11.0 

 GSSG 613.0 355.0 30 11.0 

 NADP+ 744.0 136.0 40 11.0 

 Spermine 203.0 112.0 20 11.4 

      

Negative Testosterone sulfate 367.0 97.0 32 1.2 

 Indoxylsulfuric acid  212.0 80.0 32 1.3 

 Uracil 111.0 42.0 22 2.6 

 Adenine 134.0 107.0 24 2.9 

 Deoxycholic acid 391.3 345.0 36 5.0 

 Uridine 243.0 110.0 20 5.7 

 Biotin 243.0 200.0 16 5.7 

 Hypoxanthine 135.0 92.0 22 6.0 

 Homogentisate 167.0 123.0 22 6.1 

 Tauroursodeoxycholic acid 498.3 107.0 58 6.2 

 Pyruvate 87.0 43.0 8 6.3 

 Deoxyinosine 251.0 135.0 22 6.3 

 Allantoin 157.0 114.0 16 6.7 

 Glycodehydrocholic acid  458.3 74.0 42 6.8 

 Hippuric acid 178.0 134.0 18 6.8 

 N-Isovalerylglycine 158.0 74.0 22 6.9 
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Polarity Metabolite Q1 Q3 CE RT 

 Taurocholic acid 514.3 107.0 58 6.9 

 N-Acetyl-methionine 190.0 148.0 22 6.9 

 Kynurenic acid 188.0 144.0 20 6.9 

 3,4-Dihydroxybutanal 103.0 57.0 22 7.1 

 Cholic acid 407.3 289.0 42 7.1 

 N-Isobutyrylglycine 144.0 74.0 22 7.2 

 Glycoursodeoxycholic acid 448.3 74.0 42 7.2 

 Inosine 267.0 135.0 28 7.3 

 Xanthine 151.0 108.0 24 7.3 

 4-Chlorophenylalanine (IStd) 198.0 181.0 15 7.3 

 Xylose 149.0 59.0 26 7.4 

 Nicotinate 122.0 78.0 16 7.4 

 Acetoacetate 101.0 57.0 24 7.5 

 N-Phenylacetylglutamine 263.0 145.0 20 7.5 

 Glycocholic acid 464.0 74.0 50 7.5 

 
3-Carboxy-4-methyl-5-propyl-2-furanpropionic 

acid 
239.0 151.0 22 7.6 

 Leucic acid 131.0 85.0 20 7.6 

 8-Hydroxykynurenic acid 204.0 160.0 16 7.7 

 Adonitol 151.0 71.0 20 7.7 

 Tryptophan 203.0 116.0 24 7.7 

 Arabitol 151.0 59.0 20 7.7 

 Phenylalanine 164.0 147.0 18 7.7 

 Dihydroxyacetone 179.0 89.0 12 7.7 

 3-Hydroxybutyric acid 103.0 59.0 20 7.8 

 Glyceraldehyde 89.0 71.0 32 7.8 

 Lactate 89.0 43.0 16 7.8 

 Mevalonic acid 147.0 59.0 18 7.9 

 Orotate 155.0 111.0 14 7.9 

 Pantothenic acid 218.0 88.0 24 8.2 

 Cyclic-AMP 328.0 134.0 32 8.4 

 Fructose 179.0 89.0 12 8.4 

 Mannitol 181.0 71.0 18 8.4 

 glyoxylate 73.0 45.0 12 8.5 

 Taurine 124.0 80.0 20 8.5 

 Pyroglutamic acid 128.0 82.0 36 8.5 
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Polarity Metabolite Q1 Q3 CE RT 

 Glucose 179.0 89.0 12 8.5 

 Farnesyl pyrophosphate 381.0 79.0 40 8.7 

 N-Acetyl-glutamine 187.0 125.0 22 8.7 

 Xanthosine 283.0 151.0 20 8.7 

 Orotidine 287.0 111.0 16 8.7 

 Alanyl-alanine 159.0 88.0 26 8.8 

 Glyceric acid 105.0 75.0 14 8.8 

 Glutaric acid 131.0 87.0 20 9.0 

 Urate 167.0 124.0 22 9.0 

 N-epsilon-Acetyl-lysine 187.0 145.0 28 9.0 

 N-Acetyl-glucosamine 220.0 59.0 20 9.0 

 N-Acetylalanine 130.0 88.0 20 9.0 

 Hypotaurine 108.0 64.0 20 9.0 

 Dimethylallyl pyrophosphate 245.0 79.0 22 9.1 

 Guanidineacetic acid 116.0 74.0 16 9.1 

 Methylsuccinic acid 131.0 87.0 20 9.2 

 Sucrose 341.0 179.0 14 9.2 

 3-Methyladipic acid 159.0 115.0 14 9.4 

 Adipic acid 145.0 101.0 16 9.4 

 Ascorbic acid-2-sulfate 255.0 175.0 22 9.4 

 2,2-Dimethylsuccinic acid 145.0 83.0 32 9.4 

 Methylmalonic acid 117.0 73.0 18 9.4 

 S-Lactoylglutathione 378.0 128.0 26 9.5 

 Alpha-Ketoglutaric acid 145.0 57.0 20 9.5 

 Cysteic acid 168.0 81.0 30 9.5 

 Ascorbic acid 175.0 87.0 18 9.5 

 Lactose 341.0 161.0 10 9.6 

 Fumarate 115.0 71.0 14 9.6 

 Geranylgeranyl pyrophosphate 449.0 79.0 42 9.6 

 Carbamoyl phosphate 140.0 79.0 24 9.6 

 Glucoheptonic acid 225.0 179.0 20 9.6 

 myo-Inositol 179.0 87.0 20 9.6 

 Citrulline 174.0 131.0 16 9.7 

 Oxaloacetate 131.0 87.0 14 9.7 

 Erythrose 4-phosphate 199.0 97.0 20 9.7 

 Malonic acid 103.0 59.0 14 9.7 
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Polarity Metabolite Q1 Q3 CE RT 

 Quinolinic acid 166.0 122.0 12 9.7 

 N-Acetyl-glutamate 188.0 102.0 24 9.7 

 Glucuronic acid 193.0 113.0 14 9.7 

 Succinate 117.0 73.0 18 9.7 

 2-Isopropylmalic acid 175.0 115.0 20 9.8 

 Flavin adenine dinucleotide 784.0 97.0 32 9.8 

 Sulfoacetic acid 139.0 95.0 24 9.8 

 Beta-Glucopyranuronic acid 193.0 113.0 20 9.8 

 GSH 306.0 143.0 20 9.8 

 2-Hydroxyglutarate 147.0 129.0 14 9.9 

 NADH 664.0 408.0 38 9.9 

 Aspartic acid 132.0 88.0 20 9.9 

 dTMP 321.0 195.0 22 9.9 

 Malate 133.0 115.0 14 9.9 

 3'-Adenosine monophosphate 346.0 211.0 20 10.0 

 2-Aminoadipic acid 160.0 116.0 16 10.0 

 dAMP 330.0 134.0 28 10.0 

 dUMP 307.0 79.0 42 10.0 

 5-Phosphomevalonate 227.0 79.0 22 10.1 

 5-Formyl THF 472.0 315.0 15 10.1 

 Glycerol 3-phosphate 171.0 79.0 20 10.2 

 AMP 346.0 79.0 38 10.2 

 Glyceraldehyde 3-phosphate 169.0 97.0 12 10.2 

 Ureidosuccinic acid 175.0 132.0 12 10.2 

 Adenosine diphosphate ribose 558.0 346.0 22 10.2 

 Deoxycytidine diphosphate 386.0 159.0 28 10.2 

 Oxalic acid 89.0 61.0 16 10.2 

 UDP-N-acetyl-glucosamine 606.0 385.0 28 10.2 

 dCMP 306.0 79.0 40 10.2 

 Aconitic acid 173.0 85.0 20 10.2 

 NAD+ 662.0 540.0 20 10.2 

 Cyclic ADP-ribose 540.0 79.0 22 10.3 

 Inosine monophosphate 347.0 79.0 42 10.3 

 N-Acetyl-alpha-glucosamine 1-phosphate 300.0 79.0 22 10.3 

 Citicoline 487.0 428.0 12 10.3 

 Deoxyuridine triphosphate 467.0 159.0 26 10.3 
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Polarity Metabolite Q1 Q3 CE RT 

 Dihydroxyacetone phosphate 169.0 79.0 40 10.3 

 Ribose 5-phosphate 229.0 79.0 28 10.3 

 UDP-galactose 565.0 323.0 26 10.3 

 Uridine monophosphate 323.0 79.0 28 10.3 

 Cytidine 5'-diphosphate 402.0 384.0 22 10.3 

 Thymidine 5'-diphosphate 401.0 159.0 28 10.3 

 Fructose-6-phosphate 259.0 169.0 12 10.3 

 CMP 322.0 79.0 40 10.4 

 ADP 426.0 159.0 28 10.4 

 G-6P/G-1P/F-6P 259.0 97.0 20 10.4 

 Glucose-1-phosphate 259.0 241.0 10 10.4 

 Inosine 5'-diphosphate 427.0 159.0 28 10.4 

 5-Pyrophosphomevalonate 307.0 79.0 22 10.4 

 O-Phosphorylethanolamine 140.0 79.0 14 10.4 

 Phosphoenolpyruvate 167.0 79.0 22 10.4 

 GMP 362.0 79.0 40 10.4 

 NADPH 744.0 408.0 38 10.4 

 Geranyl pyrophosphate 313.0 79.0 20 10.4 

 Isocitrate 191.0 117.0 20 10.4 

 3-Phosphoglyceric acid 185.0 97.0 18 10.4 

 Cystathionine 221.0 134.0 18 10.4 

 Guanosine 5'-diphospho-fucose 588.0 79.0 22 10.4 

 Glucosamine 6-phosphate 258.0 79.0 42 10.4 

 Adenylosuccinate 426.0 79.0 45 10.5 

 Cytidine triphosphate 482.0 159.0 40 10.5 

 GDP-mannose 604.0 159.0 40 10.5 

 Glucose-6-phosphate 259.0 199.0 12 10.5 

 Thymidine 5'-triphosphate 481.0 159.0 32 10.5 

 Uridine diphosphate 403.0 159.0 28 10.5 

 Xanthosine 5'-monophosphate 363.0 79.0 40 10.5 

 UDP-glucuronate 579.0 403.0 26 10.5 

 Deoxyadenosine triphosphate 490.0 159.0 28 10.5 

 Adenosine triphosphate 506.0 159.0 30 10.5 

 GSSG 611.0 306.0 28 10.5 

 NADP+ 742.0 620.0 20 10.5 

 Deoxycytidine triphosphate 466.0 159.0 38 10.6 
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Polarity Metabolite Q1 Q3 CE RT 

 Guanosine 5'-diphosphate 442.0 159.0 26 10.6 

 Citrate 191.0 87.0 20 10.6 

 Citrate/Isocitrate 191.0 111.0 14 10.6 

 Pyridoxamine 5-phosphate 247.0 79.0 22 10.6 

 Uridine triphosphate 483.0 159.0 36 10.7 

 Fructose-1,6-bisphosphate 339.0 97.0 30 10.7 

 Guanosine triphosphate 522.0 159.0 40 10.8 

 Glucose-1,6-bisphosphate 339.0 97.0 22 10.8 

 Arginine-13C6 (IStd) 179.0 136.0 18 11.1 

Q1: Precursor ion, m/z; Q3: Product ion, m/z; CE: Collision energy, eV; RT: 

Retention time, min; IStd, Internal standard. 
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3.2.6 LC-MS analysis of acyl coenzyme A and free fatty acid species 

Acyl coenzyme A (CoA) and free fatty acid (FFA) species were monitored by LC-

MS-based targeted metabolomic analysis. A Thermo UltiMate 3000 UPLC system 

was coupled to a Thermo TSQ Quantiva MS system operated in the multiple 

reaction monitoring (MRM) mode. A Waters ACQUITY UPLC BEH C8 Column 

(1.7 µm, 2.1 mm × 100 mm) was applied to perform the chromatographic separation. 

Mobile phases were (A) water and (B) ACN both containing 15 mM ammonium 

hydroxide. The LC gradient started at 5% B, kept for 1.5 min, increased to 45% B 

at 5 min, and to 100% B at 6.5 min, kept for 2.5 min, returned to 5% B in 0.6 min 

and equilibrated for 3.9 min. The flow rate was 0.3 mL/min. The column 

temperature was 35˚C. The spray voltage was 3.5 kV in ESI+ mode and 2.5 kV in 

ESI– mode. The ion transfer tube temperature and vaporizer temperature were set 

at 350˚C and 320˚C, respectively. The sheath gas and aux gas were 40 Arb and 10 

Arb respectively. Acyl CoA species were monitored in ESI+ mode, while FFAs in 

ESI– mode. Detailed MRM parameters were listed in Table 3.3. Retention times 

were validated by available commercial standards or matching their accurate m/z 

values using Thermo Q Exactive Orbitrap MS system in the PRM mode.  
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Table 3.3 MRM transitions of acyl coenzyme A and free fatty acid species 

Polarity Metabolite annotation Q1 Q3 CE RT 

Positive CN(16:0)-d3 (IStd) 403.0 85.0 25 8.1 

 CoA(10:0) 922.3 415.3 30 5.2 

 CoA(12:0) 950.3 443.3 30 4.8 

 CoA(14:1) 976.3 469.3 30 5.0 

 CoA(14:0) 978.3 471.3 30 5.2 

 CoA(16:2) 1002.4 495.4 30 5.2 

 CoA(16:1) 1004.4 497.4 30 5.3 

 CoA(16:0) 1006.4 499.4 30 5.5 

 CoA(18:4) 1026.4 519.4 30 5.3 

 CoA(18:3) 1028.4 521.4 30 5.3 

 CoA(18:2) 1030.4 523.4 30 5.4 

 CoA(18:1) 1032.4 525.4 30 5.6 

 CoA(18:0) 1034.4 527.4 30 5.8 

 CoA(20:5) 1052.4 545.4 30 5.4 

 CoA(20:4) 1054.4 547.4 30 5.4 

 CoA(20:3) 1056.4 549.4 30 5.5 

 CoA(20:2) 1058.4 551.4 30 5.7 

 CoA(20:1) 1060.4 553.4 30 5.8 

 CoA(20:0) 1062.4 555.4 30 6.0 

 CoA(22:6) 1078.4 571.4 30 5.4 

 CoA(22:5) 1080.4 573.4 30 5.5 

 CoA(22:4) 1082.4 575.4 30 5.6 

 CoA(22:3) 1084.4 577.4 30 5.8 

 CoA(22:1) 1088.4 581.4 30 6.0 

 CoA(22:0) 1090.4 583.4 30 6.2 

      

Negative FA(6:0) a 115.1 115.1 10 1.4 

 FA(8:0) a 143.1 143.1 10 4.4 

 FA(10:0) a 171.1 171.1 10 5.4 

 FA(12:0) 199.1 199.1 10 6.0 
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Polarity Metabolite annotation Q1 Q3 CE RT 

 FA(14:1) 225.1 225.1 10 6.3 

 FA(14:0) a 227.1 227.1 10 6.5 

 FA(16:2) 251.2 251.2 10 6.4 

 FA(16:1) a 253.2 253.2 10 6.6 

 FA(16:0) a 255.2 255.2 10 6.9 

 FA(18:4) 275.3 275.3 10 6.5 

 FA(18:3) a 277.3 277.3 10 6.6 

 FA(18:2) a 279.3 279.3 10 6.8 

 FA(18:1) a 281.3 281.3 10 7.0 

 FA(18:0) a 283.3 283.3 10 7.1 

 FA(20:5) 301.3 301.3 10 6.7 

 FA(20:4) 303.3 303.3 10 6.9 

 FA(20:3) 305.3 305.3 10 6.9 

 FA(20:2) 307.3 307.3 10 7.0 

 FA(20:1) 309.3 309.3 10 7.1 

 FA(20:0) 311.3 311.3 10 7.2 

 FA(22:6) 327.3 327.3 10 6.9 

 FA(22:5) 329.3 329.3 10 6.9 

 FA(22:4) 331.3 331.3 10 7.0 

 FA(22:3) 333.3 333.3 10 7.1 

 FA(22:1) 337.3 337.3 10 7.3 

 FA(22:0) 339.3 339.3 10 7.4 

a Metabolite identification confirmed with commercial standards. 

FA: fatty acid; CoA: acyl coenzyme A; CN: acylcarnitine. Q1: Precursor ion, m/z; 

Q3: Product ion, m/z; CE: Collision energy, eV; RT: Retention time, min; IStd, 

Internal standard. 
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3.2.7 LC-MS-based proteomic profiling 

Untargeted DDA (data-dependent analysis) and targeted PRM (parallel reaction 

monitoring) proteomics profiling analyses were performed on an Easy-nLC 1000 

(Thermo Fisher Scientific) chromatography system coupled to an Orbitrap Fusion 

mass spectrometer (Thermo Fisher Scientific). Peptide samples were resuspended 

in 0.1% FA and loaded into the analytical column (75 μm i.d. × 15 cm, packed with 

3 μm C18 particles). Peptides were eluted off the analytical column at a flow rate of 

250 nL/min using a gradient with 0.1% FA in water (A) and 0.1% FA in ACN (B): 

0-2 min, 2-7% B; 2-52 min, 7-22% B; 52-62 min, 22-35% B; 62-64 min, 35-90% 

B; 64-80 min, 90% B. Before each injection, the column was equilibrated with 5 

μL mobile phase A.  

In DDA mode, survey full scan MS spectra (m/z 350-1550) were acquired in the 

Orbitrap with a resolution of 120,000, AGC target value of 2e5, and maximum 

injection time (Max IT) of 100 ms. In PRM mode, the m/z range was 350-1010, 

Orbitrap resolution was 60,000, AGC target value was 5e5, and Max IT was 50 ms. 

Following each MS scan, most abundant (DDA) or targeted (PRM) peptide 

precursors were selected for MS/MS scans using an isolation window of 1.6 Da and 

then fragmented by HCD using collision energy 30%. Fragment ions were recorded 
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by the orbitrap mass analyzer with a resolution of 30,000, AGC value of 1e5 and 

Max IT of 35 ms (DDA) or 60 ms (PRM).  

The DDA raw data were analyzed using MaxQuant software for protein 

identification through UniProt human proteome database and label-free 

quantification (LFQ) with default settings. The PRM raw data were analyzed using 

Skyline software to extract transition peaks for each target peptide (4 to 7 transitions 

each peptide). All integrated peaks were manually inspected, and peptides with the 

dot-product score ≥0.7 were selected for further quantification. Proteins were 

considered differently expressed if they meet any of the following criteria: (1) p-

value <0.05 and FC >2 or <0.5 in DDA mode; (2) p-value <0.05 and FC >1.5 or 

<0.67 in PRM mode; (3) detected in five or more samples of either tumor or normal 

tissue group, but not detected in the other group of samples. Enrichment analysis 

was performed using the online database “STRING” (string-db.org, [89]). Joint 

pathway analysis was performed using the MetaboAnalyst platform. 

 

3.3 Results and discussion 

3.3.1 Overview of targeted metabolomics profiling 

In the targeted metabolomic profiling data, 237 metabolites were detected after 

exclusion of low-response transitions. Among them, 163 metabolites were 
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significantly dysregulated with FC >1.5 or <0.67 and p-value <0.05 (Table 3.4). 

Most of the differential metabolites identified by global metabolomics in the 

previous chapter were validated by targeted metabolomic profiling (Table 3.5). 

Pathway analysis showed that there were 30 pathways with five or more 

metabolites significantly dysregulated in ESCC tumors. The general distribution of 

up/downregulations in metabolic pathways is depicted in the differential abundance 

score plot (Figure 3.1). A differential abundance score of 1.0 stands for all 

metabolites in a pathway are upregulated, and –1.0 for all metabolites 

downregulated. 

As far as we know, there were very few reports on tissue metabolomics of ESCC. 

Previous untargeted metabolomic studies have discovered upregulations in 

putrescine, SAM, GSH, kynurenine, choline and a majority of amino acids, and 

downregulations in ADP and ATP, which match with our results [90, 91]. As the 

first large-scale targeted metabolomic research on ESCC tissues, this work has 

widened the scope of metabolic reprogramming in ESCC. In the next subsection, 

by combining the results from proteomic validation, the dysregulations in the 

pathways were further validated. 
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Figure 3.1 Differential abundance score for dysregulated metabolic pathways 

detected in the large-scale targeted metabolomic analysis. 
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Table 3.4 Fold changes of targeted metabolites in ESCC tumors, with regard to clinical information (cancer stages, grades and recurrence) 

    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

N1,N12-diacetylspermine HMDB0002172 35.17 9.34E-05 36.55 32.81 0.397  39.77 30.88 0.086  41.14 34.61 0.564 

Cystathionine HMDB0000099 34.07 2.97E-05 33.35 35.42 0.333  31.69 26.54 0.653  45.07 34.21 0.567 

N2-Acetyl-aminoadipate HMDB0062715 27.39 4.78E-14 25.68 30.78 0.277  25.10 25.17 0.331  19.53 24.65 0.535 

Putrescine HMDB0001414 18.34 1.12E-08 22.53 12.63 0.306  27.68 16.79 0.327  22.71 17.68 0.339 

Cytidine 5'-diphosphocholine HMDB0001413 13.96 2.42E-16 13.17 15.52 0.914  12.14 13.21 0.743  12.90 12.38 0.330 

N1-Acetylputrescine HMDB0002064 13.55 1.18E-08 16.42 9.56 0.007  24.33 9.96 0.222  15.92 13.94 0.626 

Glucosamine 6-phosphate HMDB0001254 12.89 2.30E-10 12.56 13.52 0.854  8.86 18.98 0.106  23.00 12.00 0.499 

Prolylglycine HMDB0011178 12.73 3.52E-03 11.07 16.41 0.425  6.84 16.79 0.113  19.68 9.59 0.413 

dCMP HMDB0001202 10.34 1.54E-11 9.32 12.47 0.159  9.06 9.42 0.978  9.74 10.44 0.680 

N-acetyl-glucosamine HMDB0000215 10.02 2.33E-14 13.02 6.23 0.129  6.40 11.28 0.448  9.32 9.46 0.283 

Kynurenine HMDB0000684 9.54 1.44E-10 8.37 12.10 0.178  7.70 12.88 0.026  10.82 9.51 0.669 

Prolylglutamic acid HMDB0029016 9.25 7.91E-04 8.62 10.50 0.288  6.12 10.51 0.065  11.10 7.27 0.679 

Deoxyguanosine HMDB0000085 8.82 1.22E-10 8.80 8.86 0.354  6.31 9.49 0.064  14.13 5.84 0.115 

Deoxyinosine HMDB0000071 8.20 1.06E-12 8.83 7.17 0.081  8.14 8.03 0.527  10.64 7.26 0.352 

N1-Acetylspermidine HMDB0001276 8.17 7.07E-11 8.38 7.80 0.982  7.11 9.72 0.516  8.00 8.01 0.942 

Succinoadenosine HMDB0000912 8.13 1.69E-05 7.88 8.60 0.800  6.12 8.77 0.136  8.01 9.17 0.844 

S-Adenosyl-methionine HMDB0001185 7.68 3.24E-10 7.61 7.80 0.903  9.19 6.33 0.590  10.50 7.47 0.682 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

Glycerophosphocholine HMDB0000086 6.86 5.80E-11 6.63 7.29 0.666  5.08 6.88 0.177  9.78 4.23 0.081 

5-Formyl-THF HMDB0001562 6.28 4.47E-04 4.36 12.21 0.712  4.93 5.69 0.852  6.51 3.78 0.396 

Hydroxyproline HMDB0000725 6.16 8.25E-09 6.48 5.63 0.854  4.82 6.49 0.059  7.51 6.20 0.259 

Glucosamine-1-phosphate HMDB0001109 5.98 4.52E-13 5.87 6.19 0.997  4.79 7.26 0.027  6.47 5.29 0.682 

Leucylproline HMDB0011175 5.89 3.77E-07 6.22 5.33 0.116  8.87 5.14 0.320  7.94 4.51 0.386 

UMP HMDB0000288 5.72 1.40E-05 5.29 6.58 0.501  5.11 4.33 0.592  3.20 8.03 0.209 

Proline HMDB0000162 5.61 2.37E-17 5.29 6.25 0.642  4.32 6.68 0.014  7.05 4.91 0.194 

Cysteineglutathione disulfide HMDB0000656 5.40 5.20E-11 5.35 5.49 0.943  4.52 6.01 0.214  6.35 4.24 0.457 

N-epsilon-Acetyl-lysine HMDB0000206 5.39 5.86E-08 5.30 5.57 0.902  4.21 6.12 0.121  6.24 4.33 0.769 

Serylserine HMDB0029048 4.92 1.87E-03 4.82 5.10 0.899  4.96 5.93 0.487  8.77 3.12 0.324 

Spermidine HMDB0001257 4.90 3.89E-06 4.39 5.98 0.509  2.95 6.92 0.213  6.41 2.66 0.232 

Serylthreonine HMDB0029049 4.88 3.05E-04 4.99 4.67 0.097  5.23 5.44 0.847  9.08 3.04 0.409 

Threonine HMDB0000167 4.87 4.73E-14 4.55 5.51 0.515  3.69 5.80 0.041  6.11 3.99 0.087 

Asymmetric dimethylarginine HMDB0001539 4.82 4.11E-12 4.75 4.95 0.903  3.53 5.54 0.021  5.62 4.36 0.777 

Cysteinylglycine HMDB0000078 4.76 8.03E-03 5.60 3.54 0.798  5.53 5.57 0.209  6.40 3.76 0.683 

Valine HMDB0000883 4.74 3.91E-15 4.51 5.18 0.741  4.06 5.53 0.072  5.74 4.13 0.099 

Thymine HMDB0000262 4.66 6.76E-12 4.55 4.86 0.889  3.56 5.66 0.035  5.21 3.87 0.587 

UDP-glucuronate HMDB0000935 4.54 1.97E-07 4.62 4.40 0.962  6.34 3.53 0.262  2.69 4.96 0.366 

N-Acetyl-methionine HMDB0011745 4.51 8.40E-07 4.01 5.59 0.448  2.36 8.52 0.077  7.33 3.74 0.607 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

Methionine HMDB0000696 4.49 1.10E-06 3.81 6.07 0.337  2.66 7.63 0.233  7.57 3.58 0.326 

Cystine HMDB0000192 4.47 4.15E-03 3.87 5.82 0.347  3.13 5.49 0.359  6.96 3.07 0.366 

N-Acetyl-ornithine HMDB0003357 4.46 2.18E-03 5.10 3.50 0.953  5.50 3.88 0.308  3.43 5.54 0.033 

Valyl-lysine HMDB0029132 4.45 1.20E-03 4.69 4.04 0.428  3.65 5.73 0.023  5.68 3.88 0.949 

SAH HMDB0000939 4.44 1.61E-14 3.86 5.72 0.224  3.43 4.93 0.285  5.22 3.39 0.547 

Glycine HMDB0000123 4.43 2.84E-13 4.21 4.86 0.572  3.02 5.26 0.014  5.35 4.33 0.760 

N2,N2-Dimethylguanosine HMDB0004824 4.42 1.19E-04 4.67 3.99 0.057  3.94 4.25 0.892  4.58 5.65 0.808 

GSH HMDB0000125 4.41 5.14E-03 4.68 3.97 0.983  5.24 4.81 0.241  4.53 4.34 0.889 

Symmetric dimethylarginine HMDB0003334 4.34 2.15E-03 4.24 4.52 0.408  4.89 4.78 0.838  6.43 3.14 0.261 

Inosine-5'-monophosphate HMDB0000175 4.33 5.36E-06 3.98 5.04 0.843  3.95 3.60 0.693  2.40 6.37 0.739 

Arginyl-alanine HMDB0028702 4.28 9.18E-04 5.22 2.99 0.080  4.70 4.83 0.241  4.91 3.76 0.894 

Dimethylallyl pyrophosphate HMDB0001120 4.24 4.65E-10 3.70 5.42 0.057  3.70 4.68 0.385  6.29 4.34 0.134 

Stearoylcarnitine HMDB0000848 4.19 2.36E-05 3.37 6.23 0.871  4.40 3.56 0.197  8.49 2.39 0.144 

Adenine HMDB0000034 4.18 6.65E-08 3.37 6.21 0.319  4.27 3.77 0.308  3.37 4.23 0.435 

Phosphocholine HMDB0001565 4.16 1.78E-03 3.50 5.68 0.792  2.19 4.92 0.024  4.09 3.95 0.637 

1-Methylhistamine HMDB0000898 4.11 9.71E-13 4.02 4.27 0.900  3.18 4.92 0.044  4.46 3.53 0.734 

Orotate HMDB0000226 4.10 3.84E-05 4.06 4.17 0.214  3.73 3.66 0.853  5.69 3.27 0.668 

Thiamine HMDB0000235 4.03 8.13E-07 4.12 3.86 0.762  3.26 5.11 0.122  5.21 3.35 0.249 

UDP-N-acetyl-glucosamine HMDB0000290 3.88 7.10E-06 3.72 4.18 0.957  5.16 3.35 0.227  2.37 4.67 0.366 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

AMP HMDB0000045 3.87 3.12E-05 3.46 4.73 0.494  3.42 3.36 0.729  2.16 5.75 0.409 

Tyrosine HMDB0000158 3.77 2.07E-11 3.52 4.26 0.695  2.83 4.91 0.015  4.98 3.25 0.057 

Leucine/Isoleucine HMDB0000687 3.74 2.63E-11 3.53 4.16 0.790  2.89 4.92 0.037  4.88 2.85 0.037 

N6,N6-Dimethyl-lysine HMDB0013287 3.73 3.25E-07 3.83 3.56 0.362  3.19 4.36 0.180  4.73 3.38 0.683 

Asparagine HMDB0000168 3.72 2.72E-10 3.12 5.12 0.161  2.34 4.94 0.032  5.14 3.18 0.429 

Xanthine HMDB0000292 3.72 4.43E-09 3.56 4.01 0.477  5.35 3.57 0.134  5.67 2.13 0.091 

Kynurenic acid HMDB0000715 3.69 6.34E-05 3.47 4.13 0.697  4.24 3.29 0.213  3.23 4.32 0.318 

Betaine HMDB0000043 3.69 4.61E-18 3.70 3.67 0.506  3.12 4.08 0.063  3.87 3.19 0.261 

Palmitoylcarnitine HMDB0000222 3.67 7.88E-05 2.73 6.28 0.873  3.65 3.07 0.112  7.02 2.22 0.704 

Aspartic acid HMDB0000191 3.32 1.11E-08 3.45 3.09 0.518  3.70 3.45 0.408  3.50 3.35 0.611 

1-Methylhistidine HMDB0000001 3.30 4.30E-11 3.49 2.99 0.611  3.69 3.14 0.854  3.28 3.50 0.509 

1-Methylguanosine HMDB0001563 3.29 4.74E-03 3.42 3.07 0.418  2.58 3.59 0.392  4.31 2.93 0.449 

CMP HMDB0000095 3.29 2.45E-09 3.04 3.79 0.339  2.62 3.38 0.097  3.31 3.27 0.618 

Serine HMDB0000187 3.29 1.76E-09 3.07 3.72 0.657  2.61 3.95 0.031  4.10 2.62 0.058 

5,10-Methylene-THF HMDB0001533 3.16 5.93E-06 2.82 3.87 0.992  2.57 4.05 0.628  3.75 2.46 0.139 

GSSG HMDB0003337 3.12 4.14E-09 3.04 3.26 0.805  3.36 3.15 0.611  2.98 3.27 0.791 

Riboflavin HMDB0000244 3.06 3.35E-06 2.97 3.23 0.761  2.61 3.55 0.464  4.27 2.23 0.425 

Arabitol HMDB0000568 3.06 1.47E-08 2.86 3.45 0.987  3.89 2.69 0.564  5.40 1.79 0.150 

Butyrylcarnitine HMDB0002013 3.03 1.99E-07 3.09 2.94 0.827  2.70 2.85 0.311  2.98 3.68 0.335 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

5-methyl-THF HMDB0001396 3.02 1.55E-08 2.41 4.53 0.365  2.43 3.63 0.574  5.16 3.77 0.898 

Acetylcholine HMDB0000895 2.99 6.89E-07 2.94 3.08 0.478  2.95 3.00 0.702  3.42 2.58 0.316 

Phenylalanine HMDB0000159 2.94 7.92E-10 2.86 3.08 0.935  2.43 3.78 0.033  3.92 2.52 0.076 

N-Acetyl-glutamine HMDB0006029 2.91 2.31E-12 2.86 3.01 0.684  2.50 3.09 0.207  2.79 2.79 0.598 

2-Methylbutyroylcarnitine HMDB0000378 2.90 3.58E-05 3.29 2.31 0.869  2.19 3.28 0.067  2.81 2.61 0.549 

Nicotinamide HMDB0001406 2.90 2.45E-12 2.59 3.55 0.252  1.82 3.89 0.004  3.65 1.76 0.096 

Tetradecanoylcarnitine HMDB0005066 2.89 2.10E-05 2.64 3.40 0.745  3.14 2.45 0.233  4.98 2.77 0.918 

Guanosine monophosphate HMDB0001397 2.83 7.45E-08 3.19 2.26 0.206  2.46 2.54 0.554  1.92 3.82 0.342 

Adonitol HMDB0000508 2.79 2.68E-08 3.73 1.65 0.371  2.77 2.77 0.430  3.08 2.22 0.303 

N6-Methyladenosine HMDB0004044 2.73 2.94E-07 2.70 2.78 0.581  2.21 2.84 0.114  3.19 2.51 0.262 

Guanidineacetic acid HMDB0000128 2.72 3.05E-03 2.12 4.25 0.155  1.66 3.22 0.050  3.70 2.50 0.717 

1,2-Dioleoyl PC HMDB0000593 2.71 1.09E-10 2.43 3.29 0.173  2.54 2.82 0.194  3.45 2.22 0.097 

1-Methylnicotinamide HMDB0000699 2.67 1.14E-14 2.50 3.00 0.179  2.11 2.98 0.020  3.56 2.11 0.216 

3-Hydroxybutyrylcarnitine HMDB0013127 2.60 1.72E-06 2.22 3.48 0.319  2.11 3.01 0.823  2.51 2.04 0.867 

Glutamate HMDB0000148 2.57 2.74E-13 2.49 2.71 0.504  2.13 2.78 0.091  2.55 2.45 0.773 

FAD HMDB0001248 2.55 2.42E-16 2.35 2.95 0.086  2.39 2.66 0.349  2.58 2.36 0.404 

Seryllysine HMDB0029044 2.52 8.92E-03 3.24 1.59 0.011  2.47 3.12 0.104  3.71 2.41 0.812 

Dimethylglycine HMDB0000092 2.38 1.27E-02 2.43 2.31 0.456  2.40 2.46 0.204  2.95 1.71 0.083 

Xanthosine 5'-monophosphate HMDB0001554 2.38 3.49E-07 2.37 2.40 0.840  2.68 2.16 0.281  1.60 2.85 0.310 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

Histidine HMDB0000177 2.37 7.53E-14 2.29 2.53 0.968  2.48 2.47 0.694  2.53 2.48 0.765 

UDP-galactose HMDB0000302 2.37 4.54E-02 2.15 2.85 0.877  4.07 1.64 0.209  1.33 3.41 0.277 

Carbamoyl phosphate HMDB0001096 2.37 8.84E-06 2.32 2.46 0.938  2.03 2.45 0.961  3.43 1.35 0.064 

Hypoxanthine HMDB0000157 2.35 4.90E-11 2.13 2.81 0.209  1.77 2.63 0.004  2.71 1.96 0.212 

Serylarginine HMDB0029033 2.32 1.95E-02 2.61 1.88 0.215  2.13 2.87 0.133  3.07 2.30 0.883 

Alanine HMDB0000161 2.30 1.19E-12 2.20 2.50 0.506  1.99 2.45 0.074  2.59 2.12 0.189 

Cyclic AMP HMDB0000058 2.28 1.57E-04 1.88 3.26 0.072  1.46 2.60 0.027  2.68 1.46 0.796 

Choline HMDB0000097 2.26 6.30E-11 2.14 2.48 0.430  1.90 2.46 0.090  2.51 2.31 0.332 

SM(d18:1/16:0) HMDB0010169 2.22 6.00E-08 2.01 2.66 0.109  1.97 2.38 0.220  2.84 1.81 0.088 

Adenosine HMDB0000050 2.20 1.11E-04 1.84 3.01 0.322  1.60 2.18 0.063  1.69 2.39 0.949 

Propionylcarnitine HMDB0000824 2.19 7.16E-03 2.46 1.77 0.833  1.80 2.16 0.143  2.33 2.06 0.778 

Cysteic acid HMDB0002757 2.17 1.91E-02 3.17 1.10 0.027  2.66 2.17 0.383  2.37 1.29 0.816 

Tryptophan HMDB0000929 2.17 1.58E-06 2.14 2.24 0.680  1.85 2.56 0.058  3.05 2.00 0.200 

Gamma-Glutamyl-glutamic acid HMDB0011737 2.10 3.11E-05 2.11 2.09 0.287  1.71 2.56 0.271  2.55 2.11 0.493 

N-Acetyl-glutamate HMDB0001138 2.09 1.07E-09 2.08 2.10 0.811  1.87 2.20 0.180  2.19 2.02 0.868 

Hypotaurine HMDB0000965 2.05 2.19E-02 2.02 2.09 0.308  2.15 2.25 0.424  2.53 4.03 0.547 

Betaine aldehyde HMDB0001252 1.97 4.49E-07 1.85 2.21 0.182  1.52 2.17 0.011  2.14 1.98 0.842 

2-O-methyl PAF C-16 CAS 78858-44-3 1.93 1.87E-05 1.75 2.32 0.839  1.96 1.79 0.875  1.70 1.13 0.421 

Pipecolic acid HMDB0000070 1.92 2.08E-03 1.93 1.92 0.832  1.72 2.12 0.063  2.13 1.78 0.251 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

Lysine HMDB0000182 1.91 2.11E-06 1.81 2.11 0.954  1.71 2.41 0.060  2.38 1.76 0.179 

Homocysteine HMDB0000742 1.90 1.16E-06 1.66 2.42 0.457  1.33 2.64 0.120  2.40 2.24 0.789 

Arginine HMDB0000517 1.87 2.53E-09 1.82 1.96 0.930  1.53 2.28 0.011  2.20 1.56 0.080 

O-Phosphorylethanolamine HMDB0000224 1.86 5.02E-10 1.87 1.82 0.791  1.64 1.94 0.197  1.61 2.87 0.049 

Taurine HMDB0000251 1.79 1.68E-07 1.66 2.05 0.191  1.44 2.02 0.019  1.98 1.90 0.619 

Carnitine HMDB0000062 1.78 6.00E-06 1.57 2.22 0.058  1.43 1.84 0.155  2.33 1.58 0.499 

N-Methylhistamine HMDB0061685 1.78 1.28E-07 1.66 2.00 0.229  1.43 2.01 0.020  1.94 1.87 0.730 

Dihydroxyacetone HMDB0001882 1.76 2.31E-02 1.92 1.51 0.184  2.41 1.58 0.986  1.98 1.20 0.085 

Xanthosine HMDB0000299 1.76 2.27E-03 1.76 1.76 0.889  1.34 2.20 0.109  2.85 1.68 0.969 

Aconitic acid HMDB0000072 1.71 2.02E-03 1.99 1.30 0.082  1.43 1.84 0.466  1.11 2.56 0.391 

Dodecanoylcarnitine HMDB0002250 1.70 6.93E-04 1.62 1.86 0.676  2.07 1.25 0.086  2.73 1.99 0.740 

Citrulline HMDB0000904 1.69 9.44E-07 1.62 1.81 0.307  1.95 1.60 0.408  1.74 1.68 0.710 

Cholesterol HMDB0000067 1.68 6.93E-08 1.66 1.72 0.638  1.40 1.80 0.091  1.56 1.52 0.847 

Lysyl-leucine HMDB0028955 1.67 7.76E-04 1.57 1.86 0.916  1.15 2.53 0.006  1.66 1.57 0.679 

N-Acetyl-alpha-glucosamine 1-

phosphate 
HMDB0001367 1.66 2.27E-03 1.85 1.36 0.184  1.42 1.83 0.250  2.08 1.81 0.293 

Cortisone HMDB0002802 1.61 2.27E-03 1.50 1.82 0.087  1.55 1.53 0.154  1.39 1.44 0.541 

Dopamine HMDB0000073 1.61 6.36E-08 1.46 1.90 0.339  1.13 1.83 0.427  2.41 1.20 0.154 

Creatinine HMDB0000562 1.60 4.19E-07 1.55 1.70 0.517  1.35 1.75 0.108  1.77 1.41 0.224 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

dUMP HMDB0001409 1.60 8.12E-03 1.81 1.28 0.263  1.72 1.43 0.673  1.62 2.47 0.283 

Sucrose HMDB0000258 1.60 4.58E-02 1.78 1.31 0.493  2.87 1.12 0.299  1.30 1.28 0.353 

Urea HMDB0000294 1.51 6.01E-06 1.38 1.78 0.317  1.07 1.61 0.001  1.84 1.29 0.081 

Folate HMDB0000121 1.51 6.46E-04 1.69 1.22 0.781  1.57 1.52 0.585  1.75 1.57 0.745 

Ribose 5-phosphate HMDB0001548 0.64 5.97E-05 0.63 0.66 0.919  0.56 0.70 0.363  0.69 0.62 0.474 

N-Acetylalanine HMDB0000766 0.63 3.97E-06 0.60 0.70 0.402  0.83 0.60 0.209  0.72 0.79 0.480 

Inosine 5'-diphosphate HMDB0003335 0.57 3.00E-04 0.52 0.68 0.232  0.80 0.53 0.190  0.49 0.73 0.544 

Glyoxylate HMDB0000119 0.56 2.48E-03 0.46 0.78 0.460  0.40 0.69 0.416  0.75 0.51 0.610 

ADP HMDB0001341 0.56 3.47E-04 0.51 0.65 0.222  0.76 0.49 0.411  0.46 0.72 0.644 

Adenylosuccinate HMDB0000536 0.55 5.37E-04 0.50 0.66 0.216  0.77 0.49 0.444  0.46 0.72 0.746 

Testosterone sulfate HMDB0002833 0.54 3.88E-06 0.56 0.50 0.353  0.52 0.54 0.399  0.49 0.65 0.118 

3-Indolepropionic acid HMDB0002302 0.51 2.55E-02 0.55 0.46 0.060  0.69 0.43 0.770  0.55 0.41 0.769 

Gamma-Glu-Gln HMDB0011738 0.50 1.21E-05 0.51 0.49 0.805  0.40 0.66 0.236  0.49 0.46 0.578 

Methylsuccinic acid HMDB0001844 0.50 3.32E-06 0.50 0.50 0.502  0.39 0.61 0.067  0.52 0.61 0.628 

Uridine triphosphate HMDB0000285 0.48 3.23E-03 0.50 0.44 0.770  0.81 0.36 0.291  0.44 0.98 0.971 

Adenosine diphosphate ribose HMDB0001178 0.45 3.59E-04 0.49 0.38 0.526  0.66 0.35 0.232  0.34 0.81 0.272 

Adenosine triphosphate HMDB0000538 0.43 1.13E-03 0.41 0.45 0.735  0.72 0.33 0.205  0.32 1.20 0.048 

Imidazoleacetic acid HMDB0002024 0.39 2.01E-03 0.36 0.45 0.225  0.189 0.54 0.053  0.40 0.71 0.171 

N-Phenylacetylglutamine HMDB0006344 0.39 3.43E-04 0.40 0.36 0.380  0.46 0.32 0.108  0.38 0.43 0.458 
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    Stages  Grades  Recurrence 

Metabolite HMDB/CAS ID FC p # ES LS p ##  LG HG p ##  Yes No p ## 

Fumarate HMDB0000134 0.36 6.13E-04 0.36 0.35 0.711  0.30 0.35 0.258  0.33 0.28 0.198 

5-Phosphomevalonate HMDB0001343 0.33 3.15E-04 0.40 0.23 0.165  0.23 0.40 0.090  0.54 0.28 0.148 

NAD+ HMDB0000902 0.32 3.75E-03 0.28 0.40 0.506  0.87 0.189 0.140  0.36 0.62 0.451 

5-Pyrophosphomevalonate HMDB0001981 0.30 1.74E-06 0.31 0.29 0.602  0.31 0.29 0.533  0.26 0.41 0.473 

myo-Inositol HMDB0000211 0.29 7.97E-11 0.26 0.36 0.319  0.24 0.35 0.170  0.30 0.35 0.337 

Hippuric acid HMDB0000714 0.29 2.52E-03 0.25 0.39 0.880  0.26 0.29 0.673  0.39 0.25 0.749 

Ascorbic acid-2-sulfate HMDB0060649 0.29 2.66E-05 0.28 0.31 0.900  0.195 0.33 0.037  0.26 0.23 0.492 

2-Aminoadipic acid HMDB0000510 0.28 2.51E-08 0.27 0.28 0.716  0.172 0.39 0.010  0.32 0.47 0.392 

3-Phosphoglyceric acid HMDB0000807 0.21 8.02E-07 0.22 0.189 0.501  0.194 0.22 0.552  0.58 0.23 0.997 

Lactose HMDB0000186 0.190 2.16E-07 0.21 0.161 0.161  0.20 0.198 0.994  0.164 0.173 0.373 

Nicotinamide ribotide HMDB0000229 0.166 2.41E-03 0.145 0.21 0.662  0.34 0.104 0.593  0.24 0.28 0.248 

Allantoin HMDB0000462 0.161 1.14E-04 0.20 0.105 0.116  0.36 0.111 0.165  0.099 0.119 0.361 

Phosphoenolpyruvate HMDB0000263 0.065 8.83E-11 0.066 0.064 0.978  0.095 0.050 0.771  0.081 0.108 0.967 

Glycerol 3-phosphate HMDB0000126 0.024 3.59E-10 0.027 0.020 0.578  0.028 0.019 0.982  0.017 0.054 0.290 

p-values: # tumors vs. normal adjacent tissues; ## comparison between different stages, grades or recurrence situations (bold for p <0.05).  

ES: early-stage; LS: late-stage; LG: low-grade; HG: high-grade. 
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Table 3.5 Validation of dysregulation trends of ESCC tumor biomarkers by targeted 

metabolomics 

 Targeted metabolomics  Untargeted metabolomics 

Metabolite FC p-value  FC AUC 

Kynurenine 9.54 1.44E-10  12.14 0.981 

Spermidine 4.90 3.89E-06  4.23 0.971 

Citicoline 13.96 2.42E-16  8.36 0.954 

Deoxyinosine 11.89 9.52E-09  5.98 0.950 

Glutamic acid 2.57 2.74E-13  2.04 0.942 

S-Adenosylmethionine 7.68 3.24E-10  7.32 0.934 

N1-Acetylspermidine 8.17 7.07E-11  5.57 0.910 

Histidine 2.37 7.53E-14  2.33 0.899 

Xanthine 3.72 4.43E-09  4.39 0.870 

Myoinositol 0.29 7.97E-11  0.40 0.868 

Asymmetric 

dimethylarginine 
4.82 4.11E-12  2.78 0.861 

Glycerophosphocholine 6.86 5.80E-11  6.03 0.861 

Tryptophan 2.17 1.58E-06  2.04 0.857 

Aspartic acid 3.32 1.11E-08  2.10 0.845 

Xanthosine 1.76 2.27E-03  4.17 0.815 

N-epsilon-Acetyllysine 5.39 5.86E-08  2.03 0.814 

S-Adenosyl- 

homocysteine 
4.44 1.61E-14  2.00 0.796 

Citrulline 1.69 9.44E-07  2.84 0.794 

AMP 3.87 3.12E-05  4.45 0.792 

Phosphorylcholine 4.16 1.78E-03  2.93 0.773 

Aminoadipic acid 0.28 2.51E-08  0.47 0.766 

2-Methylbutyroyl- 

carnitine 
2.90 3.58E-05  3.48 0.756 
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3.3.2 Dysregulated metabolic pathways revealed by combining metabolomic 

and proteomic profiling analyses 

In the global proteomic profiling, over 6000 proteins were identified with 

acceptable confidence. Among them, 1637 were found upregulated in tumor, and 

549 were downregulated. Network enrichment analysis (Figure 3.2) has revealed 

that purine and pyrimidine metabolisms were upregulated, and carbon metabolism 

and fatty acid degradation were downregulated. By combining the results from 

targeted metabolomic profiling, joint pathway impact analysis found that the most 

dysregulated metabolic pathways were one-carbon metabolism (folate metabolism), 

purine and pyrimidine metabolism, and amino acid-related metabolisms (Figure 

3.3). Selected enzymes associated with the dysregulated metabolic pathways were 

further monitored by targeted proteomic profiling in PRM mode. The detailed FC 

and p-values were listed in Table 3.6. 
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Figure 3.2 Protein network enrichment analysis on the (A) upregulated and (B) 

downregulated proteins detected in global proteomic profiling. Labels indicate the 

number of dysregulated proteins in a pathway. 
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Figure 3.3 Joint pathway impact overview of differential proteins and metabolites 

on metabolic pathways. 1. One carbon pool by folate; 2. Purine metabolism; 3. 

Pyrimidine metabolism; 4. Glycine, serine and threonine metabolism; 5. Arginine 

biosynthesis; 6. Glutathione metabolism; 7. Alanine, aspartate and glutamate 

metabolism; 8. Arginine and proline metabolism; 9. Histidine metabolism. Larger 

bubbles represent higher pathway impact scores; deeper colors of bubble represent 

lower p-values for pathway dysregulation. 
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Table 3.6 Fold changes of detected metabolic enzymes on relevant pathways 

Pathway Enzyme name Gene code FC p-value 
PRM or 

DDA 

Polyamine 

synthesis 
Ornithine decarboxylase ODC1 Upreg. N/A PRM 

 Spermidine synthase SRM 4.5496 <0.0001 PRM 

 Spermine synthase SMS 2.1173 <0.0001 PRM 

Urea cycle Argininosuccinate synthase ASS1 1.8301 0.0102 PRM 

 Argininosuccinate lyase ASL 1.9688 0.0002 PRM 

 Ornithine carbamoyltransferase OTC 3.1672 0.3859 PRM 

 
Carbamoyl-phosphate synthase 

[ammonia], mitochondrial 
CPS1 1.0500 1.0000 DDA 

Methionine 

metabolism 
Methionine sulfoxide reductase MSRA 1.2210 0.2440 PRM 

 SAM synthase 1 MAT1A 2.7453 <0.0001 PRM 

 SAM synthase 2 MAT2A 2.9177 <0.0001 PRM 

 
S-methyl-5'-thioadenosine 

phosphorylase 
MTAP 1.2392 0.2822 PRM 

 
DNA (cytosine-5)- 

methyltransferase 1 
DNMT1 8.2398 <0.0001 PRM 

 
Phosphatidylethanolamine N-

methyltransferase 
PEMT 1.9802 0.0189 PRM 

 Adenosylhomocysteinase AHCY 3.9268 <0.0001 PRM 

 Methionine synthase MTR 1.0858 0.5736 PRM 

 Cystathione beta-synthase CBS Upreg. N/A PRM 

 
Glutamate--cysteine ligase 

catalytic subunit 
GCLC 1.6652 0.0521 DDA 

 Glutathione synthetase GSS 1.6734 0.0027 DDA 

 
Glutathione reductase, 

mitochondrial 
GSR 0.9549 0.9752 DDA 

 Glutathione peroxidase GPX1 1.3127 0.0956 DDA 

Folate 

metabolism 
Dihydrofolate reductase DHFR Upreg. N/A DDA 

 
C-1-tetrahydrofolate synthase, 

cytoplasmic 
MTHFD1 1.9203 <0.0001 DDA 
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Pathway Enzyme name Gene code FC p-value 
PRM or 

DDA 

 

Monofunctional C1-

tetrahydrofolate synthase, 

mitochondrial 

MTHFD1L 8.8379 <0.0001 DDA 

 

Bifunctional 

methylenetetrahydrofolate 

dehydrogenase/cyclohydrolase, 

mitochondrial 

MTHFD2 Upreg. N/A DDA 

 
Serine hydroxymethyltransferase, 

cytosolic 
SHMT1 1.1201 0.9121 DDA 

 
Methylenetetrahydrofolate 

reductase 
MTHFR Upreg. N/A DDA 

Purine 

metabolism 
Cytosolic purine 5-nucleotidase NT5C2 1.5286 0.0310 DDA 

 Purine nucleoside phosphorylase PNP 2.7377 0.0003 DDA 

 
GMP synthase [glutamine-

hydrolyzing] 
GMPS 11.9344 <0.0001 DDA 

 
Hypoxanthine-guanine 

phosphoribosyltransferase 
HPRT1 2.5631 <0.0001 DDA 

 GMP reductase 1 GMPR 0.6626 0.2826 DDA 

 AMP deaminase 1 AMPD1 0.2962 0.0217 DDA 

 Adenylosuccinate lyase ADSL 1.2781 0.3125 DDA 

 Adenosine deaminase ADA 1.1641 0.7479 DDA 

 
Adenine 

phosphoribosyltransferase 
APRT 1.8993 <0.0001 DDA 

Tryptophan 

metabolism 
Indoleamine 2,3-dioxygenase 1 IDO1 5.6136 0.0015 PRM 

 Kynureninase KYNU 2.2796 0.4316 DDA 

 
3-Hydroxyanthranilate 3,4-

dioxygenase 
HAAO 0.5088 0.0016 DDA 

Kennedy 

pathway 
Choline transporter-like protein 1 SLC44A1 5.3081 0.0009 PRM 

 Choline transporter-like protein 2 SLC44A2 1.0393 0.7558 PRM 

 Choline/ethanolamine kinase CHKB 1.5786 0.0680 PRM 

 
Choline-phosphate 

cytidylyltransferase A 
PCYT1A 5.1129 <0.0001 PRM 
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Pathway Enzyme name Gene code FC p-value 
PRM or 

DDA 

 
Choline/ethanolamine 

phosphotransferase 1 
CEPT1 Upreg. N/A DDA 

Phospholipid 

remodeling 
Phospholipase D1 PLD1 1.6991 0.0143 PRM 

 Phospholipase D2 PLD2 2.3456 0.0006 PRM 

 Phospholipase D3 PLD3 6.0009 <0.0001 PRM 

 
Phospholipase A2, membrane 

associated 
PLA2G2A 0.4328 0.2400 PRM 

 Cytosolic phospholipase A2 PLA2G4A 3.1320 0.0291 PRM 

 Cytosolic phospholipase A2 beta PLA2G4B 1.0068 0.9866 PRM 

 
Cytosolic phospholipase A2 

epsilon 
PLA2G4E 9.0202 0.0024 PRM 

 
85/88 kDa calcium-independent 

phospholipase A2 
PLA2G6 2.5478 <0.0001 PRM 

 Group XV phospholipase A2 PLA2G15 6.0494 <0.0001 PRM 

 
Phospholipase A-2-activating 

protein 
PLAA 1.9932 0.0018 PRM 

 
1-acyl-sn-glycerol-3-phosphate 

acyltransferase alpha 
AGPAT1 1.3099 0.2461 DDA 

 
1-acyl-sn-glycerol-3-phosphate 

acyltransferase epsilon 
AGPAT5 0.9712 1.0000 DDA 

 

Acyl-CoA: 

lysophosphatidylglycerol 

acyltransferase 1 

LPGAT1 0.9351 0.9904 DDA 

 
Diacylglycerol O-acyltransferase 

1 
DGAT1 1.2539 0.6207 DDA 

 Lysocardiolipin acyltransferase 1 LCLAT1 0.6985 0.2093 DDA 

 
Lysophosphatidylcholine 

acyltransferase 1 
LPCAT1 2.1254 0.0098 DDA 

 
Lysophosphatidylcholine 

acyltransferase 2 
LPCAT2 1.1224 0.6495 DDA 

 
Lysophospholipid acyltransferase 

2 
MBOAT2 1.5015 0.3782 DDA 

 
Lysophospholipid acyltransferase 

5 
LPCAT3 1.9795 0.0003 DDA 
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Pathway Enzyme name Gene code FC p-value 
PRM or 

DDA 

 
Lysophospholipid acyltransferase 

7 
MBOAT7 1.4206 0.0080 DDA 

Ceramide 

metabolism 
Ceramide synthase 2 CERS2 6.3767 0.0588 PRM 

 Ceramide synthase 4 CERS4 2.4882 0.0169 PRM 

 Ceramide synthase 6 CERS6 11.7751 0.1255 PRM 

 Ceramide glucosyltransferase UGCG 2.1326 0.0812 PRM 

Amino acid 

transporters 

Large neutral amino acids 

transporter small subunit 1 
SLC7A5 4.3156 0.0036 PRM 

 
Large neutral amino acids 

transporter small subunit 2 
SLC7A8 Upreg. N/A PRM 

Bold for significantly altered proteins. Upreg.: proteins only detected in tumor 

samples, p-values cannot be calculated. 

 

3.3.3 Polyamine biosynthesis 

Polyamines are a class of bioactive molecules that are essential to cell proliferation. 

In cancers, polyamines levels are often found elevated for tumor progression [77, 

78]. Polyamines are synthesized from putrescine to spermidine and further to 

spermine via spermidine synthase (SRM) and spermine synthase (SMS) 

respectively, and can be detoxified by spermidine/spermine acetyltransferase 1 

(SAT1) to form acetylated polyamines (Figure 3.4). SAT1 is controlled by p53 

cancer suppressor gene, and can be activated by overaccumulation of polyamines 

[92, 93]. In our study, all three polyamine metabolites were significantly 

upregulated in ESCC tumors. In addition, expressions of SRM and SMS were also 
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upregulated in the tumors, indicating the active biosynthesis of polyamines in 

ESCC. To note, in ES tumors, FC of acetylputrescine were significantly higher than 

those in LS tumors, while that of spermidine did not exhibit grade-dependent 

changes. Based on these results on polyamines, we propose that the expression of 

SAT1 was less activated in LS tumors. The results may imply that invasion of 

ESCC tumor was fueled by elevated synthesis and reduced catabolism of 

polyamines.  

Ornithine decarboxylase (ODC) is one of the two rate-limiting enzymes involved 

in the biosynthesis of polyamines; the other being adenosylmethionine 

decarboxylase 1 (AMD1) [78]. As an enzyme induced by Myc proto-oncogene [78], 

ODC is responsible for transforming ornithine to putrescine, the starting polyamine. 

In ESCC tumors, polyamines and ODC were detected upregulated, with ornithine 

level not affected significantly. The results proved that ODC overexpression was a 

key factor in elevated polyamine biosynthesis in ESCC. Previous studies have 

discovered the effects of ODC of promoting tumor formation [94], and a targeted 

inhibitor has been used in clinical application for chemoprevention of colon and 

pancreatic cancers [79, 95]. This evidence suggests that ODC may serve as a 

chemopreventive target for ESCC.  
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Figure 3.4 Perturbation of polyamine biosynthesis and urea cycle in ESCC tumor. Upregulation of metabolites/enzymes is shown in orange/red; 

downregulation is shown in blue; metabolites/enzymes not detected are shown in gray/in brackets. Ac: acetyl; dcSAM: decarboxylated S-

adenosylmethionine; MTA: methylthioadenosine; -P: phosphate. Boxplots in small panels show the upregulation of enzymes and their peptides of 

measurement (*** p <0.001); T: tumor; N: normal adjacent tissue.  
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3.3.4 Methionine metabolisms 

As shown in the pathway scheme (Figure 3.5), SAM is produced through 

condensing methionine and ATP by methionine adenosyltransferases MAT1A and 

MAT2A. In our results, SAM was upregulated, as well as the enzymes MAT1A/2A, 

which may indicate the elevation in SAM was a direct result of the overexpression 

of the enzymes. 

In biological systems, SAM undergoes methionine recycling via two different 

metabolic pathways: the methionine salvage pathway and the methylation cycle. In 

methionine salvage pathway, SAM takes part in polyamine synthesis, and is 

transformed into decarboxylated SAM (dcSAM) to provide an aminopropyl 

building block for the generation of methylthioadenosine (MTA). The recycling of 

the byproduct MTA is initiated by MTA phosphorylase (MTAP) [78]. Although 

MTAP was reported to be absent in a wide range of cancers, leading to a lack of 

methionine [96], this may not be the case for ESCC. In our results, MTAP was not 

significantly changed in ESCC tumors, and methionine was neither downregulated. 

Therefore, lack of MTAP may not be a characteristic of ESCC. 
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Figure 3.5 Perturbation of methionine and folate metabolisms in ESCC tumor. Upregulation of metabolites/enzymes is shown in orange/red; 

metabolites/enzymes not detected are shown in gray/in brackets. SAM: S-adenosylmethionine; SAH: S-adenosylhomocysteine; THF: 

tetrahydrofolate. Boxplots in small panels show the upregulation of enzymes and their peptides of measurement (*** p <0.001); T: tumor; N: 

normal adjacent tissue. 



 

-106- 

In the methylation cycle, SAM is converted into S-adenosylhomocysteine (SAH) 

by DNA (cytosine-5)-methyltransferase 1 (DNMT1) [97]. The ratio of SAM/SAH 

indicates the cellular methylation potential [98]. In ESCC tumors, we found the 

ratio of SAM/SAH was upregulated, which was in line with the overexpression of 

DNMT1 enzyme. These dysregulations implied DNA hypermethylation in ESCC. 

Glutathione (GSH) is synthesized from homocysteine, an intermediate 

metabolite in the methylation cycle. Upon oxidative stress, GSH is oxidized into 

GSH disulfide (GSSG) and the lower GSH/GSSG ratio is a marker of high oxidative 

stress [99]. Recent research has discovered that reduced oxidative stress is 

beneficial to tumorigenesis as oxidative stress is produced during activated 

proliferation of cancer cells [100]. In our results, GSH level was upregulated in 

ESCC tumors, and the GSH/GSSG ratio also increased. The upregulated GSH 

antioxidant system in ESCC suggested that cancer cells sustained proliferation by 

buffering oxidative stress. 

 

3.3.5 Folate metabolism and purine metabolism 

Folate metabolism, also known as the one-carbon metabolism, is the transfer of one-

carbon units in cells using tetrahydrofolate (THF) as the substrate. This biological 

process serves to replenish the methylation cycle of methionine, and to facilitate de 
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novo biosynthesis of purines [101, 102]. As shown in Figure 3.5, various types of 

THF forms have been detected upregulated in ESCC tumors. The key enzymes in 

the cycle, the methylenetetrahydrofolate dehydrogenase family (MTHFD1L/2), 

were also found overexpressed in the tumors, indicating the activated folate 

mechanism in ESCC. This result suggested that the general upregulated levels of 

purine nucleosides, nucleotides and nucleobases (Figure 3.6) was directly related to 

the activation of purine de novo synthesis. 

Purines and enzymes for purine biosynthesis are fundamental for tumor 

proliferation, and were found elevated in tumor cells [103]. As a prerequisite for 

the purine biosynthesis, the folate metabolism is a key regulator for cell growth 

[104]. Recent research has revealed that overexpression of MTHFD enzymes is 

related with tumor cell proliferation and poorer prognosis in different types of 

human cancers [105-107]. The MTHFD enzymes have been proposed as 

therapeutic targets for anticancer treatments on hepatocellular carcinoma and 

myeloid leukemia [106, 108]. Our results have implied that MTHFD enzymes could 

also be a therapeutic target for ESCC by suppressing the flux of de novo purine 

biosynthesis. 
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Figure 3.6 Perturbation of purine metabolism in ESCC tumor. Upregulation of metabolites/enzymes is shown in orange/red; downregulation is 

shown in blue; metabolites/enzymes not detected are shown in gray/in brackets. ADS: adenylosuccinate. 
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3.3.6 Tryptophan metabolism 

On the major catabolism pathway of tryptophan, approximately 99% of tryptophan 

is metabolized into kynurenine and eventually quinolinic acid [109]. Indoleamine-

2,3-dioxygenases 1 and 2 (IDO1/2) and tryptophan-2,3-dioxygenase (TDO) are 

responsible for the rate-limiting conversion step of tryptophan into kynurenine 

(Kyn) in somatic cells [109]. Cancer cells may survive and proliferate by 

suppressing immune responses through IDO1 [110]. The elevated expression of 

IDO1 is found in a wide range of human cancers including ESCC, and high Kyn/Trp 

ratios are related with poor prognosis [80, 111, 112]. In our results, we have found 

profound upregulations of kynurenine with FC over 10. Tryptophan was also 

slightly upregulated in ESCC tumors, but the Kyn/Trp ratio remained high (Figure 

3.7). On the other hand, FC of kynurenine in HG tumors were significantly higher 

than those in LG tumors. The evidences suggested a higher level of 

immunosuppressive catabolism in HG tumors, which may lead to the high 

proliferative potential and poor prognosis of ESCC. 
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Figure 3.7 Perturbation of tryptophan metabolism in ESCC tumor. Upregulation of 

metabolites/enzymes is shown in orange/red; metabolites/enzymes not detected are 

shown in gray/in brackets. 5-HTP: 5-hydroxytrptophan; 3-HKYN: 3-

hydroxykynurenine; 3-HAA: 3-hydroxyanthranilic acid. Boxplot in the small panel 

shows the upregulation of IDO1 and the peptide of measurement (** p <0.01); T: 

tumor; N: normal adjacent tissue. 

 

3.3.7 Lipid biosynthesis – Choline metabolism 

In the Kennedy pathway (Figure 3.8), cells uptake choline to synthesize 

phosphatidylcholine, a key component of phospholipid bilayer of the cellular 

membrane [113]. Several metabolic intermediates and enzymes in the biosynthetic 

pathway have been discovered to be elevated or activated in many cancers [114, 

115], however studies on ESCC are few. In our study, choline, phosphorylcholine, 

glycerophosphocholine and citicoline were all elevated in ESCC tumors. In addition, 

choline transporter-like protein 1 (CTL1, SLC44A1) for cellular choline uptake, 
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and CTP:phosphocholine cytidylyltransferase (CCT, PCYT1A) in the pathway 

were overexpressed in ESCC tumors. CCT converts phosphorylcholine to citicoline, 

and is the rate-limiting step in the Kennedy pathway [113]. These results may 

indicate that the profound elevation of citicoline was directly triggered by the 

overactivated CCT. Similar to other types of human cancers [115, 116], activation 

of CTL1 and CCT may indicate an active cancer cell proliferation by promoting 

phospholipid biosynthesis, and accelerate the tumor growth in ESCC. 

 

Figure 3.8 Perturbation of Kennedy pathway (phosphatidylcholine biosynthesis) in 

ESCC tumor. Upregulation of metabolites/enzymes is shown in orange/red; 

enzymes not detected are shown in brackets. GP-choline: glycerophosphocholine. 
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3.3.8 Lipid biosynthesis – Fatty acyl chain distribution and phospholipid 

remodeling 

In the phospholipid biosynthesis and catabolism, fatty acyl chains participate 

incorporate into the lipid biomolecules as acyl CoA species and leave as free fatty 

acids [115, 117, 118]. In our study, we monitored the changes in FFA and CoA 

species with different lengths of carbon chain and unsaturation degrees. As shown 

in Figure 3.9, the majority of FFAs exhibited an elevation in the tumors, and the 

polyunsaturated fatty acids (PUFA) with a C20 or C22 chain showed the highest 

FCs. Since the very long-chain PUFAs cannot be synthesized de novo [119], this 

finding reflected the enhanced uptake of dietary fatty acids of ESCC. 

On the other hand, the variations in acyl CoA species showed a similar trend with 

the results of global lipidomic profiling. C16 and C18-CoAs did not show 

significant changes in tumor tissues. C10-CoA showed a downregulating trend 

which matches with the downregulation in medium-chain TGs, although the p-

value was not significant. C14, C20 and C22-CoAs were significantly elevated in 

tumor tissues, as the corresponding phospholipid biomarkers were also such 

upregulated with a high diagnostic potential (Table 3.7). These results have 

suggested the ability of the acyl CoA levels, but not FFA levels, as an index for 

cellular phospholipid composition. 
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Figure 3.9 Fold changes of free fatty acids (FFA) and acyl CoA species in ESCC tumor. * p <0.05; *** p <0.001. 
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Table 3.7 Selection of discriminative lipid biomarkers with C14, C20 and C22-

chains 

Lipid biomarker m/z, 

polarity 

VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

PC(14:0/20:4) +754.5381 1.45 4.89 1.18E-27 0.962 

PC(14:0/14:0) +678.5068 1.98 15.47 3.12E-30 0.960 

PC(18:2/22:6) +830.5694 1.33 3.94 1.73E-18 0.942 

PC(22:0/20:2) +870.6946 1.66 9.27 7.29E-28 0.933 

PI(16:0/20:4) +876.5597 1.02 2.25 4.12E-23 0.931 

PC(14:0/22:5) +780.5538 1.25 3.61 7.37E-22 0.907 

 

Phospholipids involve in two metabolic pathways: the de novo biosynthesis 

(Kennedy pathway) and the remodeling pathway (Lands’ cycle). In each step, 

different families of acyltransferases facilitate the biosynthetic process (Figure 3.10) 

[117]. In the de novo synthesis, the first acyl-CoA moiety provides a fatty acyl chain 

to the sn-1 position of glycerol-3-phosphate (G3P) to form LPA, catalyzed by 

glycerol-3-phosphate acyltransferase (GPAT) family. The second fatty acyl chain 

is added to the sn-2 position of LPA to form PA, catalyzed by LPA acyltransferase 

(LPAAT) family [118]. In the remodeling cycle, various classes of phospholipids 

can undergo modification of sn-2 acyl chain composition. The fatty acyl chains are 

cleaved by phospholipase A2 family, and recovered by lysophospholipid 

acyltransferase (LPLAT) family enzymes [120]. 
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Figure 3.10 Pathways and enzymes involved in phospholipid biosynthesis and 

remodeling. This research was originally published in the Journal of Biological 

Chemistry [117]. Shindou and Shimizu, Acyl-CoA:Lysophospholipid 

Acyltransferases. J. Biol. Chem. 2009; 284: 1-5. © the Authors. 

 

Acyltransferase isomers in the GPAT/LPAAT/LPLAT families have their 

specific preferences on fatty acyl substrates [117]. In our results, CoAs and 

phospholipids with C14, C20 and C22 chains were strongly upregulated in the 

tumors. This distribution in the lipid composition of ESCC tumor may imply a 

significant activation of relevant acyltransferases. Especially, the elevation in levels 
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of PC(14:0/14:0), a phospholipid with two myristoyl chains suggested the 

preference towards the myristoyl chain of activated acyltransferases targeted at both 

sn-1 (GPAT) and sn-2 (LPAAT and LPLAT) positions. 

Previous research has revealed that LPAAT1 (AGPAT1) has the preference 

towards C14:0 and C20:4 chains at sn-2 position [121]. However, our DDA 

proteomics results (Table 3.6) does not show a significant upregulation in this 

enzyme. To our knowledge, studies on the preference of acyltransferases were not 

comprehensive enough. It remains a challenge to discover the biofunction of all 

acyltransferase isomers, in order to provide a new aspect into the mechanism of 

lipid biosynthesis in cancer. 

 

3.3.9 Differential metabolites associated with cancer stages, grades or 

recurrence 

Among the dysregulated metabolites in cancer tissues, only three exhibited different 

levels of dysregulation between ES/LS, while 28 exhibited different levels between 

LG/HG. This finding confirmed that the metabolic reprogramming in HG tumors 

are more profound. On the metabolites discussed above, kynurenine and 

phosphorylcholine were elevated in tumors with high diagnostic potential; and this 

trend was even more significant in HG tumors than in LG tumors. 
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During our 5-year follow-up, 18 patients reported cancer recurrence, among 

which 15 cases happened within two years after surgery. Another 19 patients were 

confirmed living without recurrence. Targeted metabolomics data showed that the 

majority of essential amino acids (EAA) were significantly elevated in the cancer 

tissues (Table 3.4). Leucine or isoleucine had a significantly higher FC in the 

recurrence group of patients than in the non-recurrence group. Phenylalanine and 

threonine showed a significantly higher FC in the HG group than in the LG group. 

For another four EAAs (Val, Met, Trp, Lys), although this difference was not 

significant, their trends of elevation were also slightly higher in the recurrence 

group and in the HG group (Figure 3.11). Moreover, our proteomics result showed 

that LAT1 (SLC7A5), a member of the L-type amino acid transporter (LAT) family 

proteins [122] those are responsible for the taking up of EAAs into cells, was also 

higher expressed in tumor samples from the ESCC patients, which is in line with 

previous studies [123]. More evidences have shown that higher expression of LAT1 

is correlated with progression and poorer prognosis in a wide range of human 

cancers including ESCC [123-125]. In this study, higher levels of EAAs in ESCC 

tumors coincided with poorer prognosis and upregulation of LAT1. These results 

suggested the prognostic potential of EAAs for ESCC patients and the correlation 

between the upregulation of EAAs and LAT1 in ESCC. 
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Figure 3.11 Fold change of essential amino acids in ESCC tumors from different 

patient groups according to their (A) cancer grades and (B) recurrence statuses.  

* p <0.05. 

 

3.4 Chapter summary 

In this chapter, alterations of metabolites discovered by untargeted metabolomics 

were validated using targeted profiling. Proteomic profiling was conducted to 
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validate the dysregulated metabolic pathways in ESCC tumor at the enzymatic level. 

A list of metabolite biomarkers, including leucine/isoleucine and other essential 

amino acids, was found to be correlated with cancer recurrence, while some 

metabolites showed a stage-dependent or grade-dependent perturbation in ESCC 

tumor. Polyamine, folate and purine metabolisms were activated in ESCC tumor, 

and perturbed enzymes including ODC and MTHFD could be potential therapeutic 

targets. Upregulated methionine metabolism and DNMT1 may imply the DNA 

hypermethylation in ESCC tumor. Overexpression of IDO1 on tryptophan 

metabolism reflected the immunosuppressive nature of ESCC. De novo 

biosynthesis of phospholipid was identified to be upregulated in ESCC to support 

the proliferation of cancer cells, while the remodeling of phospholipid showed a 

fatty acyl-specific trend. 
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Chapter 4.  Plasma biomarker discovery of human esophageal 

cancer using metabolomic and lipidomic profiling 

 

4.1 Introduction 

Blood is one of the most common and accessible clinical samples [47]. By using 

global and targeted profiling of plasma or serum samples from ESCC patients and 

healthy controls, diagnostic biomarkers related to lipid mechanism have been 

discovered [57, 59]. However, biomarkers found in biofluids may not directly 

reflect the pathological status of tumor tissues [126, 127]. In recent years, 

researchers have attempted to search for tumor-derived plasma/serum biomarkers 

that represent the biomechanism in lung and prostate cancers through matching the 

alteration of potential biomarkers in blood samples and in tumor tissue [62, 128]. 

In the previous chapters, metabolomics and lipidomics studies have identified 

metabolic dysregulations in ESCC tumor. In this chapter, we would like to 

investigate whether the metabolic perturbations identified in tumor tissues could be 

recaptured in plasma samples. 

The objective of this chapter is to search for dysregulated metabolites/lipids that 

are shared by plasma and tumor tissue, so as to facilitate the discovery of plasma 

biomarkers that directly reflect the pathogenesis of ESCC. 
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4.2 Materials and methods 

4.2.1 Chemical and reagents 

Chemicals and reagents were used as described in Sections 2.2.1 and 3.2.1. 

 

4.2.2 Clinical information 

Plasma samples from 100 ESCC patients and 135 healthy volunteers were obtained 

from Zhejiang Cancer Hospital, Hangzhou, China. Their demographic information 

is listed in Table 4.1. All samples were frozen at –80˚C after centrifugation until 

use. Ethics approval was obtained from the Ethics Committee of Zhejiang Cancer 

Hospital. Due to the limited sample amount, only a subset of 87 healthy control 

samples were used for targeted metabolomic profiling. 
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Table 4.1 Demographic information of ESCC patients and healthy volunteers  

 ESCC (n=100) 

Healthy (n=135) 

for lipidomics 

Healthy subset (n=87) 

for metabolomics 

Gender    

  Male 81 (81.0%) 45 (33.3%) 23 (26.4%) 

  Female 19 (19.0%) 90 (66.7%) 64 (73.6%) 

Age, years    

  Mean ± SD 62 ± 7 37 ± 11 33 ± 8 

 

4.2.3 Sample preparation 

For targeted metabolomics study, 80 μL of each plasma sample was mixed with 

320 μL of acetonitrile. The samples were incubated at –20 ˚C overnight and 

centrifuged at 14000 × g for 10 min at 4˚C. Aliquots of 160 μL were distributed and 

vacuum dried at 4˚C. The extracts were reconstituted with 100 μL of 

methanol/water (1:1, v/v) containing 80 ng/mL of 4-Cl-Phe, Arg-13C6 and 

CN(16:0)-d3. 

For lipidomic profiling, 0.3 mL of methanol was added to 40 μL of each plasma 

sample. After vortex, 1 mL of MTBE was added into the mixture. The sample vials 

were incubated for one hour at room temperature in a shaker. Subsequently, 0.25 
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mL of water was added and the mixtures were vortexed for 30 seconds. Then the 

samples were incubated for 10 min on ice and centrifuged for 10 min at 4˚C. The 

upper organic phase was distributed into aliquots of 200 μL and freeze-dried. The 

extracted lipids were reconstituted with 100 μL of ACN-IPA-water (65:30:5, v/v) 

containing 1 μg/mL of PC(19:0/19:0) for LC-MS analysis. 

 

4.2.4 LC-MS-based targeted metabolomic profiling 

Large-scale targeted metabolomic profiling analysis was carried out on a Thermo 

Vanquish UPLC system coupled to a Thermo TSQ Altis mass spectrometer 

operated in ESI+ mode as described in Section 3.2.5. 

 

4.2.5 LC-MS-based global lipidomic profiling 

Global ddMS2 lipidomic profiling analysis was performed on a Thermo UltiMate 

3000 UPLC system coupled to a Thermo Orbitrap Fusion MS system operated in 

ESI+ mode as described in Section 2.2.4. 

 

4.2.6 Data analysis 

Criteria for differential metabolites are VIP >1, p-value <0.05, and FC >1.5 (<0.67) 

in targeted metabolomic profiling or FC >2 (<0.5) in global lipidomic profiling. 
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AUC values in ROC models for individual biomarkers were calculated. Biomarkers 

with top AUC values on the relevant metabolic pathways were selected as a panel. 

PLS-DA was performed by the SIMCA-P software (Umetrics, Sweden). 

Multivariate PCA, ROC analysis and cross-validation test were performed on 

MetaboAnalyst.  

 

4.3 Results and discussion 

4.3.1 Differential metabolites in ESCC patient plasma 

In two-dimensional PCA score plots (Figure 4.1), QC samples were clustered 

together, showing good reproducibility across the analysis batch. Multivariate PLS-

DA models were built to show the metabolomic and lipidomic shift between ESCC 

plasma and control plasma. As illustrated in Figure 4.2, the two groups showed a 

clear separation in the PLS-DA score plots with good prediction coefficients 

(R2Y >0.71, Q2Y >0.62), and this was validated by a 999-time permutation test. 
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Figure 4.1 Two-dimensional PCA score plot of (A) targeted metabolomic profiling 

and (B) global lipidomic profiling of ESCC and healthy plasma samples. 

 

The general dysregulation trends of plasma biomarkers were depicted in 

heatmaps and volcano plots (Figure 4.3 and 4.4). In targeted metabolomic profiling, 

25 metabolites showed significant difference between the ESCC and control group. 

In global lipidomic profiling, 259 features were successfully detected in the samples, 

in which 12 lipids were downregulated in ESCC plasma. The details of those 

differential metabolites and lipids are listed in Table 4.2 and 4.3. 
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Figure 4.2 PLS-DA score plots (A,C) and permutation plots (B,D) reflect global 

metabolic shifts between metabolites and lipids in ESCC patient and healthy control 

plasma samples. (A,B) targeted metabolomics: R2Y=0.713, Q2Y=0.628. (C,D) 

lipidomics: R2Y=0.837, Q2Y=0.742. 
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Table 4.2 List of differential metabolites in ESCC plasma 

Metabolite VIP value Fold 

Change 

p-value AUC Alteration in 

tissue 

Hypoxanthine 2.23 0.146 6.36E-13 0.914 Upreg. 

Serotonin 1.70 3.806 2.15E-08 0.873 N/A 

Histamine 1.53 0.263 1.28E-05 0.796 No change 

1-Methylnicotinamide 1.69 0.421 2.13E-08 0.783 Upreg. 

Glycerophosphocholine 1.02 0.557 1.49E-02 0.777 Upreg. 

Inosine 1.10 0.480 3.06E-04 0.768 No change 

2-O-Methyl PAF C-16 1.63 0.555 1.07E-07 0.760 Upreg. 

AMP 1.40 0.477 7.27E-05 0.757 Upreg. 

Arginine 1.31 3.181 3.05E-05 0.755 Upreg. 

Alanine 1.07 0.667 4.18E-03 0.737 Upreg. 

Creatine 1.19 0.669 3.21E-04 0.734 No change 

N1-Acetylspermidine 1.68 1.962 1.04E-07 0.732 Upreg. 

1-Methylguanosine 1.43 1.775 2.42E-05 0.731 Upreg. 

Cystine 1.52 2.340 6.74E-07 0.730 Upreg. 

N2,N2-Dimethyl- 

guanosine 
1.56 1.740 1.02E-05 0.725 Upreg. 

Methionine 1.29 0.646 4.78E-05 0.719 Upreg. 

Lysyl-leucine 1.26 2.397 7.15E-05 0.717 Upreg. 

Pipecolic acid 1.44 0.479 8.79E-05 0.700 Upreg. 

Palmitoylcarnitine 1.39 0.570 1.47E-05 0.696 Upreg. 

Malonylcarnitine 1.09 3.151 1.64E-03 0.691 No change 

Leucylproline 1.11 3.546 8.68E-04 0.676 Upreg. 

Stearoylcarnitine 1.33 0.635 1.05E-04 0.672 Upreg. 

3-Indoleacetic acid 1.26 0.604 7.82E-05 0.647 N/A 

Indole 1.33 0.651 1.32E-04 0.603 No change 

N-Acetyl-glutamate 1.06 1.996 1.73E-03 0.595 Upreg. 

Alteration in tissue: the corresponding alteration trend in tissue metabolomics 

results. Upreg./Downreg.: significant up-/downregulation; No change: no 
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significant alteration; N/A: low detection rate in tissue metabolomic study. Bold for 

metabolites showing the same alteration trends in both datasets. 

 

Table 4.3 List of differential lipids in ESCC plasma 

Lipid class Lipid annotation VIP 

value 

Fold 

Change 

p-value AUC 

Acylcarnitines AcCa(18:2) 1.96 0.420 3.47E-30 0.908 

Lysophosphocholines LPC(16:0e) 1.69 0.355 8.84E-26 0.908 

 LPC(16:0) 1.75 0.448 4.11E-28 0.907 

 LPC(15:0) 1.69 0.422 9.99E-27 0.899 

 LPC(14:0) 1.76 0.404 2.14E-27 0.894 

 LPC(18:0p) 1.64 0.395 6.25E-24 0.892 

 LPC(16:0p) 1.65 0.440 7.11E-25 0.885 

 LPC(18:0e) 1.56 0.423 4.97E-22 0.860 

 LPC(17:0) 1.46 0.441 2.09E-19 0.855 

Phosphocholines PC(16:1p/18:2) 1.12 0.362 9.77E-12 0.817 

 PC(39:5) 1.08 0.365 1.12E-10 0.791 

 PC(16:0p/18:2) 1.19 0.433 1.55E-12 0.775 
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Figure 4.3 Heatmaps of the (A) differential metabolites and (B) lipids in ESCC 

patient plasma. 
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Figure 4.4 Volcano plots of (A) differential metabolites and (B) lipids of ESCC and 

control plasma samples. Orange/blue dots represent up/downregulated 

metabolites/lipids; gray dots represent metabolites/lipids without significant 

alteration. 

 

4.3.2 Association of differential plasma metabolites with dysregulated 

metabolism in ESCC tumor 

There were eight differential metabolites showing the same alteration trends in 

ESCC tumors as in ESCC blood plasma, all of which being upregulated (Figure 

4.5). These tumor-derived potential biomarkers include arginine and 

acetylspermidine, which are associated with the urea cycle and polyamine 

biosynthesis. Arginine is a critical amino acid for tumor growth, and depletion of 

arginine has been found to have anti-cancer effects [129, 130]. Plasma arginine 

level of prostate cancer patients was also found upregulated [130]. 

Acetylspermidine is an acetylated derivative of the polyamine spermidine by SAT1. 
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Active polyamine biosynthesis is supportive for tumor invasion and progression, 

and upregulated polyamines are characteristic in many cancers [78]. Elevated 

excretion of acetylated polyamines in urine have been recognized as a clinical 

biomarker of cancers [131]. In our study, acetylspermidine were upregulated in 

tumor tissues and in plasma. We speculate that this trend might be correlated with 

excretion of acetylated polyamines in tumor cells to extracellular space. 

 

 

Figure 4.5 Comparison of fold changes of targeted metabolites in ESCC tumor 

tissue and blood plasma. All metabolites listed were significantly upregulated (p 

<0.05). 
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Methylguanosine and dimethylguanosine also showed the consistent 

upregulation in both plasma and tumor. They belong to the category of methylated 

purine nucleosides. Increased levels of modified nucleosides have been revealed to 

be related with malignant diseases, and have been used as blood or urinary 

biomarkers in various types of cancers [132-134]. It is widely accepted that 

elevation of modified nucleosides in cancers is resulted from the activation of 

transfer RNA methyltransferase [135]. This trend may be consistent with the 

elevated methylation potential indicated by the upregulation of the methyl donor, 

SAM in ESCC tumor tissues. 

It is worth noticing that two other purine metabolites, hypoxanthine and inosine 

were downregulated in ESCC plasma. Although their dysregulation trends in 

plasma and tissue were not consistent, they showed reasonable AUC values in ROC 

models. Degradation of hypoxanthine and inosine were catalyzed by xanthine 

oxidase, producing uric acid [103]. There have been reports on upregulation of 

purine catabolism in plasma of cancer patients through xanthine oxidase [136], 

however, this hypothesis needs further validation. 

In the lipidomic data (Table 4.3), all the significantly differentiated lipids were 

downregulated, with the majority being LPCs. Previous research has found the 

downregulation trend of LPCs in plasma of ESCC patients, and suggested its 
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correlation with activated catabolism of LPCs [57, 59]. On the other hand, the 

alteration trend of lipids in ESCC plasma differed from that in tumor tissue (Table 

4.4). This downregulating trend of plasma LPCs may be consistent with the 

upregulation of PCs in tumor tissue (Figure 4.6), implying an active biosynthesis of 

PCs from LPCs and an accumulation of phospholipids in ESCC tumor tissue. 

 

Table 4.4 Comparison of distributions by lipid class of dysregulated lipids in ESCC 

patient plasma and tumor 

 Plasma   Tissue  

Lipid class Up Down  Up Down 

Phosphocholines (PC) 0 3  26 0 

Lysophosphocholines (LPC) 0 8  1 0 

Other phospholipids 0 0  12 1 

Acylcarnitines (AcCa) 0 1  4 0 

Other lipids 0 0  14 7 

Up/Down: up-/downregulated in plasma or tissue. 
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Figure 4.6 Simplified scheme on phosphocholine remodeling pathway, showing 

phosphocholines (PC) upregulated (orange) in tumor tissue and 

lysophosphocholines (LPC) downregulated (blue) in plasma. PLA2: phospholipase 

A2; LPCAT: LPC acyltransferases. 

 

4.3.3 Diagnostic potential of differential metabolites in ESCC plasma 

ROC models were established to evaluate the diagnostic potentials of the 

differential plasma metabolites (Table 4.2). In the list, hypoxanthine reached the 

highest individual AUC value of 0.914 (Figure 4.7A). Among the differential 

metabolites showing the same upregulation trends as in tumor, five showed an AUC 

value >0.72, including arginine, acetylspermidine, methylguanosine, cystine and 

dimethylguanosine (Figure 4.7B-F). These tumor-derived potential biomarkers 

were selected as a panel for multivariate analysis. 

 



 

-135- 

 

Figure 4.7 Receiver operating characteristic (ROC) curves and boxplots of peak 

intensity distribution showing diagnostic ability of selected differential metabolites 

in ESCC plasma. AUC: area under curve; NPI: normalized peak intensity. *** p 

<0.001. 

 

Multivariate ROC analysis demonstrated the good capability of the biomarker 

panel to distinguish ESCC plasma from control plasma (AUC = 0.849, Figure 4.8A). 

The diagnostic sensitivity (percentage of patients predicted as patients) and 

specificity (percentage of controls predicted as controls) were 77.0% and 73.6% 

respectively (Figure 4.8B and Table 4.5).  
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Figure 4.8 Diagnostic capability of a panel of five tumor-derived biomarkers. (A) 

ROC curve; (B) prediction plot. 

 

Table 4.5 Confusion matrix of validation set using a panel of five tumor-derived 

biomarkers 

 Patient samples Healthy controls 

Predicted as patient 77 23 

Predicted as healthy 23 64 

 

For the above-mentioned panel of tumor-derived biomarkers, the diagnostic 

ability still needs to be improved. Considering the panel include two methylated 

purines, we attempted to supplement this panel with hypoxanthine, another 
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differential purine metabolite with the highest univariate AUC value. As shown in 

Figure 4.9A, multivariate ROC analysis demonstrated an excellent discriminating 

ability of this new panel of six metabolites with an AUC value of 0.983. In the 

cross-validation test, this panel yielded great diagnostic sensitivity and specificity 

of 94.0% and 90.8% respectively (Figure 4.9B and Table 4.6). However, diagnostic 

potential of the biomarker panels still needs to be validated by large-scale external 

validation cohorts, and further research needs to be conducted for the discovery of 

more tumor-derived plasma biomarkers for clinical diagnosis.  

 

 

Figure 4.9 Diagnostic capability of a biomarker panel of six metabolites. (A) ROC 

curve; (B) prediction plot. 
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Table 4.6 Confusion matrix of validation set using a biomarker panel of six 

metabolites 

 Patient samples Healthy controls 

Predicted as patient 94 8 

Predicted as healthy 6 79 

 

4.4 Chapter summary 

Metabolomics using blood samples provides a convenient approach for clinical 

diagnosis of cancers. To associate the clinical diagnostic potential with pathological 

biomechanisms, tumor-derived blood biomarkers has become a new focus in 

clinical study. In this chapter, by using targeted metabolomic and global lipidomic 

profiling, a series of metabolites and lipids were revealed to be differentially 

expressed in plasma of ESCC patients and of healthy population. 

Eight metabolites were found to be both significantly upregulated in ESCC 

plasma and tumor samples, which have the potential to be developed into tumor-

derived blood biomarkers. These biomarkers were mainly associated with 

polyamine biosynthesis and purine metabolism, which support the invasion and 

progression of ESCC tumor. 
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  A panel of tumor-derived biomarkers, including arginine, acetylspermidine, 

methylguanosine, dimethylguanosine and cystine, showed good diagnostic ability 

in the ROC analysis. However, there exist limitations in the study design of this 

chapter. The ESCC patients and the healthy volunteers were of different ages. In 

addition, the samples were not split into training and validation sets due to limited 

patient number. The diagnostic ability of the biomarker panels should be further 

validated by using external validation sample sets. 
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Chapter 5.  Global metabolomic and lipidomic characterization 

of malignant pleural effusion in human lung cancer 

 

5.1 Introduction 

Malignant pleural effusion (MPE) is an important hallmark for late-stage lung 

cancer with metastasis. However, apart from lung cancer, other major causes of 

exudative pleural effusion include tuberculosis and pneumonia [137, 138], which 

bring difficulties into clinical diagnosis. Current clinical procedures for diagnosis 

of MPE are complex and tedious. Cytological examination could only reach a 

diagnostic sensitivity of 60%, while more accurate histological examination 

requires invasive pleural biopsy [137, 139]. Therefore, discovery of novel 

biomarkers for diagnosis of MPE in lung cancer is necessary. 

In this chapter, we aim to characterize the metabolic signatures of MPE in lung 

cancer by combining LC-MS/MS-based global metabolomic and lipidomic 

profiling. This work is helpful in understanding the biomechanism of MPE in lung 

cancer and may discover potential biomarkers for discrimination of malignant and 

benign pleural effusions (BPE). 

 

5.2 Materials and methods 
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5.2.1 Chemical and reagents 

HPLC grade organic solvents were purchased from Merck (Darmstadt, Germany). 

Ultrapure water was produced by a Milli-Q system (Millipore, Milford, MA, USA). 

Formic acid, ammonium formate (HPLC grade) and metabolite standards were 

purchased from Sigma-Aldrich (St. Louis, MO, USA) and TCI (Tokyo, Japan). 

 

5.2.2 Clinical information 

Clinical samples were obtained from Zhejiang Cancer Hospital (Hangzhou, China) 

between January 2015 and December 2016. MPE samples were collected from 46 

patients with lung adenocarcinoma. BPE samples were collected from 32 patients 

diagnosed with pulmonary tuberculosis and/or other pulmonary diseases as listed 

in Table 5.1. All of the samples were immediately frozen at –80˚C after collection 

via thoracentesis. All procedures performed in studies involving human participants 

were in accordance with the ethical standards of the Ethics Committee of Zhejiang 

Cancer Hospital and with the 1964 Helsinki declaration and its later amendments 

or comparable ethical standards. 
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Table 5.1 Demographic and clinical characteristics of malignant pleural effusion 

(MPE) and benign pleural effusion (BPE) cases 

 MPE (n=46) BPE (n=32) 

Gender   

  Male 15 (32.6%) 26 (81.2%) 

  Female 31 (67.4%) 6 (18.8%) 

Age, years   

  Mean ± SD 63 ± 12 49 ± 19 

Mutation subtypes for MPE cases   

  EGFR + 43 (93.5%) N/A 

  EGFR – 3 (6.5%)  

Subtypes for BPE cases   

  Tuberculosis N/A 19 (59.4%) 1 

  Tuberculous pleurisy  23 (71.9%) 1 

  Pneumonia or lung infection  7 (21.9%) 2 

  Unknown   1 (3.1%) 

1 Patients may be diagnosed with both tuberculosis and tuberculous pleurisy.  

2 Excluding cases diagnosed with tuberculosis or tuberculous pleurisy. 

 

5.2.3 Sample preparation 

Pleural effusion samples were extracted for metabolomic and lipidomic profiling 

analyses separately. For metabolomic profiling, 80 μL of each pleural effusion 
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sample was mixed with 320 μL of chilled acetonitrile. After vortex, the mixtures 

were centrifuged at 14000 g for 10 min at 4˚C. Then, 350 μL of the supernatant was 

transferred to a new tube and dried in a vacuum concentrator. The residue was 

reconstituted with 100 μL of acetonitrile-water (1:4, v/v) for LC-MS analysis. For 

lipidomic profiling, 0.3 mL of methanol was added to 40 μL of each pleural effusion 

sample. After vortex, 1 mL of MTBE was added into the mixture. The sample vials 

were incubated for one hour at room temperature in a shaker. Subsequently, 0.25 

mL of water was added and the mixtures were vortexed for 30 seconds. Then the 

samples were incubated for 10 min on ice and centrifuged for 10 min at 4˚C. The 

upper organic phase was collected, and the lower phase was re-extracted with 0.4 

mL of the solvent with the same composition as the upper phase. The organic phases 

were combined and freeze-dried. The extracted lipids were reconstituted with 100 

μL of ACN-IPA-water (65:30:5, v/v) for LC-MS analysis. Quality control (QC) 

samples were prepared by mixing equal volume of aliquots from each MPE and 

BPE sample and were extracted as described above. All samples were randomized 

during sample preparation. 

 

5.2.4 LC-MS analysis 

LC-MS-based untargeted metabolomic profiling analysis was performed on a 
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Thermo UltiMate 3000 UHPLC system coupled to a Thermo Q Exactive Orbitrap 

mass spectrometer as described in Section 2.2.4. The MS system was operated in 

both ESI+ and ESI– full scan mode. For metabolite identification mentioned below, 

the MS system was operated in PRM mode. 

Global lipidomic profiling analysis was performed on a Thermo UltiMate 3000 

UHPLC system coupled to a Thermo Orbitrap Fusion mass spectrometer as 

described in Section 2.2.4. The MS system was operated in the data-dependent 

MS/MS (ddMS2) mode.  

All the samples were randomized during LC-MS analysis to minimize systematic 

bias. QC samples were analyzed after every 10 injections to assess the 

reproducibility of the LC-MS analytical system. 

 

5.2.5 Data analysis 

LC-MS data analysis of metabolomic profiling were performed by the R package 

“XCMS” [14] for peak picking, retention time correction, and annotation of 

isotopes and adducts. The lipidomics ddMS2 data were processed by Thermo 

LipidSearch software, including peak picking, retention time correction, peak 

alignment, and lipid identification. Metabolic features that were not detected in over 

50% of all QC samples or in over 80% of all non-QC samples were excluded. To 
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correct the signal variations during the sample analysis, the peak area of each 

metabolite was normalized based on QC samples using the quality control-based 

robust LOESS signal correction (QC-RLSC) method [12]. After the normalization, 

features with RSD >30% in QC samples were excluded. 

The pretreated data were processed using the R package “MetaX” [17] for 

multivariate and univariate statistical analyses. The unsupervised principal 

component analysis (PCA) was first performed to visualize general grouping trends 

of all the samples on the score plot, and to assess the data quality based on the tight 

clustering of QC samples. Subsequently, the data were subjected to supervised 

partial least squares discriminant analysis (PLS-DA) to identify differential 

metabolites between MPE and BPE, based on the variable importance in projection 

(VIP) values. Student t-test and Benjamini-Hochberg false discovery rate (FDR) 

[75] were used to evaluate the statistical significance of the metabolites. Features 

with VIP >1, p-value (FDR-adjusted) <0.05, and fold change (FC) >1.2 or <0.8 

were selected as potential biomarkers, where FC was calculated as the ratio of mean 

intensity values of MPE samples to that of BPE samples. Receiver operating 

characteristic (ROC) curve was used to evaluate the classification performance of 

the biomarkers. Multivariate ROC analysis for biomarker panels was carried out 

using the web server Metaboanalyst [20]. The identification of the differential 
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metabolites were performed by matching their accurate m/z values and MS/MS 

spectra with online databases HMDB [19] and METLIN [18]. The identification 

was further confirmed using available commercial standards. 

 

5.3 Results 

5.3.1 Global metabolic shift in MPE of lung cancer patients 

In this study, untargeted metabolomic and lipidomic profiling were conducted to 

investigate the metabolic dysregulation in MPE of lung cancer patients. A total of 

3754 metabolic features in ESI+ mode and 2303 in ESI– mode were extracted from 

the metabolomics data, while 1164 features in ESI+ mode and 544 in ESI– mode 

were extracted from the lipidomics data. Pooled QC samples were used to monitor 

the stability of the LC-MS system. In PCA score plots (Figure 5.1), QC samples 

were clustered together, showing good stability and repeatability of the acquired 

data. PLS-DA was conducted to identify the differential metabolites between MPE 

and BPE samples. As illustrated in Figure 5.2, MPE and BPE samples are clearly 

separated in the PLS-DA score plots, indicating global metabolomic and lipidomic 

shifts between the two groups. The PLS-DA models showed ideal discriminating 

abilities with R2 >0.84, and cross-validated by 999-time permutation tests (Figure 

5.3). 
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Figure 5.1 Two-dimensional principal component analysis (PCA) score plots of 

metabolomics and lipidomics data showing the clustering trends of quality control 

(QC), malignant pleural effusion (MPE) and benign pleural effusion (BPE) groups. 
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Figure 5.2 PLS-DA score plots of the metabolomic and lipidomic profiles in BPE 

and MPE groups. 

 



 

-149- 

 

Figure 5.3 Cross-validation of PLS-DA models obtained from permutation tests. 

 

5.3.2 Differential metabolites between MPE and BPE 

Volcano plots depicting differential metabolomic and lipidomic features were 

shown in Figure 5.4. The VIP, FC, p-values and AUC (area under an ROC curve) 

values of perturbed metabolites were listed in Table 5.2. A total of 17 polar 

metabolites were identified as potential biomarkers of MPE. For lipidomics study, 

a total of 45 lipids were found to be significantly perturbed in lung cancer pleural 

effusion, among which 25 were ether lipids.  
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Figure 5.4 Volcano plots of MPE and BPE samples. Features with p-value (FDR-

adjusted) <0.05 and fold change (FC) >1.2 or <0.8 are shown in red; features with 

p-value (FDR-adjusted) <0.05 but FC between 0.8 and 1.2 are shown in blue. FC 

>1 indicates upregulation in MPE samples. 
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Table 5.2 List of perturbed metabolites in malignant pleural effusion 

Metabolites m/z, polarity VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

Oxidized polyunsaturated fatty acids (PUFA) 

HOTrE +277.2157 3.21 3.50 1.61E-05 0.845 

OxoOTrE +293.2105 3.70 2.63 1.58E-04 0.805 

OxoODE +295.2262 2.93 2.60 3.02E-04 0.801 

DiHOME –313.2387 2.35 3.24 8.05E-05 0.793 

HpODE +295.2261 2.81 2.83 1.27E-03 0.787 

HpOTrE +293.2105 3.02 3.51 5.26E-04 0.779 

HODE +279.2313 1.94 3.08 4.49E-03 0.759 

Acylcarnitines 

Myristoylcarnitine a +372.3097 1.74 0.40 3.88E-04 0.790 

Dodecanoylcarnitine a +344.2788 1.19 0.63 7.76E-03 0.744 

2-Methylbutyroyl- 

carnitine a 
+246.1696 1.32 0.54 4.61E-03 0.733 

Other polar metabolites 

Cortisol a +363.2158 1.42 0.43 3.72E-02 0.859 

Glutamate a +148.0602 1.69 1.84 1.20E-04 0.839 

Octadecadienoic acid +281.2469 2.95 2.81 2.04E-05 0.837 

Arginine a +175.1187 1.04 1.38 9.00E-05 0.810 

Glycocholic acid a +466.3155 1.52 0.30 4.70E-02 0.744 

N1-Acetylspermidine a +188.1755 1.14 0.70 1.51E-02 0.734 

Citric acid a –191.0188 1.24 1.53 8.82E-03 0.728 

Lipids b 

PC(40:3p) +824.6528 2.05 0.53 2.43E-11 0.953 

LPC(18:0e) –554.3827 2.19 0.41 3.51E-10 0.935 

PC(36:4e) +768.5902 1.55 0.67 1.16E-08 0.912 

PE(16:0p/22:4) +752.5589 2.11 0.40 2.27E-06 0.909 

PC(42:3p) +852.6841 1.94 0.52 5.52E-08 0.902 

PC(40:5e) +822.6371 1.97 0.48 9.17E-07 0.894 
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Metabolites m/z, polarity VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

PC(16:0e/20:4) –812.5811 1.39 0.67 1.54E-08 0.892 

PC(18:0e/22:4) –868.6437 1.86 0.51 3.92E-09 0.892 

LPC(16:0e) +482.3599 2.09 0.38 2.84E-07 0.889 

PC(34:0e) +748.6215 1.68 0.59 1.66E-06 0.884 

PC(44:6e) +876.6841 1.85 0.54 4.12E-07 0.877 

PE(16:0p/20:4) +724.5276 1.74 0.58 9.53E-07 0.868 

PC(36:0e) +776.6528 1.75 0.52 1.38E-05 0.864 

Cer(d18:2/24:1) +646.6133 1.60 0.61 5.52E-06 0.861 

PC(34:2e) +744.5902 1.46 0.66 4.95E-06 0.861 

LPC(20:0e) +538.4231 1.95 0.50 5.33E-07 0.858 

PC(38:6e) +792.5902 1.70 0.56 8.21E-06 0.839 

LPC(26:1) +634.4806 1.63 0.57 3.34E-05 0.833 

PC(30:0e) +692.5589 1.56 0.59 2.27E-05 0.830 

PC(44:7e) +874.6684 1.56 0.58 4.78E-05 0.821 

SM(d32:0) +677.5592 1.39 0.63 1.63E-04 0.817 

PC(40:6e) +820.6215 1.20 0.71 2.60E-04 0.816 

LPC(26:0) +636.4963 1.52 0.60 4.96E-05 0.813 

phSM(d34:2) –761.5450 1.37 0.66 2.38E-06 0.813 

PC(40:7p) +816.5902 1.38 0.63 3.43E-04 0.804 

LPC(20:2) –592.3620 1.58 0.52 3.19E-05 0.793 

TG(18:2/18:2/22:6) +944.7702 1.54 0.60 1.10E-04 0.784 

PC(15:0/20:2) +772.5851 1.73 2.03 2.38E-04 0.782 

PC(18:0p/22:5) –864.6124 1.17 0.67 5.48E-05 0.782 

PC(42:1) +872.7103 1.21 0.69 6.01E-04 0.781 

PC(35:0) +776.6164 1.63 0.47 1.62E-03 0.767 

PC(33:0) +748.5851 1.24 0.68 1.62E-03 0.763 

PI(18:0/20:3) –887.5655 1.19 1.52 1.12E-04 0.763 

PC(16:0/22:4) –854.5917 1.17 1.47 1.09E-03 0.738 

LPC(18:0p) +508.3762 1.20 0.66 3.52E-03 0.733 

LPC(20:4) –588.3307 1.28 0.56 1.55E-03 0.733 

ChE(18:3) +664.6027 1.10 1.49 1.97E-03 0.731 
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Metabolites m/z, polarity VIP 

value 

Fold 

Change 

p-value 

(FDR) 

AUC 

ChE(16:1) +640.6027 1.18 1.59 3.69E-03 0.730 

PE(18:0p/18:1) +730.5745 1.37 0.53 5.00E-03 0.721 

TG(18:3/18:2/20:4) +918.7545 1.04 0.71 1.06E-02 0.716 

PC(18:1p/22:6) +816.5902 1.10 1.34 9.35E-03 0.715 

PE(18:1p/18:1) +728.5589 1.27 0.62 3.12E-03 0.714 

Cer(d18:1/16:0) +538.5194 1.17 0.65 9.35E-03 0.696 

phSM(d42:1) –875.6859 0.72 1.23 6.84E-03 0.673 

PC(19:0/18:2) –844.6073 0.80 1.23 9.19E-03 0.643 

a Metabolite identification confirmed with commercial standards. 
b Lipids were identified using Thermo LipidSearch software. 

Abbreviations for lipid classes:  

PI: phosphatidyl-inositol; Cer: ceramide; SM: sphingomyelin; phSM: 

phytosphingosine; TG: triglyceride; ChE: cholesterol ester. 

 

Upregulation of oxidized polyunsaturated fatty acids (PUFA) and 

downregulation of acylcarnitines were found in MPE of lung cancer patients 

(Figure 5.5A and 5.6). It is worth mentioning that this group of oxidized PUFAs 

were unanimously significantly elevated in MPE samples with fold changes greater 

than 2.6, namely hydroxy-, hydroperoxy-, and oxo-octadecatrienoic acids 

(HOTrE/HpOTrE/OxoOTrE), hydroxy- and hydroperoxy-, and oxo-

octadecadienoic acids (HODE/HpODE/OxoODE), as well as dihydroxy-

octadecamonoenoic acid (DiHOME). Amino acids including glutamate and 

arginine were also elevated in MPE samples (Table 5.2). 
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Figure 5.5 Distribution of fold changes of potential biomarkers in MPE samples. 

(A) Oxidized PUFAs and acylcarnitines. (B) Ether lipids (green circles) of various 

classes compared to (di-)acyl lipids (red diamonds). (C) Ether lipids containing 

various types of fatty acyl chains. 
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Figure 5.6 Heatmap of differential acylcarnitines (AcCa), oxidized PUFAs and 

ether lipids in MPE and BPE samples. Cells in each row represent individual 

samples. Red and green color indicate increased and decreased levels, respectively. 

 

Ether lipids are lipid molecules with an ether bond connected to the glycerol 

backbone. They are subclassified into plasmalogens (annotated with “p”) with an 

alkenyl chain, and platelet-activating factors (PAF, annotated with “e”) with an 

alkyl chain. The potential lipid biomarkers include phosphatidylcholines (PC), 

phosphatidylethanolamines (PE) and lysophosphatidylcholines (LPC), which are 
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the major components of ether lipids in different types of tissues [140, 141]. Most 

of the ether lipid biomarkers were downregulated in MPE (Figure 5.5B and 5.6). 

Meanwhile, the corresponding (di-)acyl phospholipids did not show a general 

decreasing trend in MPE. A further look on the distribution of fold changes of ether 

lipids reveals that both plasmalogens (“p”) and PAFs (“e”) were generally 

downregulated in MPE (Figure 5.5C). 

 

5.3.3 Potential diagnostic biomarkers of MPE 

As demonstrated in heatmaps (Figure 5.6 and 5.7) and z-score plots (Figure 5.8), 

the biomarkers had a clearly differential distribution between MPE and BPE 

samples. AUC values were used to evaluate the diagnostic ability of the MPE 

biomarkers. Notably, ether lipid biomarkers showed excellent diagnostic potential 

between MPE and BPE (Figure 5.9A-E). AUC values of five ether lipids were better 

than 0.9, with the highest value of 0.953. To further optimize the diagnostic 

performance of the biomarkers, we combined these five ether lipids as a panel. In 

multivariate ROC analysis, this panel yielded a better AUC value of 0.972 (Figure 

5.9F). Oxidized PUFA biomarkers, which were upregulated in MPE, also 

demonstrated a good diagnostic potential for lung cancer patients (AUC values 

0.759—0.845; Table 5.2). 
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Figure 5.7 Heatmap of all differential metabolite features in MPE and BPE samples. 

Cells in each row represent individual samples. Red and green color indicate 

increased and decreased levels, respectively. 
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Figure 5.8 Z-score plots of polar metabolites and ether lipids in MPE and BPE 

samples. The z-scores were calculated for each feature as: 𝑧 =  , where I, 

𝐼  and sBPE stand for individual peak intensity, average of peak intensities of all 

BPE group samples, and standard deviation of peak intensities of all BPE group 

samples, respectively. 
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Figure 5.9 Receiver operating characteristic (ROC) curves and boxplots of peak 

intensity distribution showing diagnostic ability of ether lipid biomarkers with top 

five AUC values. (A-E) ROC curves for individual biomarkers; (F) ROC curve for 

the diagnostic panel consisting of the five biomarkers. AUC: area under curve; NPI: 

normalized peak intensity. *** p <0.001. 
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5.4 Discussion 

Aberrant lipid metabolism is an important hallmark of cancer [142]. Several types 

of lipids and lipid derivatives have been reported as potential biomarkers of MPE. 

Among them, free fatty acids showed good predictive ability in MPE from lung 

cancer patients, which might due to the overexpression of fatty acid synthase in 

cancer [69, 143]. A list of phospholipid and sphingolipid biomarkers in MPE were 

discovered by Ho et al. [72]. In the present study, by using two extraction methods, 

a wider range of polar metabolites, lipids and lipid derivatives, were extracted for 

LC-MS analysis. Ether lipids, oxidized PUFAs and acylcarnitines were found to be 

significantly perturbed in MPE of lung cancer patients. 

Profound downregulation of ether lipids and upregulation of oxidized PUFAs in 

MPE suggested higher level of oxidation potential in lung cancer. Metabolism of 

both types of the biomarkers are involved in reactive oxygen species (ROS)-

induced oxidation. Ether lipids are a type of lipid metabolites that show protective 

characteristics against oxidation stress. When exposed to ROS, the hydrogen atoms 

adjacent to the vinyl ether bond on plasmalogen molecules are more easily to be 

oxidized [140, 144]. In this oxidation process, plasmalogens as sacrificial 

reductants can terminate ROS-induced lipid peroxidation, and may protect the 

phospholipid cell membrane [145]. On the other hand, biosynthesis of oxidized 
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PUFAs can be induced by a variety of enzymes including lipoxygenase, or non-

enzymatically by ROS from linoleic and linolenic acids [146]. Dysregulations of 

the above-mentioned biomarkers have been characteristic in lung diseases. 

Deficiency in levels of antioxidants like ether lipids were found in a wide range of 

respiratory diseases such as bronchopulmonary dysplasia and chronic obstructive 

pulmonary disease [147-150]. Development of lung cancer might also cause 

disturbances on the compositions of cell membrane, resulting in a higher level of 

oxidation products of PUFAs [151], which is in line with our findings. Lung tissues, 

due to their direct contact with higher oxygen pressure, are particularly sensitive to 

ROS and have a higher level of oxidative stress [151, 152]. As ether lipids have the 

protective function against oxidation of PUFAs by ROS, the decrease in ether lipids 

and increase in oxidized PUFAs reflect malfunction of this mechanism and suggest 

a higher oxidative stress in lung cancer. 
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Figure 5.10 Scheme of biosynthesis and protective function of ether lipids. Abbreviations for enzymes: FAR1: fatty acyl reductase 1; GNPAT: 

glycerone phosphate O-acyltransferase; AGPS: alkylglycerone phosphate synthase; GPAT: glycerol-3-phosphate O-acyltransferase; CEPT: 

choline/ethanolamine phosphotransferase; PLA2: phospholipase A2. 
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Peroxisome dysfunction may also contribute to the reduction of ether lipid 

oxidants in MPE. Peroxisome is the organelle where the key step of biosynthesis of 

ether lipids takes place (Figure 5.10). The number of peroxisomes increases 

significantly in cells with greater demand for antioxidant, such as pulmonary 

epithelial cells [72, 140]. In our study, both plasmalogens and PAFs were 

downregulated in MPE (Figure 5.5C). The reduction of ether lipids could be 

induced by defective biosynthesis, ROS-induced peroxidation, or hydrolysis into 

lysophospholipids (LPCs and LPEs) via phospholipase A2. However, 

lysophospholipids were also downregulated in MPE group, which did not support 

the hypothesis of phospholipase A2 overexpression. It is also worth noticing that 

diacyl phospholipids were generally not downregulated in MPE, which implied no 

dysregulation on the lipid biosynthesis steps taking place on the endoplasmic 

reticulum. Moreover, since PAFs do not participate in the peroxidation, the 

downregulation in PAFs indicated that the biosynthesis of ether lipids was defective 

[153]. This finding implies a peroxisomal disorder in lung cancer patients [154]. 

Meanwhile, downregulation of acylcarnitines in the MPE group suggested a 

dysregulation in lung cancer cell respiration. Long chain acylcarnitines are 

produced from free fatty acids in the mitochondria, and act as key intermediates in 

the process of β-oxidation [155]. In the list of potential biomarkers, 
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dodecanoylcarnitine and myristoylcarnitine were downregulated in MPE. This 

evidence suggested a malfunction in mitochondria of lung cancer cells, and implied 

a disorder in the respiratory chain of the cells. Some other studies have also reported 

the same trend that acylcarnitines were downregulated in MPE of lung cancer 

patients [156]. 

 

5.5 Chapter summary 

In this chapter, combined metabolomic and lipidomic profiling based on LC-

MS/MS platform was applied to characterize the metabolic signatures of MPE in 

lung cancer. Our method offered great sensitivity and a broad coverage of pleural 

effusion metabolome and lipidome, which was capable to detect critical biomarkers 

in MPE that has not been explored. Although the subjects in MPE and BPE cohort 

were not able to be properly matched in terms of gender and age, novel biomarkers 

of ether lipids and oxidized PUFAs were identified with high diagnostic potential 

in discrimination of MPE and BPE. Nevertheless, due to the limited sample size, 

the biomarkers require further validation using a separate sample set. Furthermore, 

although the control benign cohort in our study represents most of the BPE 

incidences, recruiting additional benign etiologies is necessary for validation in 

future to ensure that the identified biomarkers could be used in a wider clinical 
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context. Importantly, downregulation of ether lipids and upregulation of oxidized 

PUFAs suggested the abnormal high level of oxidative stress and peroxisome 

dysfunction in lung cancer. Further mechanistic studies are warranted to elucidate 

the underlying biological functions. Taken together, this study provides new aspects 

into the aberrant metabolism and new candidate diagnostic biomarkers for MPE of 

lung cancer. 
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Chapter 6.  Conclusions and future directions 

In this thesis, metabolomics and lipidomics were used to characterize the 

dysregulated metabolites and metabolic pathways in esophageal cancer and lung 

cancer. LC-MS/MS-based global and targeted approaches were applied to 

investigate tissue and plasma of ESCC patients and MPE of lung cancer patients. 

In metabolomics study on ESCC tumor tissues, tumors showed a clearly distinct 

metabolic profile from the paired normal adjacent tissues. Global metabolomic 

profiling discovered 41 differential metabolites in ESCC tumor, among which 

kynurenine, spermidine and citicoline showed excellent predictive potentials with 

AUC better than 0.95 in ROC models. Major elevated metabolic pathways were 

polyamine biosynthesis, methionine mechanism, arginine and proline mechanism, 

and kynurenine metabolism. Validation on the dysregulated potential biomarkers 

and pathways above in ESCC tissue using targeted metabolomic and proteomic 

profiling suggested potential therapeutic targets on these pathways. Polyamine 

biosynthesis was found to be activated through the overexpression of tumor 

promoting ODC, SRM and SMS enzymes. Upregulated levels of SAM and DNMT1 

implied the hypermethylation trend in ESCC. Kynurenine was strongly upregulated 

through the overexpression of IDO1, suggesting the immunosuppressive nature of 

ESCC. Elevated purines in tumors were generated through the overexpression of 
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MTHFD family enzymes, which implied the active tumor proliferation through 

purine biosynthesis. In addition, higher upregulation of essential amino acids in 

tumors was correlated with high-grade tumor or with poorer prognosis. 

In lipidomics study of ESCC tissues, we identified 65 significantly perturbed 

lipids, with several glucosylceramides and PCs showing excellent diagnostic 

potential. Targeted lipidomic and proteomic profiling analyses have revealed that 

active phospholipid biosynthesis in tumors was promoted by overexpression of 

choline transporters and synthase of citicoline. Fatty acyl chain-specific 

dysregulations of coenzyme A species showed the same trend as of phospholipids, 

which may imply the specific activation of relevant acyltransferases in the 

phospholipid remodeling pathway.  

In metabolomic and lipidomic study of ESCC plasma, targeted metabolomics 

and global lipidomics profiling were performed to explore the clinical application 

of metabolic biomarkers. Eight metabolites were found to be simultaneously 

upregulated in ESCC tumors and plasma samples, indicating they could be tumor-

derived plasma biomarkers. Among them, a panel of five tumor-derived plasma 

biomarkers consisting of arginine, acetylspermidine, methylguanosine, 

dimethylguanosine and cystine showed good diagnostic potential. These 
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biomarkers are related with polyamine biosynthesis and purine mechanism, which 

are supportive mechanisms towards tumor growth. 

In metabolomic and lipidomic study of lung cancer MPE, a group of 17 polar 

metabolites and 45 lipids were identified to be significantly perturbed in MPE. 

Ether lipid biomarkers, including PCs, LPCs and PEs, showed an excellent 

predictive ability with the highest AUC value of 0.953 in ROC models. 

Downregulated ether lipids and upregulated oxidized PUFAs in MPE reflected the 

elevated oxidative stress and peroxisome disorder in lung cancer patients. 

To summarize, this work has provided new understanding on biomarkers and 

pathological mechanisms of esophageal cancer and lung cancer. Based on this work, 

the following directions could be considered for future research. First, the 

metabolite biomarkers revealed in this work could be further validated using large 

external cohorts of clinical samples, with more careful regards to demographic 

information. Second, these biomarkers could also be further verified using cell or 

animal models. Third, biofunctions of the relevant metabolic enzymes could be 

further explored using biological assays. Moreover, better presentation of the 

results, illustrating distribution of the potential biomarkers in the heterogeneous 

microenvironment of tumor tissues, is also necessary with the help of visualization 

techniques including MS imaging and immunohistochemical imaging strategies. 
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