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ABSTRACT 

Revascularization of the infarct vessel by the primary percutaneous coronary intervention (PCI) is 

the treatment of choice for patients presenting with ST-segment elevation myocardial infarction 

(STEMI). However, myocardial reperfusion can paradoxically augment the injury to the 

myocardium through a process known as ischemia/reperfusion (IR) injury, which reduces the 

benefits of blood flow restoration. The pathophysiological mechanism underlying the development 

of I/R injury remains poorly understood. Herein, we employed a comprehensive metabolomics 

platform integrating non-targeted and targeted approaches to help us better understand the 

metabolic and lipid pathways impacted during I/R. 

Our non-targeted metabolomics analysis discovered 130 circulating metabolites that were 

significantly altered (p<0.001) in the setting of I/R injury during the first 48 hours post-reperfusion. 

Lipid molecules formed the largest pool of metabolites changing over the first 48 h after 

reperfusion. The pathway enrichment analysis identified the altered metabolic pathways indicative 

of the early reaction to reperfusion and late response to reperfusion. Also, we identified a select 

group of lipid species that can predict the extent of myocardial infarction based on the initial blood 

sample.  

Based on our above findings, we selected a targeted lipidomics approach to confirm our findings 

from the initial untargeted metabolomic analysis regarding the changes in plasma lipidome 

following reperfusion. We found that except for oxidized phospholipids (OxPL), the total amount 

of most of the lipid classes was markedly reduced immediately after reperfusion. The circulating 

free fatty acids (FA) exhibited the most extensive change in the first 24 h after PCI. We found that 

specific lipid species (acylcarnitine 18:2, TG 51:0, and LPC 17:1) could also distinguish STEMI 
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patients with less cardiac injury from those with sizeable cardiac injury. These lipids were also 

associated with future cardiovascular events. 

Given the vital role played by lipids in the onset and progression of reperfusion injury, we next 

explored the role of lipids in the no-reflow phenomenon, which sets out during the ischemic period 

and then progresses during the reperfusion phase. Our analysis showed that the baseline levels of 

specific lipid species mainly belonging to the phosphatidylcholine (PC), alkylphosphatidylcholine 

(PC(O)), and sphingomyelin (SM) species were elevated in no-reflow patients. The fatty acid 

levels were markedly reduced (p<0.05) in no-reflow patients following reperfusion. We also found 

that sphingomyelin species (SM 41:1 and SM 41:2) were positively correlated with markers of no-

reflow at pre-PCI and post-PCI. 

To summarize, we have developed the most detailed metabolomics and lipidomics atlas of human 

plasma during I/R injury. The results from this study will move us closer to our ultimate goal of 

devising therapeutic options to mitigate myocardial damage following acute myocardial infarction. 
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1.1 Abstract 

As an emerging platform technology, metabolomics offers new insights into the pathomechanisms 

associated with complex disease conditions, including cardiovascular diseases. It also facilitates 

assessing the risk of developing the disease before its clinical manifestation. For this reason, 

metabolomics is of growing interest for understanding the pathogenesis of acute coronary 

syndromes (ACS), finding new biomarkers of ACS, and its associated risk management. 

Metabolomics-based studies in ACS have already demonstrated immense potential for biomarker 

discovery and mechanistic insights by identifying metabolomic signatures (e.g., branched-chain 

amino acids, acylcarnitines, lysophosphatidylcholines) associated with disease progression. 

Herein, we discuss the various metabolomics approaches and the challenges involved in metabolic 

profiling focusing on ACS. Special attention has been paid to the clinical studies of metabolomics 

and lipidomics in ACS, with an emphasis on ischemia/reperfusion injury. 

Keywords: metabolomics, lipidomics, acute coronary syndrome, ischemia/reperfusion injury 
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1.2 Graphical abstract 

 

 

Defining acute coronary syndrome through metabolomics. 
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1.3 Abbreviations 

ACS, acute coronary syndrome; AMI, acute myocardial infarction; BCAA, branched chain amino 

acids; CAD, coronary artery disease; CE/MS, capillary electrophoresis and mass spectrometry; 

CVD, cardiovascular disease; GC/MS, gas chromatography and mass spectrometry; I/R, 

ischemia/reperfusion; LC/MS, liquid chromatography and mass spectrometry; LDL, low density 

lipoprotein; HDL, high density lipoprotein; MACE, major adverse cardiac events; MS, mass 

spectrometry; NMR, nuclear magnetic resonance; NSTEMI, non-ST-segment elevation 

myocardial infarction; PCI, percutaneous coronary intervention; ROS, reactive oxygen species; 

STEMI, ST-segment elevation myocardial infarction; UA, unstable angina  
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1.4 Introduction 

Coronary Artery Disease (CAD) continues to be a major public health concern with considerable 

morbidity and mortality in developed countries1. CAD includes chronic coronary artery disease 

(stable angina), and acute coronary syndrome (ACS), which almost invariably presents as chest 

discomfort with or without dyspnea. It is estimated that in the United States alone, 720,000 people 

experience a new episode of ACS every year2. The costs and resource utilization associated with 

ACS also place an enormous economic burden on the health care system2-4. For instance, in a 

retrospective single-cohort study, it was found that the average one-year cost per patient associated 

with ACS was around 32,000 US dollars4. The term ACS refers to a spectrum of conditions in 

which myocardial ischemia or infarction develops due to acute occlusion of coronary blood flow 

to any part of the heart. The usual cause of acute occlusion is coronary artery thrombosis caused 

by rupture or erosion of a high-risk, lipid-laden, atheromatous plaque5. This sudden, reduced blood 

flow to the heart results in an imbalance between myocardial metabolic demands and blood supply 

leading to myocardial ischemia, which is the hallmark of ACS3,6. The imbalance may also be 

caused by several other cardiac abnormalities, including coronary artery embolism, coronary 

spasm, coronary dissection, severe anemia, and calcific aortic valve stenosis3. Depending upon the 

range of ischemic state, location of the occlusion, cardiac biomarker levels (e.g., troponin), and 

ST-segment elevation on the electrocardiogram (ECG), ACS is mainly categorized into three types 

(Figure-1.1), namely unstable angina (UA), non-ST-segment elevation myocardial infarction 

(NSTEMI), and ST-segment elevation myocardial infarction (STEMI)5. Typically, a complete 

coronary artery occlusion leading to myocardial tissue injury and elevated cardiac troponin level 

results in STEMI. Partial occlusion or occlusion with collateral circulation may lead to NSTEMI 

or UA, depending on the presence or absence of cardiac troponin level, respectively5,7. Troponins 
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are released into the bloodstream when there is any damage to the heart muscle8. Due to its high 

sensitivity and specificity, cardiac troponin measurement is an essential element in diagnosing and 

managing ACS. 

 

Figure-1.1: Classification of acute coronary syndromes. Acute coronary syndromes are 

categorized into unstable angina (UA), non-ST-segment elevation myocardial infarction 

(NSTEMI), and ST-segment elevation myocardial infarction (STEMI).  A complete coronary 

artery occlusion due to thrombus formation results in STEMI, where the coronary blood flow is 

completely obstructed. A partial occlusion of the artery (blood flow is not entirely restricted) can 

result in NSTEMI or UA. 
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The human heart is the most metabolically active organ and under normal conditions, cardiac 

metabolism is tightly regulated by oxygen availability, substrate oxidation, hormonal and 

neurohumoral signals, among other factors9. The primary substrates for cardiac ATP production 

are lipids, carbohydrates, lactate, and glycogen9. Of these, lipids alone contribute to 60-90% of 

ATP production in the heart via oxidation of fatty acids10. Due to its exuberant use in the 

myocardium and its role in maintaining the myocardial cell structure and cardiac function, 

alterations in lipid metabolism contribute to many cardiovascular pathologies, including 

atherosclerosis, insulin resistance, hypertension, and type 2 diabetes mellitus11. A fall in oxygen 

level and substrate availability during myocardial ischemic conditions alters the dynamic 

equilibrium state of cardiac metabolism and leads to loss of homeostasis12. Hence, it is not 

surprising that ACS involves changes in cardiac metabolism. While some of the metabolic changes 

help the heart adjust to the altering substrate needs and physiological demands, most changes are 

maladaptive and initiate other cardiac abnormalities, including myocardial stunning, cell death, 

and contractile dysfunction13. Recent findings suggest that alterations in the cardiac metabolism 

alone can also perpetuate disturbances in systemic metabolism14. Hence, blood-derived plasma or 

serum metabolic profile could provide insights into the pathophysiological processes happening 

within the heart in the event of an ACS. 
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Figure-1.2: The 'omics cascade'. It depicts the directional flow of biological information from 

genes to metabolites. Metabolomics is at the end of the cascade and is closer to the phenotype of 

an organism than proteomics or genomics. 

Metabolomics is the new entrant in the óomicsô cascade in systems biology (genomics, 

transcriptomics, and proteomics) approach (Figure-1.2). It involves high-throughput identification 

and quantification of small chemical compounds (<1000 to 1500 Da), commonly known as 

metabolites, present in a variety of biological systems such as a cell, an organism, or biological 

fluids15-17. The complete set of these small-molecule metabolites and their interactions within the 

biological system are known as the metabolome. The metabolome includes endogenous (e.g., 

amino acids, fatty acids, sugars, carbohydrates, vitamins, lipids, and their derivatives) as well as 

exogenous (e.g., pollutants, pharmaceuticals, food additives, xenobiotics) compounds. Lipidomics 
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is a novel subdivision of metabolomics, dedicated to the detailed analysis of complex lipid 

mixtures found in biological materials18. The metabolome composition is inherently dynamic and 

flexible due to its continuous interaction within the biological system and also with the outside 

environment, including the effects of drugs, nutrition, lifestyle, or therapeutics19. Hence, any 

perturbations in metabolite levels are a true reflection of the phenotype and function of the 

developmental or pathological state of the biological system. Recent advancements in óomicsô 

technology platforms, particularly genomics and proteomics technologies, have enabled us to 

assess the changes within the genome and the proteome in cardiovascular diseases (CVD), 

including ACS. Metabolomics and lipidomics are required to bridge the knowledge gap between 

phenotype and metabolic abnormalities in CVD.  

Given that ACS is a multifactorial phenomenon, it requires a global assessment of 

molecular/cellular pathological functions from both untargeted and targeted approaches. 

Recognizing this, the American Heart Association recently released a scientific statement 

highlighting the potential impact of metabolomics in cardiovascular health and disease20. Thus, 

metabolomics and lipidomics are now evolving as essential tools in cardiovascular research (i) to 

gain a better understanding of the mechanisms underlying CVD, (ii) to determine the clinically 

relevant metabolomic perturbations, and (iii) to identify novel biomarkers involved in various 

cardiovascular disease conditions. 

1.5 Analytical tools in metabolomics 

Though metabolomics research is considered a relatively new field, the initial report of screening 

metabolites in body þuids for diagnostic purposes can be traced back to ancient China (1500 ï 

2000 BC), where traditional Chinese physicians used ants to diagnose diabetes by evaluating the 

smell, taste, and color of urine samples from patients21. However, the pioneering work done by the 
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laboratories of Robinson and Pauling research groups in the early 1970s22-24 laid the foundation 

for a new era in metabolomics research. They successfully quantitated metabolites from various 

biofluids, including human blood and urine vapor, by applying gas chromatography coupled with 

mass spectrometry (GC/MS) technique. The first printed reference to the word ómetabolic profileô 

appeared in the literature in 197125,26, when Horning and Horning used GC/MS platform to profile 

different human metabolic products, including sugars, alcohols, and drug metabolites from blood 

and urine samples. Since these initial efforts, several investigators have contributed in parallel to 

develop this naive concept into a format that is on par with the other established óomicsô 

approaches, namely genomics and proteomics. The word ómetabolomeô was first used by Oliver 

Fiehn, a key metabolomics researcher, in 199827 to denote the changes in relative concentrations 

of metabolites due to the deletion or overexpression of a gene. Due to the metabolome's vast 

complexity and dynamic nature, no single instrument platform currently available can 

simultaneously analyze all the metabolites present in a biological sample. For example, within 

lipids alone, diverse lipid classes and lipid molecular species are categorized based on their 

structural and chemical properties. Moreover, while some lipids such as cholesteryl esters and 

triglycerides are usually present in high concentrations (1-10 mmol/L) in samples such as plasma, 

others such as eicosanoids derived from arachidonic acid are present only in trace amounts (1-10 

pmol/L)28. Numerous analytical platforms with varying degrees of specificity and sensitivity have 

been developed in the last two decades to measure specific portions of the complex metabolome. 

Presently, nuclear magnetic resonance (NMR) spectroscopy and mass spectrometry (MS), coupled 

with gas or liquid chromatography (GC/MS or LC/MS, respectively), are the most widely used 

analytical tools in metabolomics investigations15. In addition, analytical platforms such as MS 

coupled with capillary electrophoresis (CE/MS), shotgun lipidomics, and direct MS infusion 
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methods are also used to fully understand the broad spectrum of metabolites15,29. For instance, 

while NMR makes the study of different isomers possible, GC/MS or LC/MS can analyze a large 

variety of molecules with high sensitivity, and CE/MS can provide data of high resolution. Table-

1.1 summarizes the main advantages and disadvantages of using MS and NMR techniques. 

Table-1.1: A summary of the important advantages and limitations of NMR and MS 

techniques 

Technique Advantages Disadvantages 

NMR 

Highly reproducible results 
Relatively low sensitivity compared to 

MS 

Provides structural information about   

the compounds 

Only suited for medium to high 

abundant metabolites (micro molar 

range) 

Minimal requirement for sample 

preparation 

Relatively longer data acquisition times 

compared to MS  

Non-destructive in nature and suitable 

for multiple analysis of the same 

sample 

Highly pH sensitive  

Allows investigation of tissue 

energetics and in vivo metabolism 
 

Suitable for compounds which are 

otherwise difficult to ionize or 

derivatize 

 

Appropriate to use with samples with 

high salt content including urine 
 

Well-established NMR spectra library 

to aid data analysis 
 

Ability to detect different isomeric 

products 
 

GC/MS 

Method of choice for the analysis of 

volatile/non-polar metabolites 

Detection of polar metabolites is 

difficult and needs chemical 

derivatization. 

Increased signal-to-noise (S/N) ratios 

and relatively better resolution 
Limited metabolome coverage 

Publicly available spectral libraries for 

compound identification 

The high temperature applied in 

GC/MS can cause degradation or 

transformation of compounds.  

LC/MS 

Ability to analyze metabolites with 

wide range of polarity including 

thermally unstable ones  

Not suitable for the analysis of gaseous 

mixtures 

Quicker and less extensive sample 

extraction procedures 

Decreased sensitivity due to ion 

suppression 
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Suitable for measurement of 

compounds of lower volatility 

Difficulty in distinguishing isomers 

(both structural and positional) of 

molecules 

Requires little sample volume  

Abbreviations: NMR, nuclear magnetic resonance spectroscopy; GC/MS, gas chromatography/ 

mass spectrometry; LC/MS, liquid chromatography/mass spectrometry 

 

1.5.1 NMR spectroscopy 

NMR spectroscopy is one of the most prevalent techniques used in metabolomics research for 

structural elucidation of both pure compounds and mixtures. This technique relies on the magnetic 

spin properties (nuclear magnetic moment and angular momentum) of protons and neutrons in the 

nucleus of an atom to provide information on molecular structures. It is based on the principle that 

any nucleus possessing a (non-zero) nuclear spin can release characteristic radiofrequency waves 

when placed in an external magnetic field. The resonance frequency of the released energy is 

affected by the chemical microenvironment of these atoms and the coupling effect with nearby 

nuclei. The resulting frequencies are recorded as chemical shifts, and their patterns can be used for 

compound identification15. The most commonly used nuclei for analysis are 1H, 13C, and 31P 

isotopes. The proton NMR spectroscopy (1H-NMR) has the advantage of having greater relative 

sensitivity and a short acquisition time. For this reason, 1H-NMR is widely used to identify and 

quantify a large number of small molecules coexisting in biological material, such as tissues, whole 

cells, and biofluids. The major disadvantage of traditional one-dimensional (1D) 1H-NMR is that 

the spectrum became very complex for larger, more complex molecules, making interpretation 

difficult as most of the signals overlap heavily. However, two-dimensional (2D) NMR helps 

circumvent this challenge by resolving signals that usually overlap in 1H-NMR. In short, 2D-NMR 

provides extra information about a molecule than traditional 1H-NMR spectra, thereby making 
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spectral interpretation easy. Current practice requires 1D 1H-NMR to complement 2D-NMR or 

mass spectrometer for molecular identity confirmation. Carbon-13 NMR spectroscopy (13C-NMR) 

and phosphorous-31 NMR spectroscopy (31P-NMR) predominantly find applications in cellular 

energetics, particularly in tracking cellular changes in cardiac metabolism under normoxic and 

ischemic conditions30-32.  

1H-NMR spectroscopy is routinely used to analyze several low-molecular-weight molecules, 

including branched-chain amino acids (e.g., valine, isoleucine) and ketone bodies from plasma and 

serum to find biomarkers for ACS33-35. In a study looking at potential candidate biomarkers for 

UA from plasma samples, 1H-NMR NMR spectroscopy identified ten steroid metabolites 

belonging to the steroid hormone biosynthesis pathway, including one mineralocorticoid 

(deoxycorticosterone) and nine sex hormone metabolites (e.g., estradiol, 2-hydroxyestradiol)36. 

Also, NMR has become the primary tool for analyzing urinary metabolites. In a study involving 

UA patients37, 1H-NMR NMR analysis could successfully identify and quantitate waste 

metabolites such as trimethylamine-N-oxide (TMAO) and trimethylamine (TMA) from urine 

specimens in addition to short-chain fatty acids (e.g., 3-hydroxybutyrate), organic acids (e.g., 

indol-3-acetate, methylmalonate) and amino acids (e.g., lysine, proline).  

The main advantages of NMR are its non-destructive nature and higher reproducibility38,39. 

However, it is often limited by its requirement of a larger sample amount (2ï50 mg) and therefore 

reduced sensitivity for low abundant compounds40. An early metabolomics study showed that 1H-

NMR spectroscopy could correctly diagnose the presence of CAD and assess its severity41. Other 

applications of NMR based metabolic profiling in ACS mainly include analysis of both urine37 

and serum34,35 metabolites for unstable angina pectoris disease,  investigating the serum metabolic 

characteristics of acute myocardial infarction (AMI) patients in comparison with those of chest 
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pain controls42, and deciphering the metabolomic fingerprint of coronary blood in STEMI 

patients43. Table-1.2 shows that in ACS metabolomics studies, 1H-NMR spectroscopy is the most 

used NMR technique for analyzing biofluids, including plasma, serum, and urine. 

1.5.2 Mass spectrometry 

Mass spectrometry (MS) provides accurate weight measurements of one or more molecules within 

a sample of interest. MS separates the molecules based on their specific mass-to-charge ratio (m/z) 

by converting them into ions in the gas phase44. The separated ions are then sorted according to 

their acceleration and deflection in an external electromagnetic field. The final output is presented 

as the relative abundance of each ion as an m/z spectrum. MS is extensively used in the field due 

to its wide dynamic range, speed, high sensitivity, and the ability to identify and quantify more 

metabolites in a single measurement relative to NMR.  

The MS essentially has three main components; 1) the ion source, where the sample gets ionized; 

2) the mass analyzer, where the ions get separated according to their mass to charge (m/z) values; 

and 3) the detector, which provides a count of the intensity of separated ions45. The most commonly 

used mass analyzers are Time-of-Flight (TOF), magnetic sector, and quadrupole, each with its own 

set of strengths and limitations46. Time-of-Flight, as the name implies, uses a flight tube of known 

length, where the ions get separated based on the flight time (time taken for the ions to travel 

through the flight tube). TOF MS consists of a pulsed ion source and therefore is best suited with 

ionization methods that ionize molecules in pulses, such as laser ionization. TOF systems have an 

excellent mass range and are generally utilized for high-resolution MS. Unlike TOF systems, 

magnetic sector mass analyzers use a magnetic field to sort ions of different mass to charge ratios. 

The key advantages of magnetic sector mass analyzers are their high sensitivity and high 

resolution. As its name suggests, quadrupole consists of four parallel cylindrical or hyperbolic 
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rods. The opposite rods are connected electrically inside a vacuum chamber. By changing the 

electrical potential, ions with different m/z values can be ófilteredô through the quadrupole to the 

detector one after another. The quadrupole mass analyzers are usually compact and have good scan 

speed, durability, and reliability. However, they usually have a limited mass range. 

MS uses various ionization methods for mass analysis. The classic methods include matrix assisted 

laser desorption ionization (MALDI) and electrospray ionization (ESI), in addition to other 

methods such as electron impact (EI) ionization, chemical ionization, and atmospheric pressure 

chemical ionization (APCI)47. ESI is based on the evaporation of charged droplets and is notable 

for being the softest ionization method, allowing for generating ions with multiple charges with 

great sensitivity and no matrix interference48. However, some of the pitfalls of ESI include 

incompatibility with salts, complex mixtures, and impure samples. On the other hand, MALDI 

functions by proton absorption and transfer and can ionize metabolites with much higher masses 

(up to 300,000 Da). MALDI is also compatible with both salts in millimolar concentration as well 

as complex samples. One disadvantage of using MALDI is the potential for the degeneration of 

metabolites due to the acidic matrix or photogeneration via laser ionization. Also, MALDI is also 

not suitable to analyze low molecular weight compounds (<1,000 m/z) because of the matrix 

background interferences in this mass range49. Overall, it has been shown that using multiple 

ionization approaches with mass spectrometry can enhance the detection of global metabolome for 

complex samples50. 

A separation technique in a time dimension (GC, LC, or CE) is often employed before MS analysis 

to isolate the individual components from complex samples containing hundreds to thousands of 

small molecules51. The chromatographic separation techniques use the physicochemical properties 

of the compounds in a sample, such as polarity, size, presence of double bonds, to separate the 
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molecules inside the medium52. Hence, combinations of separation and MS, usually either GC/MS 

or LC/MS, have become the preferred analytical choice for small-molecule analysis from complex 

biological samples. The application of MS-based metabolic fingerprinting in ACS mainly includes 

investigating biomarkers for ACS53-56, characterizing the metabolic difference between different 

types of ACS,57-59 and identifying the molecular differences between patients with ACS and 

healthy controls60,61. 

For minimally complex samples such as synthetic peptides or pure compounds, direct infusion 

mass spectrometry (DIMS) or shotgun lipidomics (for lipid samples) are used. The samples are 

introduced directly into the MS without prior chromatographic separation. Though suited for high 

throughput metabolomics analysis, DIMS often suffers from matrix effect and ion suppression 

since all the sample components are infused simultaneously62,63. Direct infusion also leads to ion 

source contamination which usually takes a long time to recover. Recently introduced chip-based 

direct-infusion nano electrospray interfaces were successful in resolving this problem to a great 

extent64. Due to the lack of chromatographic separation, DIMS also cannot separate isomeric 

compounds. One approach to achieving isomeric separation is incorporating ion mobility 

spectrometry (IMS) as the separation process before MS65. Another drawback of DIMS system is 

that multiple ions of the same molecule, such as its molecular ions, adducts, and in-source 

fragments, can present in the mass spectrum and thus making interpretation of the data very 

difficult.  

Compared to NMR, MS is the method of choice for global metabolite profiling and identifying 

unknown compounds within samples. MS can detect various metabolite classes (polar, non-polar, 

and neutral) depending on the choice of ionization mode (positive/negative). For instance, positive 

ESI mode works well with medium-sized polar molecules, whereas negative ESI mode is suitable 
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for carbohydrates and organic acids. It is worth mentioning that all clinical studies of lipidomics 

in ACS mentioned in Table-1.3 were done using LC/MS platform. Also, MS also provides an 

excellent analytical platform for profiling the molecular composition of lipoprotein complexes. 

For example, multiple clinical studies66-68 employed the LC/MS platform to highlight the changes 

in lipidome composition of HDL (high-density lipoprotein) during ACS pathogenesis.  

NMR and MS primarily use two strategies to conduct metabolomics and lipidomics studies, i.e., 

untargeted, and targeted approaches69,70. The untargeted approach, also called open profiling, aims 

to analyze the most comprehensive set of metabolites from biological samples and is non-selective 

and non-discriminative towards metabolites screening. It is mainly used for the discovery of novel 

biomarkers or to generate a specific hypothesis. Usually, no pre-existing knowledge about the 

metabolic profile of the sample is required for this type of analysis. The untargeted approach 

usually compares metabolite levels between different groups (e.g., healthy control vs. disease) 

under similar conditions69,71. A schematic showing the different steps in untargeted metabolomics 

is shown in Figure-1.3. 
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Figure-1.3: A standard workflow for untargeted metabolomics. After sample collection and 

extraction, the samples are analyzed by NMR spectroscopy or mass spectrometry. The raw data is 

then analyzed using appropriate software followed by statistical analysis to identify metabolites of 

interest or potential candidate biomarkers. Adapted from ñUntargeted Metabolomics for Discovery 

of Disease Biomarkersò, by BioRender.com (2021). Retrieved from 

https://app.biorender.com/biorender-templates 

On the other hand, the targeted approach or closed profiling focuses on a limited number of known 

metabolites, such as 10-20 lipids, and seeks to quantify them. A hypothesis is being tested in this 

approach, and often the sample preparation and analytical techniques are more sophisticated. In 

the case of ACS, the most commonly used approach so far has been untargeted metabolomics to 

differentiate ACS profile from healthy controls. However, most ACS studies complement their 

untargeted analysis by performing a targeted analysis of those compounds that exhibited a 

significant difference between various groups for further quantitation and identity confirmation 

using the suitable internal standards. In a study to understand the underlying mechanisms 

associated with CAD progression, Zhang and colleagues initially performed an untargeted analysis 

of metabolites in plasma of 2324 patients who underwent coronary angiography72. They identified 

a total of 36 differential metabolites across different CAD types, including N-acetylneuraminic 

acid (a ligand for many hormones and lectins), whose levels were elevated in plasma during CAD 

progression. Subsequently, a targeted quantification was performed using isotope-labeled N-

acetylneuraminic acid to confirm its vital role in CAD progression. 

https://app.biorender.com/biorender-templates
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1.6 Pre-analytical considerations in metabolomics studies 

The analytical quality of both untargeted and targeted metabolomics approaches is mainly 

dependent on the various pre-analytical steps involved in sample handling, sample collection, 

centrifugation, aliquoting, transportation, freezing, and storage73. Even minor discrepancies in any 

of these pre-analytical factors can greatly influence metabolomic assessments. Discrepancies may 

include, but are not limited to, choice of anticoagulants or preservatives added to the sample 

specimen, time delay, and storage temperature during blood preprocessing74, diet and time of 

sampling in urinalysis75,76, metabolite degradation or aggregation induced by air oxidation and 

light exposure77,78, number of freeze-thaw cycles before aliquoting biological fluids79, and time 

delay in transportation and sample storage80. Therefore, knowledge about different sample 

collection procedures and preparation protocols is essential to ensure reliable and reproducible 

results in a metabolomics study. A variety of biological fluids, including plasma, serum, urine, 

saliva, cerebrospinal fluid, bronchoalveolar lavage fluid, and cell and tissue extracts, are used in 

metabolomics studies depending upon the biological question under study and the 

pathophysiological nature of the disease process81.  

1.6.1 Serum vs. Plasma 

Notably, most of the metabolomics studies in ACS have been done using either plasma or serum 

as the sample source34,35,53-55. The general theme of most of these plasma or serum-based studies 

is to find biomarkers associated with ACS and its subtypes, compared to healthy controls. Though 

both plasma and serum matrices provide an excellent functional readout of an organismôs 

metabolic activity, the question regarding which is more suitable is still highly debatable. Both 

plasma and serum are derived from the liquid portion of the blood. The serum is the liquid part 

that remains after the blood has clotted, and it is obtained by centrifugation after clotting. Plasma 
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is not coagulated and is obtained by adding an appropriate anticoagulant (heparin, citrate, or 

Ethylenediaminetetraacetic acid (EDTA)) to the whole blood, followed by centrifugation and 

aliquoting81. Typically, plasma makes up to 55% of the total volume of blood, and it contains 

dissolved proteins, clotting factors, salts, lipids, and other suspended materials in water. The serum 

is similar to plasma, except it lacks fibrinogen (clotting factor). Contrary to serum, plasma has the 

advantage that it can be immediately placed on ice, thereby avoiding the possible loss of labile 

metabolites due to enzymatic conversion or other degradation processes during clot formation at 

room temperature81. Several studies have tested the role of pre-analytical factors on the metabolic 

composition of serum and plasma82-84. Teahan et al. showed that variations in certain pre-analytical 

factors such as clotting time and temperature, the presence/absence of anticoagulant, and storage 

conditions including repeated freezeīthaw cycles, can introduce bias into metabolic data84.  Also, 

recent data suggests that it is not advisable to combine serum samples exposed to different clotting 

procedures (e.g., thrombin vs. silicate-enhanced) or different clotting times into a single sample 

set for biomarker analysis, as coagulation and associated processes can alter metabolite 

concentrations85. This limitation can be highly challenging, particularly in multicentric clinical 

studies involving humans, where samples are collected from different hospital sites and transported 

to a centralized facility for further processing and analysis.  

Besides assessing various pre-analytical factors, numerous studies have also investigated the 

difference in metabolic profile generated by serum and plasma samples85-87. In a study comparing 

serum and plasma metabolic profiles85, it was found out that 46% out of the 216 identified 

metabolites were significantly different between the two, and except for three (methionine, C2:0- 

and C3:0-carnitine), the levels of all other metabolites were higher in serum. In line with this, in 

another metabolomics study comprising 377 individuals87, it was reported that although the 
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reproducibility was slightly better in plasma than serum, the concentrations of analytes were 

generally higher in serum with an average relative difference of 11.7%. In another study involving 

29 small-cell lung cancer patients86, it was shown that neither fluid is superior to the other, and the 

two metabolomes were markedly similar in terms of reproducibility, specificity, and metabolic 

coverage. These studies suggest that even though both biofluids are comparable in terms of 

analytical throughput, serum may provide better sensitivity than plasma. 

1.6.2 Polar vs. Non-polar metabolites 

Due to the enormous diversity in the physicochemical properties of metabolites, especially polar 

(including amino acids, nucleic acids, and sugars) and non-polar (including fatty acids and other 

lipids) metabolite classes, no ideal extraction protocol exists that can extract both polar and non-

polar metabolites from the same sample. Accordingly, a comprehensive analysis of the entire 

metabolome in a biological sample requires multiple extraction strategies to cover different 

metabolite classes. Hence, multiple aliquots of the same sample with specific extraction 

procedures, such as using a modified Bligh-Dyer protocol for extracting polar metabolites88, are 

required to obtain extensive coverage of the entire cellular metabolome, which in turn facilitates 

the need to have a larger sample amount. In studies where sample amount is a limiting factor, this 

approach might not be feasible. Of late, efforts have been made to develop extraction protocols 

that can extract both polar and non-polar analytes from the same sample89. Selecting the proper 

extraction protocol is critical in all metabolomics studies as the metabolite extraction step directly 

affects all downstream steps of metabolomics data analysis. 

1.7 Extraction procedures for metabolomics 

The reliability and accuracy of metabolic data also depend upon the sample preparation strategy. 

Ideally, the sample processing should be fast, easy, minimal, and tailored to the analytical scheme. 
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Common approaches include homogenization, dialysis, fractionation, extraction, distillation, 

centrifugation, and concentration. Critically, these approaches should be compatible with the 

nature of the biological matrix, chemical/physical properties of analyte of interest, and the final 

detection technology. For example, in a typical LC/MS platform, sample preparation is usually the 

most time-consuming and error-prone step of the chromatographic assay. The inherent ómatrix 

effectô on different samples such as plasma, serum, urine, and tissue lysate, presents significant 

analytical challenges during LC/MS analysis90. Matrix effects are caused by co-eluting 

endogenous components and preservative agents in the same matrix,91 which often lead to material 

buildup on the analytical column and ion source in LC and MS, respectively. This can cause ion 

suppression or enhancement, drift in chromatographic response, increased or reduced analytical 

signal, reduced column life, and frequent MS cleaning92. Cumulatively, these issues may 

compromise analytical accuracy and increase the total analysis time, in addition to significantly 

affecting the cost of MS analysis90. Therefore, thoughtful selection and optimizing sample 

preparation procedures are essential to minimize variability and improve analytical performance 

in metabolomics studies. 

The three most popular sample preparation techniques in metabolomics analysis include protein 

precipitation (PPT), liquid-liquid extraction (LLE), and solid-phase extraction (SPE)93,94. PPT 

generally begins with adding organic solvents such as methanol, acetonitrile, or a combination 

thereof to the sample, followed by agitation and centrifugation95. Its ónonselectiveô nature makes 

it well suited for global metabolomics analysis. Adding an ice-cold organic solvent is beneficial 

as it may improve the efficiency of protein removal and prevent metabolite degradation as the 

sample warms up from its stored frozen state96. While agitation increases the protein accumulation 

rate, centrifugation helps separate the supernatant holding analytes from the protein pellets97. 
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Though this method provides high metabolite coverage, PPT is often time-consuming, particularly 

while dealing with hundreds of samples manually, as in large-scale epidemiological studies. 

Robotic systems capable of performing automated protein precipitation such as membrane-based 

protein precipitation filter plates have been developed recently to address this issue93,98,99. 

Another classic method used for the qualitative/quantitative identification of metabolites is 

biphasic LLE. LLE utilizes two immiscible liquids for the extraction of analytes. In LLE, the 

analyte is differentially distributed between the aqueous matrix and water-immiscible organic 

solvent93. Traditionally, LLE is most preferred for doing comprehensive lipid analysis100 (i.e., 

global lipidomics). Apart from enriching analytes of interest (here, lipids) and improving signal-

to-noise ratios, any extraction protocol used in lipidomics should also remove any non-lipid 

compounds. Being insoluble in water, lipids are extracted from a biological matrix, such as blood 

plasma or tissue, using organic solvents. The most widely used method for isolating lipids from 

biological samples was devised by Folch et al. more than 60 years ago using 2:1 

chloroform/methanol (v/v) as the solvent mixture101. In this two-phase LLE procedure, most lipids 

get dispersed into the lower chloroform phase and is clearly separated from the upper methanolic 

phase holding non-lipid substances. To enhance recovery, Bligh and Dyer later revised Folchôs 

method by combining chloroform, methanol, and water102. The disadvantage of these two methods 

is that the recovery of the lower lipid fraction is often cumbersome, resulting in contamination of 

the isolate and blockage of the analytical column. In 2008, Matyash and co-workers103 showed that 

an extraction procedure using methyl-tert-butyl ether (MTBE) could solve this problem as the 

lipid-containing organic layer settles at the top during phase separation thereby enabling a much 

cleaner lipid extraction. More recently, a chloroform free one-phase lipid extraction protocol based 

on a mixture of butanol and methanol (BUME) was described by Löfgren and coworkers104. This 
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novel approach is rapid and shows similar extraction efficiency compared to the Folch and the 

Bligh and Dyer procedures. 

In SPE, samples are loaded onto a solid sorbent held primarily on a cartridge device (SPE 

cartridge). The analyte of interest present in samples is selectively retained by the sorbent 

material105. The retained analyte is then eluted with a suitable solvent106. Different SPE types 

include reverse, normal, anion, cation, and mixed-mode sorbents93. Due to its highly selective 

nature, SPE is not recommended for global metabolomics profiling107. It is mainly used to 

concentrate analytes present at low levels and purify analytes from matrix interferences. There 

exist contradictory reports regarding the analytical reproducibility using the SPE procedure. In a 

study comparing PPT and SPE procedures, SPE showed improved repeatability than PPT for 

human plasma metabolic profiling108. However, in another similar study evaluating different 

human plasma preparation protocols, the metabolome coverage and repeatability of the SPE 

procedure is reported to be lower than PPT protocols109. Once an extraction procedure is selected, 

caution should be taken to ensure that the same procedure is repeated consistently throughout the 

entire study. For large-scale cohort studies, maintaining this consistency presents a real challenge. 

Inconsistency in extraction procedures is a source of variation in the dataset and may compromise 

the robustness and accuracy of final results. 

1.8 Data processing in metabolomics 

As with genomics platform, metabolomics studies generate a large amount of multidimensional, 

non-linear, and non-normal data110. Due to its sheer complexity, metabolomics data-analytical 

approaches rely heavily on advanced computational approaches. Many instrument-specific and 

open-source software solutions are available, such as MetaboAnalyst111 and XCMS112, that can do 

the critically important steps in metabolomics data analysis, such as run alignment, peak picking, 



28 
 

data preprocessing (e.g., deconvolution, scaling, and normalization), annotation, and compound 

identification. However, selecting a suitable approach or software is often confusing and depends 

upon the separation technique, detection mode and output file format (e.g., mzXML, mzML, 

NetCDF) generated by each instrument. Also, there remains little accord or harmonization among 

different software in handling various cross-vendor file formats. Recently, much effort has been 

made to address this issue, and new software platform such as Progenesis QI113 has been developed 

that is compatible with a wide variety of instruments and can perform platform-independent 

metabolomics data analysis. 

1.8.1 Handling unwanted variances in metabolomics data 

Analytical and biological variability issues are critical in human metabolomics studies. If these 

unwanted variations are not accounted for, it may affect the statistical power of detecting 

metabolites that are characteristic of, for example, a disease state such as ACS. Laboratory 

procedures or technological platforms primarily introduce analytical variability. Typical example 

includes matrix effects, temperature changes, solvent pH changes, sample degradation over time 

in extended sample runs spanning weeks or months, fluctuation in instrumental sensitivity, and 

personal errors114. One way to combat these analytical errors is by employing suitable sample 

normalization strategies such as data-driven normalizations, internal standards-based 

normalization, or quality control (QC)-based normalization115. These strategies help to standardize 

metabolite abundances before statistical analyses and improve the quality of metabolomics data. 

Of these, QC-based normalization approaches are gaining more popularity of late114,116. Several 

QC-based normalization algorithms have been developed in recent times including batch-ratio117, 

LOESS118, and SERFF115. The QC samples are injected at regular intervals along with the study 

samples in every batch. Ideally, the QC sample should have the same matrix composition as that 
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of study samples and is usually obtained by pooling multiple aliquots. After QC-based batch 

correction, those metabolites which exhibited poor repeatability across QC samples were often 

removed based on specific cut-off criteria to assure an expected level of data quality. For example, 

after batch correction, only those metabolites satisfying the cut-off criteria were often retained for 

subsequent data analysis119, such as 1) metabolites present in > 50% of QC samples, 2) metabolites 

with a coefficient of variation for QC samples <20%.  

Though the above mentioned approaches can largely eliminate unwanted analytical variations 

from the dataset, the inherent biological variability induced by factors such as diet, ethnicity, 

physical activity, circadian rhythm, and medications  still poses a significant challenge in 

interpreting the real physiological variations due to disease status or interventions120. To overcome 

these challenges, several strategies have been proposed, including cross-validation of results using 

an appropriate proportion of test and validation sets (e.g., 30%, the ótest setô), validation of 

identified biomarkers using large cohorts of multi-centric samples (validation set), reporting 

results in relative amounts rather than absolute amounts of metabolites, and finally validation of 

candidate biomarkers based on comparison to an isotopically labeled internal standards. Current 

practice involves using different software for different tasks in the metabolomics workflow, such 

as one for peak picking, another one for normalization, and another one for metabolite annotations. 

This is a very tedious process and also a time-consuming one. As we move forward, particular 

emphasis should be given to developing software that can automate everything from aligning runs 

to peak picking to batch correction to metabolite annotations, which may become ñcurrent 

practicesò in the immediate future. 
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1.9 Metabolomics in ACS 

Recently, there has been a growing appreciation for metabolomics as a promising approach for 

investigating cardiovascular diseases, including CAD to allow for better mechanistic 

understanding and also biomarker discovery. The studies in the 2000s by Sabatine and colleagues 

initially demonstrated the application of a blood-based metabolomics platform to identify markers 

associated with myocardial injury. In a study comprising 36 subjects who underwent exercise 

stress testing (inducible ischemia), Sabatine et al. showed that myocardial ischemia is 

characterized by significant changes in the circulating levels of multiple metabolites, including 

lactic acid (final product of glycolysis)121. The pathway analysis identified a key role for the TCA 

cycle (regulator of oxidative phosphorylation) during myocardial ischemia. Moreover, they 

identified a panel of six metabolites, including citric acid, which could accurately stratify patients 

with myocardial ischemia from control subjects. Following this study, in a human model of 

planned myocardial infarction, via alcohol septal ablation, the same group identified metabolic 

changes as early as 10 minutes after myocardial injury122. They reported that perturbations in 

pyrimidine metabolism, the TCA cycle, and the pentose phosphate pathway were associated with 

myocardial injury. Importantly, these perturbations were observed in both coronary sinus and 

peripheral blood and were further validated in an independent clinical cohort. 

A comprehensive overview of the clinical studies of metabolomics in ACS is provided in Table-

1.2. Only those studies which explicitly discuss any of the ACS subtypes were included in the 

table. As evident from Table-1.2, blood-derived plasma and serum from veins are the most 

preferred biological fluids, and LC/MS is the favored technique being used in these studies. 

However, the sampling time varies greatly between these studies. First-morning collection, 

collection after overnight fasting, spot sampling at the time of admission (non-fasting), and timed 



31 
 

collection at different sampling time points are the various sampling modes employed in these 

studies. The ideal sampling time is when the rate of metabolic flow, or flux, is constant, i.e., a 

steady metabolic state. However, ACS always involves ómetabolic shiftsô, and thus there is no 

steady metabolic state available in ACS events. Under these circumstances, time-series analyses 

could provide a better insight into the molecules and pathways with clinical relevance.  

The initial clinical studies of metabolomics in ACS made use of GC/MS to identify biomarkers 

for the early diagnosis of ACS. Utilizing GC/MS, Vallejo et al. and Laborde et al. elucidated the 

metabolic differences in plasma of non-ST elevation ACS patients relative to healthy 

subjects123,124. These studies collectively identified tricarboxylic acid (TCA) cycle intermediates 

along with 4-hydroxyproline, tryptophan, 3-OH-butyric acid, and 2-OH-butyric acid as key players 

in ACS pathophysiology. Subsequent studies employed NMR, LC/MS, and CE/MS approaches, 

shifting focus from the broad spectrum of ACS towards various ACS subtypes. Using CE/MS and 

hydrophilic interaction chromatography/MS targeted analysis, Naz et al. found increased 

acylcarnitines (associated with defective mitochondrial ɓ-oxidation) and amino acids (involved in 

myocardial energy metabolism) levels in STEMI patients compared to NSTEMI patients58. 

Another study used a combination of different metabolomics approaches, including GC/MS, and 

H-NMR, and confirmed the presence of elevated hydrogen sulfide (an endogenous 

gasotransmitter) levels in STEMI patients compared to UA patients125. In a large study comprising 

2,324 patients from 4 independent centers57, Fan et al. evaluated the diagnostic value of plasma 

metabolomics to characterize different types of CAD. Based on CAD severity, patients were 

divided into five groups of those with the normal coronary artery, nonobstructive coronary 

atherosclerosis, stable angina, UA, and AMI. They found 89 differential metabolites across 

different CAD types. Additionally, they identified glycerophospholipid metabolism, amino acids, 
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acylcarnitines, TCA cycle, and bile acid biosynthesis as the main metabolic pathways associated 

with CAD progression. Importantly, these findings were replicated in a validation cohort. 

Metabolomics has also been used to explore biomarkers predictive of adverse cardiovascular 

events following ACS. For instance, Du et al. performed LC/MS analysis of 26 amino acids in a 

cohort of 138 STEMI patients with acute heart failure to find metabolites predictive of adverse 

cardiovascular events126. They found that elevated plasma branched-chain amino acids (BCAA) 

levels on admission are associated with adverse cardiovascular events. In another study comprising 

978 patients127, Vignoli et al. used NMR-based metabolomics to identify prognostic markers of 

two-year mortality after AMI. They showed that elevated levels of amino acids including mannose, 

formate, acetone, proline, creatinine, acetate, and 3-hydroxybutyrate were associated with 

mortality following AMI. Another study used an untargeted LC/MS approach and showed that six 

metabolic pathways, namely urea cycle, tyrosine, lysine, tryptophan, aspartate/asparagine, and 

carnitine shuttle, are associated with mortality in patients with CAD128. More recently, Chorell et 

al. showed that lysophospholipids (involved in inflammation, arteriosclerosis) are associated with 

future cardiovascular risk in STEMI and NSTEMI patients129. They reported that while STEMI is 

characterized by a higher ratio of lysophosphatidylcholine to lysophosphatidylethanolamine, 

NSTEMI is characterized by a lower ratio of these two lipids129. 

In recent times, lipid molecules and their associated pathways gained particular interest in the 

setting of ACS. In 2018, Wang et al. demonstrated that in addition to TCA cycle intermediates and 

amino acid metabolism, other lipid-associated pathways, including fatty acid metabolism and fatty 

acid ɓΆoxidation, also play important roles in ACS130. During the same time, Goulart et al. showed 

that the most perturbed metabolites associated with STEMI were primarily lipid species, including 
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phosphatidylcholines, lysophosphatidylcholines, and sphingomyelins131. These results underscore 

the need for comprehensive lipid profiling to provide insight into ACS pathogenesis. 

One of the most consistent findings in these clinical studies has been the link between carnitine 

(short-chain and long-chain) and lysophosphatidylcholine (LPC) species with ACS. Carnitines 

play a critical role in transporting long-chain fatty acids from the cytoplasm into the mitochondria, 

where they undergo ɓ-oxidation to produce energy. Accumulating evidence suggests that elevated 

levels of carnitines reflect impaired ɓ-oxidation and mitochondrial dysfunction132  and are 

associated with a wide variety of disorders, including type 2 diabetes133, and cardiovascular 

diseases134. Since long-chain fatty acylcarnitines are produced from fatty acid metabolism and are 

primarily synthesized in the mitochondria, their levels indicate mitochondrial fatty acid 

oxidation135. On the other hand, LPC is a group of proinflammatory lipids, which is primarily 

derived from phosphatidylcholine (PC) by the enzymatic action of phospholipase A2 (PLA2). LPC 

has been linked to the pathogenesis of atherosclerosis and the progression of various diseases136, 

including cardiovascular diseases, renal failure137, ovarian cancer138, and diabetes139. Among other 

properties, LPC also activates several signaling pathways such as oxidative stress and 

inflammatory responses, contributing to endothelial cell injury in atherosclerosis and 

cardiovascular disorders140. 
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Table-1.2: Main findings from the clinical studies of metabolomics in acute coronary syndrome 

 

No First Author, 

year 

Sample size Sampling time Specimen/ 

Technique 

Main findings 

1 W Zhong141, 

2021 

284 ACS; 130 

HC 

At the time of 

hospital admission 

Plasma 

LC/MS 

Phenylalanine, arginine, and proline 

metabolism and synthesis and degradation of 

ketone bodies are involved in ACS 

pathogenesis. 

2 E Chorell129, 

2021 

50 STEMI; 50 

NSTEMI; 100 

HC 

After fasting for 4 h Plasma 

GC/MS,  

LC/MS 

Plasma lysophospholipids ratio (LPC: LPE) 

could predict future risk in STEMI and 

NSTEMI patients.  

3 N Aa142, 2021 85 MI; 61 non-

MI chest pain; 

84 HC 

Within 6 h of the 

initial symptom 

attack 

Plasma 

GC/MS,  

LC/MS 

Patients with MI had elevated plasma levels of 

deoxyuridine, methionine, and homoserine. 

4 H Chen143, 2021 Discovery: 942  

Validation: 

493  

After fasting for 8 h Plasma 

LC/MS 

Perturbations in cysteine and methionine 

metabolism and glycerophospholipid 

metabolism are associated with CAD severity. 

5 A Mehta144, 

2020 

Discovery: 454  

Validation: 

322  

After overnight 

fasting 

Plasma 

LC/MS 

Perturbations in tryptophan, lysine, tyrosine, 

asparagine/aspartate, urea cycle, and the 

carnitine shuttle metabolism are associated 

with mortality in CAD patients. 

6 J Li145, 2020 136 NOCAD; 

118 AMI 

After overnight 

fasting 

Serum 

LC/MS 

23 differential metabolites were identified 

between AMI and NOCAD, including 12 

acylcarnitines, seven fatty acids, three 

glycerophospholipids, and L-tryptophan. 

7 H Jiang146, 2020 252 ACS After initial 

diagnosis of ACS 

Serum 

LC/MS 

A total of four metabolites including 

isoundecylic acid, betaine, 1-heptadecanoyl-sn-

glycero-3-phosphocholine, and acetylcarnitine 

could discriminate stable and vulnerable 

plaques. 
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8 A Khan147, 2020 112 patients at 

AMI risk; 89 

HC 

During routine blood 

collection after 

overnight fasting 

Serum 

LC/MS 

L-homocysteine sulfinic acid, cysteic acid, and 

carnitine could serve as predictive markers for 

AMI risk. 

9 M Pouralijan 

Amiri 36, 2020 

94 UA; 32 

controls 

(angina, but no 

CAD) 

After coronary 

angiography  

Plasma 

H-NMR 

17 metabolites involved in pathways such as 

steroid hormone biosynthesis, aminoacyl-tRNA 

biosynthesis, and lysine degradation could 

serve as promising biomarkers for UA 

diagnosis. 

10 A Vignoli33, 

2020 

825 total, 702 

survivors and 

123 deceased 

24ï48 h after the 

PCI and overnight 

fasting 

Serum 

H-NMR 

Characterization of metaboliteïmetabolite 

association, can be used as a potential tool to 

predict mortality in AMI patients. 

11 G Gundogdu60, 

2020 

20 STEMI; 15 

HC 

Within an hour of 

the initial symptom 

attack 

Serum 

LC/MS 

Malonic acid, maleic acid, fumaric acid and 

palmitic acid could be used for the diagnosis of 

STEMI. 

12 A Surendran148, 

2019 

27 STEMI Pre-PCI, 2 h, 24 h 

and 48 h post-PCI 

Plasma 

LC/MS 

Identified lipids and lipid-derived molecules as 

the major constituents of the altered 

metabolomic profile prior to PCI and in the 

follow up time intervals post PCI. 

13 J Wang149, 2019 40 UA; 39 HC Blood samples taken 

at the same day of 

inclusion in the 

study 

Plasma 

LC/MS 

27 metabolites, including free fatty acids, 

amino acids, LPE, LPC, and organic acids, can 

be used to diagnose UA patients. 

14 M Deidda43, 

2019 

15 STEMI Coronary artery 

blood sampling 

during PCI 

Plasma 

H-NMR 

Coronary blood fingerprint in STEMI patients 

was represented by choline, phosphocholine, 

myo-inositol, lysine, ornithine, and 2-

phosphoglycerate metabolites.  
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15 A Vignoli127, 

2019 

Training: 80 

survivors and 

40 deceased 

Validation: 

752 survivors 

and 106 

deceased 

24ï48 h after the 

PCI and overnight 

fasting 

Serum 

H-NMR 

Mortality in AMI patients were associated with 

elevated serum levels of acetone, 3-

hydroxybutyrate, mannose, creatinine, acetate, 

formate, proline, and lower serum levels of 

valine and histidine. 

16 VAM Goulart150, 

2019 

15 STEMI; 19 

HC 

Within 7 h after 

hospitalization 

Plasma 

LC/MS 

STEMI metabolic fingerprint includes 

perturbations associated with 

phosphatidylcholines, 

lysophosphatidylcholines, sphingomyelins, and 

biogenic amine species. 

17 Y Wang130, 2018 36 ACS; 30 

HC 

Not specified Urine  

LC/MS 

Identified fatty acid metabolism, fatty acid 

ɓ-oxidation, amino acid metabolism, and TCA 

cycle as critical pathways associated with ACS 

pathogenesis 

18 X Du151, 2018 96 STEMI 

with post-PCI 

AEs; 96 

without AEs 

Arterial blood before 

coronary 

angiography 

Plasma 

LC/MS 

Circulating levels of branched chain amino 

acids (BCAAs) were associated with the risk of 

adverse cardiovascular events in STEMI 

patients. 

19 X Du126, 2018 138 STEMI 

with AHF; 138 

STEMI 

without AHF 

At the time of 

hospital admission 

Plasma 

LC/MS 

Elevated plasma BCAA levels were associated 

with long-term adverse cardiovascular events 

in patients with STEMI and AHF. 

20 L Huang152, 

2018 

44 STEMI (22 

LMCAD and 

22 non-

LMCAD); 22 

HC 

At the time of 

hospital admission 

Plasma 

LC/MS 

Retinol metabolism was the most perturbed 

metabolic pathway for the LMCAD phenotype. 
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21 D Dazhi42, 2018 45 AMI;45 

chest pain 

controls 

(CPCS) 

At the time of 

hospital admission 

and prior to any 

medication 

Serum 

H-NMR 

Multiple altered metabolic pathways, including 

the TCA cycle, lipoprotein changes, anaerobic 

glycolysis, gluconeogenesis, and fatty acid 

metabolism, characterize AMI patients 

compared to CPCS. 

22 M Kohlhauer153, 

2018 

115 STEMI; 

26 control 

patients 

(SA/NSTEMI) 

Immediately after 

stent deployment 

Plasma 

LC/MS 

Increased levels of myocardial succinate are 

found in STEMI patients. 

23 L Zhang154, 

2018 

2,324 patients 

who 

underwent 

coronary 

angiography 

Before coronary 

angiography  

Plasma 

LC/MS 

N-acetylneuraminic acid plays a key role 

during CAD progression. 

24 X Yin61, 2018 20 STEMI; 20 

non-ACS 

patients 

Pre-PCI Plasma 

LC/MS, 

ICP/MS 

ACS patients are characterized by disturbances 

in LPC, caffeine, glycolysis, tryptophan, and 

sphingomyelin metabolism. 

25 W Yao34, 2017 22 UA; 22 HC Within 24 h after 

overnight fasting 

Serum 

H-NMR 

UA patients are characterized by perturbations 

in phospholipid and amino acid metabolism. 

26 SE Ali125, 2016 30 STEMI; 15 

UA; 15 HC 

1ï2 h post chest pain 

for STEMI patients, 

before and after 

angioplasty for UA 

patients 

Serum 

GC/MS, 

SPME-

GC/MS, 

 H-NMR 

Elevated levels of serum hydrogen sulfide 

could discriminate STEMI patients from UA 

patients.  

27 Y Fan57, 2016 Discovery: 

1,086  

Validation: 

933  

Before coronary 

angiography  

Plasma 

LC/MS 

89 differential metabolites were identified 

between and within different CAD subtypes. 

28 X Xu59, 2015 38 SA; 34 

AMI; 71 HC 

After overnight 

fasting 

Serum 

LC/MS 

Different lipid classes, including fatty acids, 

steroids, phospholipids, sphingolipids, and 

glycerolipids, are associated with CAD 

progression. 
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29 L Huang155, 

2016 

47 STEMI (23 

youth, 24 

elderly), 48 

healthy 

controls (24 

youth, 24 

elderly)  

Post-PCI Plasma 

LC/MS 

The most perturbed metabolic pathway in 

young STEMI patients was sphingolipid 

metabolism. 

30 K Ameta35, 2016 65 UA; 62 HC Within 4 h of onset 

of angina 

Serum 

H-NMR 

Five significantly altered metabolites, namely 

valine, alanine, glutamine, inosine, and 

adenine, differentiate UA patients from HC. 

31 Z Li37, 2015 27 UA; 20 HC In the morning after 

fasting for 12 h 

Urine 

H-NMR 

20 metabolites, including energy metabolism-

related metabolites and amino acids, could 

discriminate UA patients from HC. 

32 S Naz58, 2015 Discovery: 16 

STEMI; 16 

NSTEMI 

Validation: 20 

STEMI; 28 

NSTEMI 

Pre-PCI Serum 

LC/MS 
CarnitineȤrelated compounds and amino acids 

were differentially present in STEMI and 

NSTEMI conditions. 

33 CM Laborde56, 

2013 

Discovery: 35 

NSTEACS; 35 

HC 

Validation: 15 

NSTEACS; 15 

HC 

At the onset of the 

syndrome 

Plasma 

GC/MS, 

LC/MS 

A panel of metabolites consisting of 5-OH-

tryptophan, 2-OH-butyric acid, and 3-OH-

butyric acid could serve as markers for the 

early diagnosis of ACS. 

34 M Sun55, 2013 45 UA; 43 

atherosclerosis 

controls 

In the morning after 

overnight fasting  

Plasma 

LC/MS 

16 potential endogenous biomarkers for UA 

were identified including kynurenine. 
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35 J Teul54, 2011 19 NSTEACS; 

6 HC 

Immediately before 

coronary 

angiography, day 4, 

2 months and 6 

months after 

diagnosis 

Plasma 

GC/MS 

27 metabolites including glucose, fructose, 

myoinositol, pyruvate, lactate, and succinate 

varied with time following an ACS event.  

36 M Vallejo53, 

2009 

9 NSTEACS; 

10 stable 

atherosclerosis

; 10 HC 

In the morning after 

fasting on the 4th 

day of hospital stay 

Plasma 

GC/MS 

Plasma fingerprinting characterizes a key role 

for 4-hydroxyproline in ACS. 

Abbreviations: STEMI, ST-elevation myocardial infarction; NSTEMI , non-ST-elevation myocardial infarction; NSTEACS, non-

ST-elevation ACS; NOCAD, nonobstructive coronary artery disease; AMI, acute myocardial infarction; AHF, acute heart failure; 

MI, myocardial infarction; SA, stable angina pectoris; UA, unstable angina pectoris; PCI, percutaneous coronary intervention; 

ACS, acute coronary syndromes; CAD, coronary artery disease; HC, healthy control; LC/MS, liquid chromatography/mass 

spectrometry; GC/MS, gas chromatography/mass spectrometry; H-NMR, proton nuclear magnetic resonance; SPME, solid-phase 

microextraction; LPC, lysophosphatidylcholine; LPE, lysophosphatidylethanolamine; TCA, tricarboxylic acid cycle 
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1.10 Lipidomics in ACS 

Apart from their primary role as the structural components of cells, lipids exert indispensable 

functionalities as cell signaling molecules and energy sources. Evidence from genomics studies 

and large randomized controlled trials has established the link between the dysregulated lipid 

metabolism and CAD progression, including ACS. The results from clinical trials of lipid-

modifying therapy demonstrated that lowering the levels of serum lipids (especially cholesterol) 

reduces the risk of cardiovascular events156. Given the crucial role of lipids in regulating health 

and disease states, elucidating the lipid composition at the molecular and system level is essential 

to characterize the molecular basis of ACS. Therefore, there is a growing interest in lipidomics as 

a promising approach to reveal lipid alterations in ACS progression and to find new biomarkers 

for early ACS diagnosis. Table-1.3 summarizes the applications of lipidomics on ACS in clinical 

settings. From Table-1.3, it is evident that MS has been the dominating technique for lipid 

profiling, and blood-derived plasma is the most preferred biospecimen. 

Traditional clinical lipid biomarkers for the development and progression of CAD, including 

elevated serum low-density lipoprotein (LDL), decreased high-density lipoprotein (HDL), or 

increased triglycerides levels, often fail to distinguish ACS from stable coronary artery disease 

correctly. Using plasma lipid profiling on 220 individuals Meikle and colleagues showed that 

multivariate models incorporating both lipids and conventional risk factors could stratify unstable 

CAD from stable CAD patients with better accuracy than models with conventional risk factors 

alone157. The plasma levels of many lipids, including alkylphosphatidylcholine and 

phosphatidylcholine plasmalogen (these species are susceptible to oxidative stress), displayed a 

significant association with disease severity, suggesting their part in the onset and progression of 

ACS.  In a report to characterize lipid species within lipoprotein particles, Meikle also reported 



41 
 

that the levels of phospholipids, including lysophospholipids and plasmalogens, were significantly 

lower within the HDL of the ACS group relative to the CAD group158. In line with this finding, 

Sutter et al. and Rached et al. showed the contribution of alterations in the HDL lipidome to the 

disease severity of ACS66,67. Similarly, looking at 365 lipids, Lee et al. demonstrated that the levels 

of saturated lysophosphatidylcholine (LPC) species (16:0 and 18:0) were increased only in the 

HDL fraction of the ACS group, indicating an intermediate link between LPC species and 

progression of ACS68. In another study using a targeted lipidomics approach, Garcia et al. showed 

that the HDL2 subclass of ACS patients is enriched with oxidized fatty acids compared to non-

ACS subjects, which may modulate platelet-dependent thrombotic risk159.  Together these studies 

demonstrate the ability of wholeȤplasma and lipoprotein-specific lipidomics for the early detection 

of ACS and discriminating stable CAD from ACS. 

Recently, several studies have looked at the association between molecular lipid species and 

clinical outcomes in patients with ACS. In a study comprising 581 patients with ACS or stable 

CAD, Cheng et al. investigated the association of plasma lipids with 1-year clinical outcome160. 

They showed that plasma concentration of ceramides (involved in inflammation, membrane 

integrity and apoptosis), particularly, Cer(d18:1/16:0), is strongly associated with 1-year major 

adverse cardiac events (MACE) and plaque vulnerability, independent of statin usage and LDL 

levels. The prognostic value of these high-risk circulating ceramide species was further probed in 

the prospective ATHEROREMO cohort of 581 patients with stable angina pectoris or ACS and a 

median follow-up of 4.7 years161. Multivariable analyses showed that the circulating levels of 

Cer(d18:1/16:0), Cer(d18:1/20:0), Cer(d18:1/24:1), and their ratios were associated with adverse 

cardiac outcomes independent of the established clinical risk factors. A recent lipidomics analysis 

by Carvalho et al. employing paired tissue-plasma samples in human and animal models took these 
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results a step forward162. They showed that arterial and myocardial tissue ceramide levels also 

correlate with MACE in patients with AMI. Collectively, these data suggest a predictive role of 

plasma ceramide species in patients with ACS. 
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Table-1.3: Main findings from the clinical studies of lipidomics in acute coronary syndrome 

No First Author, 

year 

Sample size Sampling time Specimen/ 

Technique 

Main findings 

1 L Zhang163, 

2021 

20 STEMI 30 min before PCI; 

6, 12, 24, and 72 h 

after PCI; 1 day 

before discharge; 

and 28 days after 

PCI 

Plasma 

LC/MS 

The circulating levels of PGE2, PGD2, and 

TXA2 were significantly lower at 6 h post-PCI 

in STEMI patients. The levels of 20-HETE 

content were significantly higher at 12ï72 h 

post-PCI. 

2 J Burrello164, 

2020 

7 STEMI; 9 

controls 

Pre-PCI, and 24 h 

post-PCI 

Isolated EV 

Plasma 

LC/MS 

The levels of ceramides, dihydroceramides, and 

sphingomyelins in extracellular vesicles 

increased in STEMI compared to matched 

controls and decreased post-PCI. 

3 PJ Meikle158, 

2019 

47 ACS; 83 

stable CAD 

Before coronary 

catheterization 

Plasma 

LC/MS 

Venous plasma lipid species was better than 

traditional risk factors in discriminating ACS 

from stable CAD. 

4 JH Lee68, 2018 30 CAD, 10 

ACS, 10 with 

stable CAD 

without ACS 

Not specified Plasma 

LC/MS 

Two LPC species (16:0 and 18:0) were 

significantly elevated only in the HDL of the 

ACS group vs. stable CAD group, whereas PE 

species (38:5 and 40:5) were elevated in ACS 

by >2-fold in both HDL and LDL. 

5 MJ Gerl165, 2018 74 ACS, 78 

SA, 21 IS, 52 

HC 

Within the first 24 h 

of hospital 

admission 

Plasma 

LC/MS 

The levels of LPC and ratios of CE to free 

cholesterol were decreased in the CVD subjects 

compared to control subjects. 

6 S Anroedh166, 

2018 

581 ACS; 155 

MACEs 

Prior to coronary 

angiography or PCI 

Plasma 

LC/MS 

The circulating ceramides were associated with 

MACEs independent of clinical risk factors in 

CAD patients. 

7 L Feng167, 2018 40 STEMI Pre-PCI, 2 h and 24 

h post-PCI 

Plasma 

LC/MS 

16 circulating fatty acids were associated with 

myocardial reperfusion injury. 
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8 C Garcia159, 

2018 

30 ACS; 30 

No CAD 

Before hospital 

discharge 

Plasma 

LC/MS 

HDL2 subclass from ACS patients was 

enriched with oxidized polyunsaturated fatty 

acids. 

9 LP de 

Carvalho162, 

2018 

Discovery: 337  

Validation: 

119 

Pre-angiography and 

within 24 h post-

angiography 

Tissue, 

Plasma 

LC/MS 

11 ceramides (C14 to C26) and 1 

dihydroceramide (C16) were associated with 

MACEs in patients with AMI. 

10 M Chatterjee168, 

2017 

175 

symptomatic 

CAD; 15 HC 

During coronary 

angiography 

Platelet 

LC/MS 

Symptomatic CAD patients were characterized 

by a perturbed platelet lipidome. 

11 L Zu169, 2016 39 MACE; 39 

Non-MACE; 

39 controls 

During coronary 

angiography 

Plasma 

LC/MS 

The plasma level of 19-HETE is useful for the 

prognosis of ACS after adjustment for clinical 

risk factors. 

12 JM Cheng160, 

2015 

162 STEMI; 

151 

NSTEACS; 

261 stable 

CAD 

Prior to coronary 

angiography 

Plasma 

LC/MS 

Plasma ceramide (d18:1/16:0) was associated 

with vulnerable plaque and 1-year MACE. 

13 F Rached67, 

2015 

16 STEMI; 10 

controls 

Within 24h after 

diagnosis 

Plasma 

LC/MS 

The lipidome of HDL particles were markedly 

altered in STEMI. 

14 I Sutter66, 2015 23 stable 

CAD; 22 ACS; 

22 HC 

Within 12 h of the 

initial symptom 

attack 

Plasma 

LC/MS 

HDL-plasmalogen levels were inversely 

associated with both stable and acute CAD. 

15 JY Park170, 2015 140 CAD; 70 

HC 

After fasting for 12 h Serum 

LC/MS 

PC containing palmitic acid, DG, SM, and Cer 

were associated with an increased risk of MI, 

whereas PE-plasmalogen and PI were 

associated with a decreased risk. 

16 PJ Meikle157, 

2011 

60 SA; 80 UA; 

80 HC 

Not specified Plasma 

LC/MS 

The study showed that multivariate models 

using multiple lipid species can stratify 

unstable and stable CAD patients with 

improved accuracy than traditional risk factors.  
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Abbreviations: MACE, major adverse cardiac events; STEMI,  ST-elevation myocardial infarction; NSTEACS, non-ST-elevation 

ACS; AMI, acute myocardial infarction; MI, myocardial infarction; SA, stable angina pectoris; UA, unstable angina pectoris; IS, 

ischemic stroke; PCI, percutaneous coronary intervention; ACS, acute coronary syndromes; CAD, coronary artery disease; HC, 

healthy control; LC/MS, liquid chromatography/mass spectrometry; LPC, lysophosphatidylcholine; PE, 

phosphatidylethanolamine; CE, cholesteryl ester; PC, phosphatidylcholine; DG, diacylglycerol; SM, sphingomyelin; Cer, 

ceramide; PI, phosphatidylinositol; HDL, highȤdensity lipoprotein 
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1.11 Metabolomics of ischemia/reperfusion injury 

 

Figure-1.4: Percutaneous Coronary Intervention (PCI) . PCI widens the blocked or narrow 

coronary arteries, thereby allowing reperfusion of the ischemic myocardium. Adapted from 

ñPercutaneous Coronary Interventionò, by BioRender.com (2021). Retrieved from 

https://app.biorender.com/biorender-templates 

Timely myocardial reperfusion strategies employing fibrinolytic therapy or percutaneous coronary 

intervention (PCI) are the treatment of choice for acute STEMI patients. Besides salvaging viable 

cardiomyocytes from ischemic death, reperfusion profoundly limits the infarct size following a 

prolonged ischemic insult and improves the clinical outcome. However, pre-clinical and clinical 

data show that this sudden reintroduction of oxygen and nutrients during reperfusion by itself 

induces cardiomyocyte death, a phenomenon termed myocardial reperfusion injury13,171. 

Clinically, the largest effect of ischemia/reperfusion (I/R) injury is during PCI of STEMI patients. 

https://app.biorender.com/biorender-templates
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In STEMI patients, once the coronary artery is opened by PCI (Figure-1.4), it allows for 

reperfusion of the ischemic myocardium. Despite rapid and successful reperfusion, the mortality 

rate after an AMI is nearly 10%172. 

Low blood flow during acute ischemia switches cell metabolism to anaerobic metabolism, 

resulting in lactate accumulation and lowering of intracellular pH173. Also, there is a decrease in 

cellular ATP, which results in Ca2+overload173. These processes disturb cell volume regulatory 

mechanisms, leading to disrupted cellular structure and cell lysis. Thus, it is essential to restore 

tissue oxygen supply. However, reperfusion leads to a sudden increase in the amount of oxygen 

available that causes an intense burst of mitochondrial reactive oxygen species (ROS), resulting in 

cellular dysfunction by modifying intracellular molecules173. Reperfusion also restores the 

physiological pH, which releases the inhibitory effect on mitochondrial permeability transition 

pores (mPTP) opening. Moreover, reperfusion results in intracellular Ca2+overload due to the 

dysfunction of the sarcoplasmic reticulum. Reperfusion also initiates endoplasmic reticulum stress, 

a pro-inflammatory response, and pro-thrombogenic pathway activation in ischemic tissues171,173. 

The excess Ca2+ and enhanced ROS production trigger mPTP opening, resulting in ATP depletion 

and, ultimately, cellular death. A graphic indicating the main proponents of myocardial I/R injury 

is shown in Figure-1.5. In brief, reperfusion is associated with an additional injury that extends 

the ischemic damage. As a result of this puzzling problem between ischemic injury versus 

reperfusion injury, there is significant interest in finding ways to protect against and treat the latter. 
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Figure-1.5: Myocardial ischemia/reperfusion (I/R) injury. Schematic showing the main events 

in myocardial I/R injury. Abbreviations: Ca2+, Calcium ion; ROS, reactive oxygen species; mPTP, 

mitochondrial permeability transition pore 

The ROS generation during reperfusion was previously thought of as a non-specific response to 

reoxygenation of ischemic tissue. However, a recent comparative in vivo metabolomic analysis in 

a mouse model of I/R injury has revealed that the TCA cycle intermediate, succinate accumulates 

during ischemia and the oxidation of succinate during reperfusion drives mitochondrial ROS 

accumulation and reperfusion injury174. A later study used a targeted LC/MS approach to analyze 

plasma metabolites in 115 STEMI patients undergoing PCI and revealed that myocardial succinate 

accumulation is an early marker of human I/R injury175. They reported an association between 

myocardial content of succinate and the magnitude of ischemic injury in STEMI patients.  

Recent metabolomics studies have also implicated the role of BCAAs in the development of I/R 

injury. In a metabolomics study utilizing a KO mouse model (2C-type ser/thr protein phosphatase 

(PP2Cm) deficient), Li et al. showed that impaired BCAA catabolism suppresses glucose uptake 
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and worsens the I/R injury176. A few studies have also explored the time-course changes in 

circulating metabolic profile following reperfusion.  Based on a time-series analysis before and 

after PCI comprising 40 STEMI patients, Feng et al. showed that the fatty acid content in the 

circulating blood gradually decreases with an increase in reperfusion time167. In another study 

monitoring the changes in eicosanoid profile before and after PCI in 20 STEMI patients, Zhang et 

al. found that the levels of some bioactive eicosanoids, including PGE2, PGD2, TXA2, and 20-

HETE were significantly decreased after PCI. Interestingly, these molecules are pro-inflammatory 

and are associated with platelet aggregation177.  

There are currently no therapeutic options for I/R injury in patients presenting with STEMI who 

undergo revascularization. Given the complex metabolic changes within the myocardium and 

hence within the circulation during I/R injury, it is necessary to identify the metabolic and 

lipidomic pathway(s) that impact clinical outcomes. There are many limitations to the current 

studies in the setting of I/R injury, including focussing on a single metabolite (e.g., succinate), a 

specific metabolite class (e.g., fatty acids or eicosanoids), a single pathway (e.g., BCAA 

metabolism), or having small sample sizes. Animal studies and planned strategies (e.g., inducible 

ischemia) are helpful to understand pathological mechanisms. Nevertheless, more clinical 

investigations incorporating time course analyses in large cohorts are needed to understand better 

the dynamic changes and metabolic pathways involved in human I/R injury. 

1.12 Translational metabolomics and future directions 

Despite showing substantial potential for biomarker discovery and a more detailed understanding 

of the pathogenesis of ACS, few findings from metabolomics studies have made it to clinical 

practice. One main reason for this is the concerns regarding the validity and reliability of new 

marker/cluster of metabolites178. The main challenge in biomarker validation is the difficulty in 
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measuring subtle differences in metabolite fluctuations associated with different disease status or 

interventions. Also, as evident from Table-1.2 and Table-1.3, barring a few, most of the clinical 

metabolomics studies on ACS are small-scale preliminary-type studies done with a limited sample 

size (n<100), which lack the required statistical robustness and validity. We believe this also 

hindered the successful translation of metabolomics to clinics. In addition, as discussed in section 

1.7.1, the inter-individual variation induced by diet, genetic and environmental exposures, coupled 

with technical variability, also diminishes metabolomics studies' power to detect actual 

physiological variations associated with different ACS subtypes and, eventually, to provide 

clinical biomarkers179. One way to overcome this is by conducting follow-up metabolomics 

experiments using a large validation cohort consisting of diverse patient groups (multi-centric) 

with suitable control cohorts. However, large-scale multi-cohort studies are usually laborious, 

expensive, and time-consuming. Once validated appropriately, there are increased prospects of 

translating these biomarkers towards disease diagnostics and risk prediction. Another potential 

challenge in translational metabolomics is that most of the metabolomics studies in ACS published 

thus far were focused on generating data and interpreting them without paying much attention to 

finding the mechanistic link underlying the association between the identified metabolites and 

ACS pathogeneses180. Finding the relation between candidate biomarkers and their biological role 

is the next important step after biomarker discovery. This can be done by employing suitable in 

vitro and animal model experiments. Importantly,  in the future, the metabolomics community 

should work in tandem with other omics communities such as genomics and transcriptomics to 

gain more insights on cellular processes represented by a candidate marker181.  This will bring us 

closer to a mechanistic understanding of physiological and pathophysiological conditions 

associated with various disease states including ACS. 



51 
 

Conclusions 

Over the past decade, metabolomics has become a powerful investigative tool to elucidate the 

underlying metabolic mechanisms of cardiovascular diseases. Most of the metabolomics studies 

in ACS have focused on biomarker identification to differentiate ACS from healthy controls, to 

differentiate ACS subtypes (UA, NSTEMI, and STEMI), and to find predictive molecules of 

mortality or adverse events following an ACS incident. Several studies also performed pathway 

analysis for finding the biological pathways that contribute to disease pathogenesis. Many of these 

studies have already shown substantial potential for discovery and understanding. However, as 

discussed above, attempts to translate these study results into clinical practice have resulted in 

contradictory results. Considering metabolomics is still early in its scientific evolution, the future 

is promising with the ongoing technological advances in the field. More importantly, more clinical 

studies aiming at a systems-wide understanding of ACS pathogenesis rather than risk prediction 

models are the need of the hour. 
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OVERALL RATIONALE AND HYPOTHESIS  

After an acute myocardial infarction (AMI), timely reperfusion of coronary blood flow is vital to 

rescue the ischemic myocardium. Nonetheless, rapid restoration of oxygenated coronary blood 

flow to the myocardium (reperfusion) may result in further myocardial cell death and injury, a 

phenomenon termed myocardial ischemia/reperfusion (I/R) injury. The underlying 

pathophysiological mechanisms responsible for the development of myocardial I/R injury remain 

unclear. Given that the heart muscle is one of the most metabolically demanding organs, 

understanding myocardial metabolomics will allow a better understanding of the mechanisms 

involved in reperfusion injury. To this end, we have performed a comprehensive metabolomics 

analysis employing non-targeted and targeted approaches to investigate the changes in the plasma 

metabolome during human I/R injury.  

Why is it important to understand the metabolomic changes during myocardial reperfusion 

injury? We currently have no therapies available to attenuate the damaging effects of I/R 

injury. We can find new therapeutic approaches by understanding the metabolites and 

metabolomic pathways that are impacted during I/R. 

Hypothesis: 

1) There is a large metabolomic shift during human myocardial reperfusion injury. 

2) Plasma metabolites can serve as biomarkers of I/R injury and will offer insight into the 

mechanism of I/R injury.  

Objectives: 

1) Discover the metabolomic perturbations in plasma before and after primary PCI in the setting 

of human I/R injury. 
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2) To complete the first detailed lipidomics assessment of human plasma in the setting of human 

I/R injury. 

3) To investigate the changes within human plasma lipidome during coronary no-reflow in 

STEMI patients and to correlate these changes with clinical parameters that represent no-reflow 

in the clinical setting. 
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CHAPTER 2. Metabolomic characterization 

of myocardial ischemia-reperfusion injury in 

ST-segment elevation myocardial infarction 

patients undergoing percutaneous coronary 

intervention 
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Rationale 

The heart is the most metabolically demanding organ in the body. Hence, it is likely that during 

acute myocardial infarction, there are significant metabolism abnormalities. Considering the 

global and cardiac-specific metabolism changes accompanying myocardial ischemia/reperfusion 

(I/R) injury, a metabolomics approach can be used to determine if any metabolic patterns may 

highlight a metabolic pathway during I/R and also determine its clinical relevance. We aim to 

conduct a non-targeted metabolomics analysis (serial blood sampling) to identify and characterize 

perturbed metabolic pathways and circulating metabolites in the setting of I/R injury in STEMI 

patients undergoing PCI. 
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2.1 Abstract 

Background: The aim of the study was to discover the metabolomic changes in plasma that occur 

during human Ischemia-Reperfusion (I/R) injury and to evaluate the diagnostic utility of plasma 

metabolomic biomarkers for determination of myocardial injury. Deciphering the details of plasma 

metabolome in ST-segment elevation myocardial infarction (STEMI) patients before and after 

primary percutaneous coronary interventions (PCI) would allow for better understanding of the 

mechanisms involved during acute myocardial ischemia and reperfusion in humans. 

Method: We performed a detailed non-targeted metabolomic analysis of plasma from 27 STEMI 

patients who had undergone primary PCI in the first 48 hrs employing a LC/MS approach. Plasma 

metabolome at ischemic condition was compared to multiple time points after PCI which allowed 

us to focus on changes in the reperfusion phase. 

Results: Classification of the differential metabolites based on chemical taxonomy identified a 

major role for lipids and lipid-derived molecules. Biochemical pathway analysis identified valine, 

leucine and isoleucine biosynthesis, vitamin B6 metabolism and glutathione metabolism as the 

most significant metabolic pathways representing early response to I/R injury. We also identified 

phenylalanine, tyrosine, linoleic acid and glycerophospholipid metabolism as the most significant 

pathways representing late response to I/R injury. A panel of three metabolites pentadecanoic acid, 

linoleoyl carnitine and 1-linoleoylglycerophosphocholine was discovered to have diagnostic value 

in determining the extent of I/R injury based on cardiac biomarkers. 

Conclusions: Using a non-targeted LC/MS approach, we have successfully generated the most 

comprehensive data to date on significant changes in the plasma metabolome in STEMI patients 

who underwent primary PCI in the first 48 hrs showing that lipid metabolites represent the largest 

cohort of molecules undergoing significant change. 
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2.2 Abbreviations 

CAD, coronary artery disease; MI, myocardial infarction; PCI, percutaneous coronary 

interventions; I/R, ischemia/reperfusion; STEMI, ST elevation myocardial infarction; LC/MS, 

Liquid chromatographyïmass spectrometry; PCA, principal component analysis; PLS-DA, partial 

least squares-discriminant analysis; ROC, Receiver Operating Characteristic 
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2.3 Introduction 

Despite considerable improvements in mortality rates over the past two decades, coronary artery 

disease (CAD) remains the leading cause of morbidity and mortality worldwide, with myocardial 

infarction (MI) a common manifestation of this disease1. After an acute myocardial infarction, 

early and successful myocardial reperfusion by means of primary percutaneous coronary 

interventions (PCI) is the treatment of choice for limiting the size of myocardial infarction and 

improving clinical outcomes. But the process of rapid restoration of blood flow to myocardium 

(reperfusion) can lead to additional injury, a phenomenon known as myocardial 

ischemia/reperfusion (I/R) injury2. The largest impact of I/R in the clinical setting is during 

percutaneous coronary intervention of patients presenting with an occluded coronary artery known 

as STEMI3 (ST elevation myocardial infarction). Even with the best clinical care, the 30-day rate 

of Major Adverse Cardiac Events (MACE) for these patients is 10%4. 

Although there have been extensive in vitro and in vivo studies on the concept of I/R injury, there 

has yet to be a therapeutic option available to minimize the harmful effects of reperfusion injury. 

Many studies have investigated a single molecule or a single pathway as a potential therapeutic 

avenue. As in many other pathological processes there are multiple pathways involved in 

reperfusion injury. The numerous advancements in ñomicsò technology platforms in recent years 

have allowed us to determine the changes at the genome and proteome level. However, only 

changes in the metabolite level will allow us to understand the downstream effects of perturbed 

cellular pathways5. The heart is the most metabolically demanding organ in the body and its 

metabolic perturbation leads to changes in the metabolome of body fluids including plasma6. 

Therefore, changes in plasma metabolites may reflect underlying cardiac diseases progression. 

Previous studies have reported individual metabolic biomarkers for heart failure, myocardial 



75 
 

infarction, and CAD7-9. However, there is little information available on the metabolomic changes 

in human plasma during I/R injury. 

In this study we did a detailed non-targeted plasma metabolomic analysis employing a liquid 

chromatography coupled with mass spectrometry (LC/MS) platform. We investigated the time-

effect changes in human plasma metabolome before and after primary PCI during the first 48 hours 

in the setting of I/R injury in patients presenting with STEMI. We also identified a panel of plasma 

metabolite markers with potential for determining the extent of I/R injury. 

2.4 Materials and methods 

2.4.1 Patients and study design 

A total of 108 plasma samples from 27 patients presenting with STEMI enrolled from St. Boniface 

Hospital, Canada between June 2014 and July 2015 formed the study cohort. Both verbal and 

written consent were obtained from all subjects. 

Inclusion criteria were: ages between 18 and 75, confirmation of STE (ST segment elevation) on 

12 lead ECG, presentation with chest pain and documentation of occluded coronary artery with 

coronary angiography. The overall study design is shown in Figure-2.1A. The samples were 

collected by venipuncture at four different time intervals including the time of arrival at the cardiac 

catheterization laboratory for primary PCI (0 h, time-1), 2 h post angioplasty (time-2), 24 h post 

angioplasty (time-3), and 48 h post angioplasty (time-4). Blood samples were collected in EDTA- 

treated tubes and immediately centrifuged at 2500 x g for 10 minutes at 4oC in a refrigerated 

centrifuge to harvest plasma. To avoid frequent retrieval of the aliquot box from the -80oC freezer 

that can cause small scale thawing, exactly 100 microliters of plasma samples required for sample 

preparation was aliquoted in cryogenic vials, (Fisher Scientific, NY, USA) snap-frozen in liquid 

nitrogen and sealed under a stream of nitrogen gas and frozen at -80oC prior to metabolite 
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extraction. Average time of sample collection to plasma separation and aliquoting were less than 

30 min. Approval for this study was obtained from both the University of Manitoba and the St. 

Boniface Hospital research ethics boards. Clinical data was reviewed retrospectively. 

2.4.2 Sample size calculation 

To determine the necessary number of subjects needed to ensure the detection of a true statistical 

difference across different time intervals, we performed a power analysis (Supplementary 

Figure.1). The power analysis indicated that we would have over 80% power to detect 

discriminating metabolites using approximately 25 subjects in each group. By considering the 

results from power analysis and effort required, we confined our study with 27 subjects. A detailed 

procedure for sample size consideration employed was provided under the heading ó1.1 Sample 

size calculationô in the Supplementary Data. 

2.4.3 Extraction of plasma metabolites 

Extraction of low-molecular-weight (< 1500 Da) metabolites in plasma samples was done by as 

previously described10. Briefly, a volume of 100 microliters of plasma was mixed with a volume 

of 200 microliters of acetonitrile. The sample was centrifuged, and supernatant of the mixture was 

collected and then analysed. Each plasma sample was extracted in duplicate. Also, a quality control 

(QC) mixture made of pooled plasma samples were used to validate the extraction and LC-MS 

method11. More detail regarding blood sample collection, metabolite extraction and QC runs were 

provided under the heading ó1.3 Extraction of plasma metabolitesô in the Supplementary Data. 

The metabolites were separated on a 1290 Infinity Agilent HPLC system from Agilent 

Technologies (CA, USA) using a Zorbax Extend-C18 analytical column (2.1 mm × 50 mm I.D., 

particle size 1.8 µm, Agilent Technologies, USA). Mass spectral analysis of eluting peptides from 
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the analytical column was carried out on a 6538 UHD Accurate Q-TOF LC/MS from Agilent 

Technologies (CA, USA) controlled by MassHunter Workstation Software (v 7.0). All analyses 

were performed in both positive and negative mode ESI employing a dual ionization source. The 

acquired raw LC/MS data (ó. d filesô) was preprocessed using Agilent MassHunter Qualitative 

Analysis (MHQ, vB.07) and Profinder (vB.06) software.  Agilent Mass Profiler Professional 

(MPP, v12.6), MetaboAnalyst12 software v3.0 and v4.0 (McGill University, Quebec, Canada), 

MetScape software v3.0 (http://metscape.ncibi.org), and R statistical software v3.5.2 

(https://www.r-project.org) were used for data processing and statistical analysis. In addition, 

receiver operating characteristic (ROC) analysis was used to evaluate the diagnostic capability of 

metabolites which can serve as potential biomarkers. Detailed description of LC conditions, MS 

parameters, compound identification, data processing and statistical analysis were provided in the 

sections 1.4 to 1.6 in the Supplementary Data. Also, a summary of the metabolomic workflow 

was provided in Supplementary Table.1. 

2.5 Results 

Table-2.1 shows the demographic and laboratory data of the patients. We have also collected data 

on biochemical and cardiac markers including creatine kinase (CK) and high sensitivity troponin 

(TnT) for these patients. The mean age of our population was 61 years with 40% female and 15% 

had a diagnosis of type 2 diabetes. The prevalence of hypertension, dyslipidemia and smokers were 

30%, 37% and 22% respectively and only a few (7%) had a previous history of known CAD. In 

our patients, 37% had occlusion in the left anterior descending (LAD) coronary artery, 48% in the 

right coronary artery (RCA) and 19% in the circumflex coronary artery. Based on patientôs 

characteristics, our study cohort is similar to previous STEMI studies as shown by patients in the 

http://metscape.ncibi.org/
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FAST-MI Program (French Registry of Acute ST-Elevation or Non-ST-elevation Myocardial 

Infarction)13. 

Table-2.1 Demographic and laboratory characteristics of STEMI patients 

Characteristics (n=27)  Results 

Age, yrs.  61.55±14.51 

Female (%)  44 

LVEF   59.29±13.07 

Body mass index, kg/m2  28.48±5.08 

Comorbidity (%)    

 Hypertension (%) 30 

 Diabetes mellitus (%) 15 

 Current smoker (%) 22 

 Dyslipidemia (%) 37 

 Hx of CAD (%) 7 

Laboratory data   

 TG, mmol/l 1.9±1.65 

 TC, mmol/l 4.69±1.27 

 HDL-C, mmol/l 1.14±0.33 

 LDL-C, mmol/l 2.84±1.06 

 CR, mmol/l 92.33±43.97 

Additional parameters*   

 
Minutes from onset of chest pain to 

reperfusion 
140 [50 ï 360] 

 Peak CK (Units/L) 1017 [136 ï 7028] 

 Peak TnT (ng/L) 1862 [503 ï 10000] 

Culprit vessel (%)   

 LAD Infarct (%) 37 

 RCA Infarct (%) 48 

 Circumflex Infarct (%) 19 
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Medications at baseline (%)   

 ASA  100 

 Intravenous heparin  100 

 ACEI/ARB  15 

 Beta blocker 7 

 Statin  15 

 Ticagrelor 96 

 Clopidorgrel 4 

Values are mean ± SD or percent of patients otherwise specified. 

* Median [Range] 

GP IIb/IIIa inhibitors were not used in this cohort. 

LVEF, left ventricular ejection fraction; Hx of CAD, history of coronary artery disease; TG, 

triglyceride; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, 

low-density lipoprotein cholesterol; CR, creatinine; CK, creatine kinase; TnT, troponin; 

LAD, Left Anterior Descending coronary artery; RCA, Right coronary artery; ASA, 

Acetylsalicylic acid; ACEI, Angiotensin-converting enzyme (ACE) inhibitors; ARB, 

Angiotensin II receptor blockers.  

 

Utilizing ñFind by Formulaò (FBF) algorithm, by searching against the database, resulted in the 

identification of 765 and 670 compounds in positive and negative modes, respectively in plasma 

from patients presenting with STEMI undergoing primary PCI. The endogenously present 

metabolites which are detected and quantified in blood from Human Metabolome Database14 

(HMDB) served as the database. We enlarged the scope of this database by adding further 350 

metabolites from published literature known to be associated with cardiac diseases.  In order to 

find missing features and to give higher confident identifications by further minimizing the false 

positives and false negatives identifications, batch recursive analysis was done on the already 

identified compounds. After recursive analysis, the list was further reduced to 69 and 82 

compounds in positive and negative modes, respectively. After adjusting for p-value after 
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óBonferroni FWERô correction, only those features satisfying p<0.001 were considered as 

significantly differential metabolites across all the four time intervals. The final annotated list 

contained 130 significantly differential metabolites (p<0.001) across all the four time intervals. Of 

these, 55 elements compounds were identified exclusively in "Positive" ESI mode, 64 compounds 

were identified exclusively in "Negative" ESI mode and 11 compounds were identified in both the 

modes (Supplementary Figure.2 and Supplementary Table.2). A total of 59 metabolites from 

this list were already recognized metabolic signatures of ischemia, myocardial infarction or other 

forms of CAD including non-obstructive coronary atherosclerosis, stable angina pectoris or 

unstable angina pectoris. The details of the significant compounds with their associated pathways 

and respective references from literature are shown in Supplementary Table.3. 

2.5.1 Taxonomy of significant metabolites 

Classification of significant metabolites (p<0.001) based on chemical taxonomy showed that lipids 

and lipid-derived molecules (38%) formed the major constituents of the altered metabolomic 

profile followed by organic acids, organo heterocyclic compounds, benzenoids, nucleotides and 

phytochemical compounds (Figure-2.1B). These represent compounds with significant change 

amongst the four time points. 
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Figure-2.1:  

Figure-2.1A: Overall study design. The samples were collected by venipuncture at four different 

time intervals including the time of arrival at the cardiac catheterization laboratory for primary 

PCI (0 h ischemic condition (pre angioplasty)), 2 h post angioplasty (time-2), 24 h post angioplasty 

(time-3), and 48 h post angioplasty (time-4).  

Figure-2.1B: Metabolite classification based on chemical taxonomy. The number of 

metabolites from each metabolite super family of those identified (p<0.001) in the analysis.  

Figure-2.1C: PCA plot of samples across different time intervals. PCA score plot showing a 

clear separation between samples from initial time points (0 h, 2 h) and final time points (24 h, 48 

h). Also, it shows a close association among the samples of initial time points (0 h, 2 h) and final 

time points (24 h, 48 h). 
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2.5.2 Changes in metabolic profile before and after the reperfusion 

 
Figure-2.2: PLS-DA scores plot for comparison of the metabolic profiles: The partial least 

squares analysis (PLS-DA) score plots compared (A) ó0 h ischemicô time point to ó2 h post 

reperfusionô time point (B) ó0 h ischemicô time point to ó24 h post reperfusionô time point, (C) ó0 

h ischemicô time point to ó48 h post reperfusionô time point and (D) ó24 h post reperfusionô time 

point to  ó48 h post reperfusionô time point. The different colours, red and green correspond to 

different time points. 
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To understand the changes in plasma metabolome before and after the PCI, we employed 

multivariate pattern recognition tools such as principal component analysis (PCA) and partial least 

squares-discriminant analysis (PLS-DA). These visualizing plots were built based on the 

metabolite concentrations of 130 differential metabolites at each time interval. The PCA plot 

(Figure-2.1C) revealed that not only there was a clear separation in metabolic profile between 

initial time intervals (0 h, 2 h) and final time intervals (24 h, 48 h) but also, there was a close 

association existed among the initial time intervals (0 h, 2 h) and final time intervals (24 h, 48 h). 

In line with the PCA plot, PLS-DA plot (Figure-2.2) also confirmed a clear separation between 

ó24 h post reperfusionô time point and baseline (0 h, ischemic condition) (Figure-2.2B) and a tight 

clustering between the ó2 h post reperfusionô time point and baseline (Figure-2.2A). 

2.5.3 Early and late response to reperfusion 

Metabolites showing significant changes were analyzed using Metabolomics Pathway Analysis15 

(MetPA) analysis to understand the metabolic pathways that were impacted due to primary PCI 

(Figure-2.3). Based on impact scores, the most significant pathways (FDR<=1) representing early 

response to reperfusion immediately after PCI (2 h after reperfusion) (Figure-2.3A) were found 

to be associated with valine, leucine and isoleucine biosynthesis, vitamin B6 metabolism and 

glutathione metabolism. Likewise, the most significant pathways (FDR<1) after PCI (24 h and 48 

h after reperfusion) representing late response to reperfusion were found to be associated with the 

metabolism of following compounds: (1) phenylalanine, (2) tyrosine, (3) linoleic acid and (4) 

glycerophospholipid (Figure-2.3B and Figure-2.3C). The number of metabolites involved at each 

time point were shown in Supplementary Figure.3. 

  

http://circheartfailure.ahajournals.org/content/7/4/634#F6
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Figure-2.3: MetPA analysis of metabolic changes: TheMetPA analysis shows metabolic 

pathways of differential metabolites by comparing (A) ó0 h ischemicô time point to ó2 h post 

reperfusionô time point (B) ó0 h ischemicô time point to ó24 h post reperfusionô time point, (C)ó0 

h ischemicô time point to  ó48 h post reperfusionô time point and (D) ó24 h post reperfusionô time 

point to  ó48 h post reperfusionô time point. The size and color of each circle indicate the 

significance of the pathway ranked by p-value (red: higher p-values and yellow: lower p-values) 

and pathway impact score (the larger the circle the higher the impact score), respectively. 
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2.5.4 Highly correlated metabolites 

 

Figure-2.4A: Heat map of significant metabolites obtained from correlation analysis. The 

heat map constructed with highly correlated metabolites (n=37), |r| >0.9. The colors ranging from 

blue to orange indicates more concentration of metabolites. ETrA acid = 5,8,11-Eicosatrienoic 

acid; DHA = docosahexaenoic acid; NAAG = N-Acetylaspartylglutamic acid; LysoPC = 

lysophosphatidylcholine; PI = phosphatidylinositol; TCA = tricarboxylic acid.  
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Figure-2.4B: Summary plot of metabolite set enrichment analysis (MSEA) of highly 

correlated metabolites. The horizontal bar graph summarizes the metabolic pathways that were 

significantly enriched by this group of functionally related metabolites (n=37) during the setting 

of I/R injury. The color code corresponds to the calculated p-values (red: p = 4 × 10ī2 to white: p 

= 8 × 10ī1). 
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Finding the highly correlated metabolites in the metabolite set becomes imperative as most of the 

high correlations may be due to either (1) stronger mutual control by a single enzyme or (2) 

variation of a single enzyme level much above others16. This can also help unravel the biological 

basis of underlying phenotypic or disease conditions17,18. To envisage this metabolite correlation, 

a heat map (Figure-2.4A) was made with only highly correlated metabolites (n=37) amongst 4 

time points based on Pearson correlation (coefficient value, |r| >0.9). This heat map shows the 

relative concentration of 37 highly correlated metabolites across different time intervals. To 

identify subtle but substantial changes among these correlated compounds, Metabolite Set 

Enrichment Analysis (MSEA) was performed on these functionally related metabolites (n=37) 

along with their relative concentrations by using the web-based platform MetaboAnalyst (Figure-

2.4B). The pathways significantly enriched by these related compounds were (FDR<=1) were (1) 

linoleic acid and alpha linolenic acid metabolism, (2) aspartate metabolism, (3) insulin signaling, 

(4) urea cycle, (5) alanine metabolism and (6) citric acid cycle. A correlation network plot showing 

connectivity and information flow was depicted in Figure-2.5. This metabolic network plot depicts 

the connection between highly correlated metabolites based on STITCH (ósearch tool for 

interactions of chemicalsô)19 database, such that only highly confident interactions are shown. In 

this metabolite ï metabolite network presentation, the most significant óhub nodesô or metabolites 

that were involved in the flow of information between the different pathways were pyruvic acid, 

succinic acid, malonic acid, palmitic acid and arachidonic acid.  
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Figure-2.5: Network plot highlighting the highly correlated metabolites: The nodes represent 

metabolites and edges represent biochemical reactions. Only significant (|r| >0.9) correlations are 

drawn. The blue nodes represent the most significant hub nodes in establishing connection between 

the sub-networks in the flow of information. Pyruvic acid, Succinic acid, Malonic acid, Palmitic 

acid, and Arachidonic acid constitute the most significant sub nodes. 
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Figure-2.6: Correlation between clinical parameters and plasma metabolites at baseline: The 

figure shows the correlation matrix ordered by hierarchical clustering between the important 

clinical parameters and plasma metabolites at baseline (0 h, time-1). Positive correlations are 

displayed in green; negative correlations are displayed in pink; blue arrow indicates the clinical 

factors. Color intensity and the size of the circle are proportional to the correlation coefficients. In 

the right side of the correlogram, the legend color shows the correlation coefficients and the 

corresponding colors. Correlations with p-value > 0.05 as computed by Spearman correlations 
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were considered as insignificant and were left blank. Only those metabolites factors (30 

metabolites) having more than two significant correlations (p<0.05) with any of the clinical 

parameters were used to construct the correlogram. ETrA acid, 5,8,11-Eicosatrienoic acid; DHA, 

docosahexaenoic acid; LVEF, left ventricular ejection fraction; 1-palmitoyl ïGPC, 1-palmitoyl 

glycerophosphocholine  

To further investigate the relationship between the plasma metabolites and important clinical 

factors at baseline (0 h, time-1), correlations were also calculated for all pairs of metabolite-clinical 

factors using the R statistical package ócorrplotô. The resulting correlation plot (Figure-2.6) was 

presented as a clustered matrix in which rows and columns are ordered such that correlated 

variables are close to each other. At baseline (Figure-2.6), the plasma concentrations of Lyso PE 

(18:3), Lyso PE (20:4), Lyso PE (22:1) showed a strong positive correlation with Glomerular 

Filtration Rate (eGFR), as were a number of other metabolites. Likewise, the plasma 

concentrations of 3-Octanone, palmitic acid, 12,13 DiHODE and few other metabolites were 

negatively correlated with duration of ischemia since onset of chest pain to reperfusion. In the full 

dataset, though there are a few clusters of correlated metabolites and clinical parameters, the 

overall correlation between the metabolites and clinical parameters is comparably weak.  

2.5.5 Metabolites and clinical biomarkers of cardiac cell death 

To find the links between changes in metabolite concentrations in plasma with STEMI patient 

physiology/pathology, we sought to find metabolites that are closely related to myocardial cell 

death and clinical outcomes. For that plasma metabolites were further evaluated for predictive 

accuracy for discriminating large infarct size patients from small infarct size patients based on 

troponin20 and  creatine kinase21 (CK) concentrations which are the ógold standardô biomarkers of 

cardiac cell death. The sample population was classified into two groups as óAbove median 
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Troponinô group and óBelow median Troponinô group centered on the median troponin value (peak 

TnT, 1862 ng/L) of the cohort. Based on univariate analysis, (area under the curve (AUC) > 75%, 

p-value < 0.01), we selected three metabolites namely pentadecanoic acid, 1-

linoleoylglycerophosphocholine and linoleoyl carnitine to create a biomarker model to distinguish 

between these two groups using RF (random forest) algorithm22 . This biomarker model was built 

using the metabolic profile at the time of admission. In order to produce a smooth ROC curve, 100 

cross validations (CV) were performed, and the results were averaged to generate the plot (Figure-

2.7A). From the ROC plot, it was evident that the combination of these 3 metabolites was a good 

classifier with an area under the curve (AUC) equal to 86%. The sample population was again 

classified into two groups centred on median CK value (peak CK, 1017 Units/L) of the cohort. 

The resulting ROC plot (Figure-2.7B) with an AUC value of 82%, further reinforced the 

diagnostic ability of these 3 metabolites to serve as potential biomarkers in determining the impact 

of myocardial injury. To deal with the problem of over-fitting and to assess the statistical 

significance of our biomarker model with this relatively smaller sample size, permutation tests 

were performed using 100 cross-validations on the metabolite data. The resulting empirical p-

value obtained (p-value<0.05) shows the statistical significance of this biomarker model. The 

Figure-2.7C shows the change in concentration of these 3 metabolites across different time 

intervals.  
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Figure-2.7: Multivariate ROC plots based on the troponin and creatine kinase (CK) 

concentration A) Receiver operating characteristic (ROC) plot obtained by combining three 

metabolites namely pentadecanoic acid, linoleoyl carnitine and 1-linoleoylglycerophosphocholine. 

The curve is based on the median troponin value of the cohort (Peak TnT) and is represented by 

an area under the curve (AUC) of 0.86 indicating good predictive ability. B) The multivariate ROC 

curve discriminates individuals based on the median creatine kinase value (Peak CK). The curve 

is represented by area under the curve (AUC) of 0.82 indicating good predictive ability. The 

empirical p-value (p-value<0.05) shows the statistical significance of these biomarker models. C) 

The line plot shows the relative concentration of three potential metabolic biomarkers across 

different time intervals.  

2.6 Discussion 

A handful of metabolomic studies have been conducted in patients presenting with STEMI23-25. 

But none of these studies have investigated the time-effect changes in plasma metabolome before 

and after PCI which is crucial to provide insights into the altered metabolic pathways with clinical 

relevance during I/R injury. The main objective of our study was to characterize the altered 

metabolic pathway(s) in the first 48 hours after primary PCI which represent the reperfusion phase. 

To our knowledge, our study is the most comprehensive metabolomic analysis of human plasma 

ever undertaken during the first 48 hrs in the setting myocardial I/R injury in patients presenting 

with STEMI. In this study, we employed a repeated-measure research design by doing serial blood 

sampling from all STEMI patients both pre and post angioplasty. In repeated measures designs, 

each subject serves as their own biological control26 thereby reducing the  intra patient variability. 

This allows the analysis to focus precisely on intervention effects and allows for fewer subjects to 

detect a desired effect size27 with increased statistical power. 
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Our study had three major findings. Firstly, we identified a total of 130 plasma metabolites 

(Supplementary Table.3) which were significantly (p<0.001) affected prior to coronary 

intervention and in the follow up time intervals in the setting myocardial I/R injury as outlined. 

Secondly, we used metabolic profiling to identify early and late response in plasma metabolome 

in response to I/R injury. Notably, linoleic acid and alpha linolenic acid metabolism pathway 

represent the most significant change in plasma metabolome among the related metabolites. 

Thirdly, classification using ROC analysis identified pentadecanoic acid, linoleoyl carnitine and 

1-linoleoylglycerophosphocholine as the top discriminating metabolites in determining the extent 

of myocardial injury. 

The lipids and lipid-derived molecules formed the major components (38%) of the altered 

metabolomic profile (Figure-2.1B) in the setting of I/R injury during the first 48 hours. Our 

previous work on in vivo models of I/R injury have also shown that during reperfusion, there are 

significant changes within bioactive lipid molecules28,29. The multivariate PCA and PLS-DA plots 

(Figure-2.1C and Figure-2.2), showed that the underlying plasma metabolomic change was 

progressive after 24 hours post primary PCI, with a comprehensive change in the plasma 

metabolome compared to baseline (0 h, ischemic condition). 

The pathway impact analysis revealed key metabolites and perturbed pathways (Figure-2.3) that 

shed light on the early and late changes in plasma metabolome during I/R injury. Immediately post 

PCI (Figure-2.3A), when compared to pre-PCI, metabolic pathways for valine, leucine and 

isoleucine biosynthesis, vitamin B6 metabolism and glutathione metabolism were observed to 

have significant change. Among the metabolites in these altered pathways, the three intermediaries 

of glutathione metabolism namely glutathione, oxidized (GSSG), ascorbic acid and 

dehydroascorbic acid are of significant importance in the setting of myocardial reperfusion 
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injury30. The extent of myocardial injury sustained during reperfusion is very dependent on the 

effectiveness of its antioxidant defenses31. Compared to ischemic period (0 h), there were marked 

increase in levels of ascorbic acid and oxidized forms of ascorbate and glutathione namely 

dehydroascorbic acid and GSSG, following reperfusion. This suggests that these tissue hydrophilic 

antioxidants may be the first line of antioxidant defences to curb the generation of reactive oxygen 

species (ROS) following reperfusion31. The most significant pathways (Figure-2.3B and Figure-

2.3C) representing late response in plasma metabolism at 24 h and 48 h post PCI were 

phenylalanine metabolism, tyrosine metabolism, linoleic acid metabolism and 

glycerophospholipid metabolism which were different from those seen immediately post PCI. 

Measures of correlation between metabolites in replicate profiles can be very informative about 

the underlying biological system16. From the heat map (Figure-2.4A) constructed with highly 

correlated metabolites (n=37), it was evident that the concentration levels of certain free fatty acids 

(FFA) such as arachidonic acid (AA), docosapentaenoic acid (DPA), eicosatrienoic acid, 

docosahexaenoic acid (DHA), which are intermediaries of linoleic acid and alpha linolenic acid 

metabolism, and certain  lysophospholipids such as lysoPC (18:3), lysoPC (20:3) were elevated at 

ischemic time point (0 h, pre angioplasty), but decreased progressively following reperfusion. The 

enzyme phospholipases A2 (PLA2) is known to play an important role in the hydrolysis of 

phospholipids32 especially phosphatidylcholines (PC), which leads to accumulation of FFA 

including (non-esterified) AA and DHA33. This non-esterified AA is then rapidly esterified to 

available lysophospholipids, or is converted into bioactive arachidonic acid metabolites, i.e., 

eicosanoids via cyclooxygenase (COX), lipoxygenase (LOX), or cytochrome P450 (CYP) 

epoxygenase enzymes34. From our study, the observed progressive decrease in the concentration 

levels of AA, DHA, DPA, and lysophospholipids after reperfusion strongly endorses the possible 
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part that PLA2 plays in disturbed phospholipid homeostasis during the transition from reversible 

to irreversible ischemic myocardial injury. This evidence also underlines the current understanding 

that lipoprotein associated PLA2 is a significant predictor of cardiovascular outcome independent 

of traditional clinical risk factors35. In addition, few other metabolites like citrulline (a participant 

in urea cycle), mevalonic acid, 3-octanone and pregnenolone sulfate also exhibited the same co-

variation (initially increases with subsequent decline) as the above metabolites. 

Amongst highly correlated metabolites, several metabolites exhibited a pattern (Figure-2.4A) 

which is different from the metabolites discussed above. The abundance levels of these metabolites 

declined at ischemic condition (0 h) compared to post reperfusion time intervals but elevated 

noticeably following reperfusion. These include pyruvate, succinate, malonic acid, 2-

hydroxyglutarate, acetate and propanoate which are known to involve directly or indirectly with 

TCA cycle metabolism. The variation in the metabolic concentrations of these compounds before 

and after reperfusion suggests an impaired TCA cycle metabolism and subsequent energy 

metabolism in the setting of I/R injury. The heat map (Figure-2.4A) also shows that the 

concentration levels of certain other highly correlated metabolites, like deoxyadenosine, N-

acetylaspartylglutamic acid (NAAG), 3-O-methylepicatechin, 2-nonynoic acid, 5-

methylthioadenosine, 1-methylhistamine and neopterin also exhibited the same co-variation 

(initially low, but finally high) as the above metabolites. 

Previous studies have shown that elevations in troponin (Troponin T) and creatine kinase (CK) or 

its specific MB (CKMB) isoform after primary PCI represent larger infarct size and are clearly 

associated with increased early and late mortality36-38. In our study cohort, a combination of three 

metabolites namely pentadecanoic acid (15:0), linoleoyl carnitine (18:2 carnitine) and 1-

linoleoylglycerophosphocholine (18:2 lysoPC) exhibited good separating capability in 
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discriminating small and large infarct size patients with an AUC value of 86 based on peak 

troponin concentration (Figure-2.7A) and with an AUC value of 82 (Figure-2.7B) based on peak 

CK concentration. The Figure-2.7C shows the relative concentration of these three molecules 

across the four time points. For pentadecanoic acid and 18:2 lysoPC, their amount is high before 

reperfusion and their amount decreases considerably 2 h post reperfusion. In the case of 18:2 

carnitine, its amount is negligible before reperfusion, but increases progressively post reperfusion. 

Thus, our data suggest that determining the concentration level of these three metabolites at the 

time of admission is a good indicator of myocardial infarct size following coronary angioplasty 

and subsequent increased late morbidity and mortality. 

Until recently it was assumed that the existence of straight chain odd number fatty acids such as 

pentadecanoic acid (15:0) in normal physiological conditions were rare. Recent analytical 

instrumentation has proven this to be a misconception, since the presence of odd number carbon 

fatty acids such as 15:0 and 17:0 have been shown to occur as minor constituents in practically 

every natural fat and carry out many roles like synthesis of very-long-chain odd-numbered fatty 

acids, replenish the TCA cycle with anaplerotic intermediates and, hence, improve mitochondrial 

energy metabolism in nature39. But whether one or all of these known metabolic roles of 15:0 has 

a link to CVD risk is still debated. Though certain studies have reported the association of 15:0 

with greater risk of CVD40, many studies like Elwood et al41 showed that, in relation to coronary 

artery disease, it is inappropriate to accept an estimate of CVD risk based on plasma concentrations 

of 15:0 alone. Also, earlier studies have reported that lower serum levels of 18:2 lysoPC, a 

lysophospholipid, has a tight relationship with increased arterial stiffness, increased resting heart 

rate and occurrence of silent myocardial ischemia42,43. Linoleoyl carnitine is a long-chain acyl fatty 

acid derivative ester of carnitine. Ischemic condition inhibits beta oxidation of fatty acids and leads 
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to accumulation of toxic intermediates of beta oxidation, particularly long-chain acyl carnitine 

compounds like linoleoyl carnitine. These compounds are detrimental to cellular function and are 

known to enhance myocardial injury by inducing structural damage in ischemic myocytes44,45. 

From our study these three molecules were proved to be promising molecular markers for the 

determination of myocardial injury. To our knowledge, this is the first published report of a blood-

based biomarker panel for the prediction of I/R injury following coronary intervention in patients 

presenting with STEMI. This has the capacity to identify novel pathways impaired during 

reperfusion injury and identify patients at high risk for myocardial damage after primary PCI 

allowing for development of therapeutic intervention to minimize I/R injury. 

2.7 Study limitations 

Our study has several potential limitations that should be considered. First, though serial sampling 

performed in all STEMI patients both before and after PCI helped minimize inter-individual 

variability and clinical confounders such as diet, drug effects, age, sex, and other co morbidities, 

our study population was comparatively small to identify metabolites that failed to reach minimal 

significance. But these metabolites which fail to reach minimum significance might be 

scientifically relevant. So, it is important to adequately validate the identified metabolites in a 

relatively larger patient cohort. Second, though ROC analysis with 100 CV exhibited good 

prediction accuracy (better than 80%); these findings are exploratory in nature and should be 

confirmed in an independent patient cohort. Moreover, as with any untargeted metabolomic study, 

samples were analysed without authentic standards. This calls for further confirmation of these 

identified metabolites by employing a targeted metabolomic analysis. 

 

 

Conclusions 
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Using a non-targeted LC-QTOF-MS methodology, we have successfully generated the most 

comprehensive data to date on significant changes in the plasma metabolome in STEMI patients 

undergoing primary PCI. The role of lipids and lipid metabolism pathways in the pathogenesis of 

atherosclerosis is already well understood. But there is little information about their role in 

reperfusion and I/R injury. From our study, we elucidated that lipid metabolism in general and 

phospholipid, linoleic acid and alpha linolenic acid metabolism in particular represent the largest 

change in the plasma metabolome post PPCI. We also identified a panel of three metabolites 

namely pentadecanoic acid, linoleoyl carnitine and 1-linoleoylglycerophosphocholine that could 

serve as plasma biomarkers in determining the extent of myocardial injury after PCI. This 

knowledge could help to predict the response to PCI and how to limit complications in STEMI 

patients after reperfusion. Given that there is currently no therapy available for I/R injury, we 

consider our results as a major step toward moving us closer to our ultimate goal of developing 

therapies to prevent myocardial reperfusion injury and improve clinical outcomes in patients with 

STEMI. 
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2.9 Supplementary data 

1 Materials and methods 

1.1 Sample size calculation 

Though sample size determination is essential, the metabolic phenotyping which are usually 

characterized by high dimensions with hundreds of features limit the use of conventional 

techniques developed for other omics sciences like proteomics and genomics. Since our goal is to 

identify discriminating metabolites across the time course of ischemia/reperfusion injury, the 

effect size between the time points mainly determines the sample size. In our study, the largest 

effect (n=107, differential metabolites) was observed between 0 h and 48 h time points, and we 

chose those two time points to calculate the statistical power. The power analysis was done using 

MetaboAnalyst software v3.0. The MetaboAnalyst does power calculation based on two 

assumptions: 1) the effect is indeed present in the data, and 2) the test statistic follows a normal or 

near normal (Studentsôt) distribution. A false discovery rate (FDR) of 0.1 was chosen as the 

significance criterion. The result (Supplementary Figure.1) indicated that power in our samples 

reaches an acceptable level (0.8) at a sample size of approximately 25. 
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Supplementary Figure.1: Power vs. sample size, FDR = 0.1. The power analysis suggests that 

we will have over 80% power to detect discriminating metabolites using approximately 25 subjects 

in each group. 
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1.2 Chemicals 

Acetonitrile and spectroscopic formic acid were purchased from Fisher Scientific (ON, Canada). 

Deionized ultrapure water was made in-house using Milli-Q System from Millipore Corporation 

(MA, USA). The ESI low concentration tuning mix and API-TOF reference mass solution 

containing Hexakisphosphazine (2.5 mM), Purine (5.0 mM) and Ammonium Trifluroacetate 

(100.00 mM) were obtained from Agilent Technologies (CA, USA). 

1.3 Extraction of plasma metabolites 

Briefly, plasma samples (100 microliters) were mixed with acetonitrile (200 microliters) in 1.5 

millilitres Eppendorf tubes. The mixture is then vortexed vigorously for 30 seconds and was spun 

for 10 minutes (7378 x g at 4ºC). The supernatant was transferred into a new tube and dried under 

a gentle stream of nitrogen gas. The dried samples were reconstituted in 80% acetonitrile in 

deionized water (100 microliters). Each plasma sample was extracted in duplicate. The 

reconstituted samples were placed into a glass insert in an amber glass auto-sampler vial prior to 

LC-QTOF-MS analysis. A quality control (QC) mixture made of pooled plasma samples were 

extracted by the same method. This QC mixture was used to ensure the stability of LC -MS system. 

In order to ensure system stability, the pooled QC mixtures were analyzed in a random manner 

among all other samples. In addition to running the QC samples with all other plasma samples, six 

injections of pooled QC sample were carried out in both positive and negative mode before running 

the plasma samples to validate the extraction and LC-MS method. 

1.4 Liquid chromatography separation 

The metabolites were separated on a 1290 Infinity Agilent HPLC system from Agilent 

Technologies (CA, USA). The chromatographic separation for processed plasma was performed 

on a Zorbax Extend-C18 analytical column (2.1 mm × 50 mm I.D., particle size 1.8 µm, Agilent 
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Technologies, USA). Water was used as solvent A and acetonitrile was used as solvent B. All 

solvents for the LC system contained 0.1 % formic acid. Metabolites were eluted from the 

analytical column with a gradient of 0, 0.5, 12, 12.5 and 13 min with 30, 30, 100, 100 and 30% of 

solvent B respectively at a flow rate of 400 microliters/min. The column was immediately re-

equilibrated at initial conditions (30% solvent B) for 2 min before injecting the next sample. The 

column temperature was kept at 55°C. 

1.5 MS analysis 

Mass spectral analysis of eluting peptides from the analytical column was carried out on a 6538 

UHD Accurate Q-TOF LC/MS from Agilent Technologies (CA, USA) controlled by MassHunter 

Workstation Software (v 7.0). All analyses were performed in both positive and negative mode 

ESI employing a dual ionization source. These two sources will ensure that both polar and non-

polar compounds are detected. The mass detection was done using reference ions of m/z 

121.050873 and 922.009798 for positive mode and m/z 119.03632 and 1033.9881 for negative 

mode. The instrument settings were: gas temperature - 300 °C; drying N2 gas flow rate - 11 

(litre/min); Nebulizer pressure - 50 psig; fragmentor voltage - 175 V; skimmer voltage ï 50 V and 

OCTRF Vpp voltage - 750 V. The collision energy was applied by setting an appropriate equation 

having a slope value of 5 and offset value of 2.5. A full range mass scan from 50 to 1700 m/z with 

an extended dynamic range of 2 GHz standardized at 3200 was applied. Data acquisition rate was 

maintained at a rate of 2 spectra/second using a time frame of 500 milliseconds/spectra and a 

transient/spectrum ratio of 4057. 
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1.6 Data processing and statistical analysis 

The acquired raw LC/MS data (ó.d filesô) was preprocessed using Agilent MassHunter Qualitative 

Analysis (MHQ, vB.07) and Profinder (v B.06) software. Data processing was done by applying 

the ñFind by Formulaò (FBF) algorithm to the Total Ion Chromatogram (TIC) files by querying 

against the custom database to extract features, satisfying an absolute abundances of more than 

5000 counts. The custom database was made by collecting information on numerous metabolites 

associated with cardiovascular disease from published literature and by combining reported 

metabolites in blood from Human Metabolome Database (HMDB). The FBF algorithm operates 

based on the compoundôs monoisotopic mass (in ppm), isotope spacing (in ppm) and isotope 

distribution (in %). During data processing, the match tolerance limit was set to ± 10 ppm for 

masses and ± 0.35 minutes for retention times. The parameters were chosen to provide information 

of the compound based on their isotope pattern, multiple charge states, the formation of dimer and 

adduct ions (+H, +Na, + K, +NH4 adducts in positive ion mode and -H, -HCOO and -CH3COO 

adducts in negative ion mode). The collected information summarizing retention time (RT), ion 

intensity, exact mass and possible chemical relationships (isotopes, adducts, dimers, multiple 

charge states) was converted into compound exchange format (ó*.cefô) files. The ó*.cefô files were 

then imported to Agilent Mass Profiler Professional (MPP, v12.6) software for further data 

processing and statistical analysis. A frequency filtration was used to only accept features that 

were detected in at least one of the four conditions (time intervals). The ion intensities for each 

spectrum were normalized using a percentile shift algorithm set to 75 and were adjusted to the 

baseline values of the median of all samples. Repeated measures one way ANOVA (p<0.001) was 

used to identify metabolite changes over the four time intervals within the same subjects. The 

óBonferroni FWERô multiple testing correction method was used to adjust p-values derived from 
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multiple statistical tests and to correct for occurrences of false positives. The identified features 

satisfying the above conditions were then subjected to a recursive analysis using óBatch Recursive 

Feature Extractionô algorithm in MPP to generate the final list of potential features. In recursive 

analysis, the list of features already identified by FBF algorithm was re-extracted once again by 

searching against the raw data files. The log-transformed metabolite concentrations (non-

averaged)  of the final entity list with 130 differential metabolites across the four time intervals (0 

h ischemic condition (pre angioplasty), 2 h post reperfusion , 24 h post reperfusion  and 48 h post 

reperfusion)  were used for sample classification and further statistical analysis. The differential 

metabolites were classified based on their chemical taxonomy on HMDB and KEEG (Kyoto 

Encyclopedia of Genes and Genomes) databases. 

Further statistical analysis and biomarker analysis were done using the MetaboAnalyst software 

v3.0 (McGill University, Quebec, Canada). In order to visualize the similarities and differences 

between each of the four time intervals in the plasma metabolome, the unsupervised multivariate 

pattern recognition technique, principal component analysis (PCA) was first employed on the 

metabolome data. In the PCA score plot, each point represents an individual sample. The loadings 

(weights) of the metabolites on the principal components indicate which among the four time 

points were similar, different or distinct.  The supervised 3-dimensional partial least squares-

discriminant analysis (PLS-DA) was then employed to maximize difference in metabolic profile 

between the time intervals. A cross comparison of the samples between different time intervals 

will help us to understand the early and late response in plasma metabolome in response to I/R 

injury by identifying the key metabolites involved at each junction. To accomplish this, a one-way 

analysis of variance (ANOVA) with p-value cut-off of 0.05, followed by Tukey's Honestly 

Significant Difference (Tukey's HSD) post hoc analysis was performed on the log-transformed 
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metabolite concentrations (non-averaged) of the final entity list with 130differential metabolites. 

Next, to examine the metabolomic pathways represented by these 130 differential metabolites, a 

pathway impact analysis was performed using MetPA (Metabolomics Pathway Analysis) tool 

(http://metpa.metabolomics.ca) based on KEGG database. The pathway impact was calculated as 

the sum of the importance measures of the matched metabolites normalized by the sum of the 

importance measures of all metabolites in each pathway. The differential metabolites identified 

from one-way ANOVA served as the input metabolite data set representing each time interval. To 

investigate the relationship of the 130 differential metabolites in the metabolite entity set, the pair-

wise correlations (Pearson correlation coefficient) between the metabolites were calculated using 

correlation calculator from MetScape software v3.0 (http://metscape.ncibi.org) based on the log 

normalized intensities of the metabolites. Using group average values, only those metabolites 

satisfying a Pearson correlation coefficient, |r| >0.9 were considered as highly correlated 

metabolites (n=37). The MetaboAnalyst v4.0 was used to plot the metabolite-metabolite 

interaction network plot to visualize and analyze biological relationships between the correlated 

metabolites. Next, to examine the underlying biochemical pathways reflected by this network 

correlation, a Metabolite Set Enrichment Analysis (MESA) was done on these correlated 

metabolites. MSEA is a metabolomic version of the popular GSEA (Gene Set Enrichment 

Analysis) software. MSEA has its own collection of metabolite set libraries (MetaboAnalyst v3.0 

library contains 88 metabolite sets based on normal metabolic pathways). MSEA was implemented 

using the hypergeometric test to evaluate whether a particular metabolite set is represented more 

than expected by chance within the given compound list. The pathway significance was 

determined based on fold enrichment and p-value, by searching against the pathway-associated 

metabolite sets library. To further investigate the relationship between the plasma metabolites and 

http://metpa.metabolomics.ca/
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important clinical factors at baseline (0 h, time-1), correlations were also calculated for all pairs of 

metabolite-clinical factors using the R statistical package ócorrplotô. In addition, receiver operating 

characteristic (ROC) analysis was used to evaluate the diagnostic capability of metabolites which 

can serve as potential biomarkers. A summary of the metabolomic workflow was provided in 

Supplementary Table.1. 

Supplementary Table.1 Summary of the metabolomic workflow 

Step 1 Data processing 

Non-targeted analysis of plasma samples in both ESI positive and ESI negative modes. 

The processing of acquired raw LC/MS data (ó.d filesô) using MHQ vB.07 and Profinder 

vB.06 software. 

ñFind by Formulaò (FBF) algorithm was used to extract all detectable compounds. The entity 

list contained 765 and 670 compounds in ESI+ and ESI- modes, respectively. 

óBatch Recursive Feature Extractionô algorithm in MPP v12.6.1 to remove false Ñ compounds. 

The entity list was reduced to 69 and 82 compounds in ESI+ and ESI- modes, respectively. 

Repeated measures one way ANOVA followed by óBonferroni FWERô multiple testing 

correction method in MPP. After adjusting for p-value, the final list contained 130 

significantly differential metabolites across all the four time points (p<0.001). 

Step 2 Statistical analysis - MetaboAnalyst software v3.0 

The supervised and unsupervised multivariate pattern recognition techniques, PCA and 

PLSDA were employed. 

A one-way analysis of variance (ANOVA) with p-value cut-off of 0.05, followed by Tukey's 

Honestly Significant Difference (Tukey's HSD) post hoc analysis to identify significant 

metabolites at each junction in the time course. 
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Pathway impact analysis was performed using MetPA (Metabolomics Pathway Analysis) tool 

to identify biochemical pathways represented by the differential metabolites across different 

time points. 

Step 3 Correlation network analysis 

Pair-wise correlation analysis (Pearson correlation coefficient, |r|) to identify potential 

functional relationships between annotated metabolites  

- 37 metabolites were found with |r| >0.9 using MetScape software v3.0. 

Heat map to visualize the highly correlated metabolite concentration across all the time points. 

Metabolite Set Enrichment Analysis (MESA) to examine the underlying biochemical 

pathways reflected by this correlated metabolites. 

The MetaboAnalyst v4.0 was used to plot the metabolite-metabolite interaction network plot 

using these highly correlated metabolites. 

The statistical package ócorrplotô was used to plot the metabolite ï clinical parameters 

correlation matrix. 

Step 4 Diagnostic performance of metabolites 

Three metabolites namely pentadecanoic acid, linoleoyl carnitine and 1-

linoleoylglycerophosphocholine were selected to perform the ROC analysis. 

Multivariate ROC plot based on random forests classification algorithm. 

 

  



114 
 

2 Results 

 

2.1 Metabolites and different modes of ionization 

 

 

Supplementary Figure.2: The number of metabolites identified in different ionization modes. 

Of the final 130 annotated compounds, 55 elements compounds were identified exclusively in 

"Positive" ESI mode, 64 compounds were identified exclusively in "Negative" ESI mode and 11 

compounds were identified in both the modes. 
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2.2 Metabolites responsible for early and late response to reperfusion 

The results from cross-comparison among different time intervals employing one-way ANOVA 

followed by Tukey's HSD identified the key set of metabolites responsible for early and late 

response to I/R injury. These metabolites were also responsible for the class separation observed 

with PCA and PLS-DA plots. In total, 11 metabolites were found to be significant between 0 h and 

2 h comparison, 96 metabolites were found to be significant between 0 h and 24 h comparison, 

107 metabolites were found to be significant between 0 h and 48 h comparison and were 16 

metabolites found to be significant between 24 h and 48 h comparison. The numbers of metabolites 

involved at each time point were shown in below Supplementary Figure.3  

 

Supplementary Figure.3: The number of metabolites involved at each time point. The Venn 

diagram above depicts the number of metabolites shared among (or unique to) different groups (0 

h ischemic condition (pre angioplasty), 2 h post angioplasty, 24 h post angioplasty and 48 h post 

angioplasty). 
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2.3 Troponin concentration and coronary artery  

 

Supplementary Figure.4: LAD in farct vs RCA infarct vs Circumflex infarct. We compared 

the troponin values of LAD infarct with RCA infarct and Circumflex infarct. As expected, the 

median troponin value is largest for of LAD infarct compared to Circumflex infarct and RCA 

infarct. 
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Supplementary Table.2 Metabolites identified in different modes 

Sl.No 
55 elements identified exclusively 

in ESI + mode 

64 elements identified exclusively 

in ESI - mode 
11 common elements in ESI + and ESI -  

1 10-Hydroxydihydrosanguinarine Benzaldehyde LysoPC 18:3 

2 Hydroxyisovaleroyl carnitine 5,8,11-Eicosatrienoic acid Elaidic acid 

3 Nudifloramide PA 16:0/16:0 L Carnitine 

4 Ribitol PS 18:0/18:2 Dihomo-linoleate  20:2n6 

5 2',3'-Cyclic AMP LysoPC 20:3 Linolic acid 

6 Palmitic acid Dimethyl sulfone Myo-inositol 

7 1-palmitoyl-GPC Sorbitol-6-phosphate Eicosapentaenoic acid 

8 LysoPE 18:3 Hydroxypropionylcarnitine Leucine/Isoleucine 

9 LysoPE 20:4 Pyroglutamic acid Palmitoleic acid 

10 1-methyladenosine Docosapentaenoic acid 1-Methylhistamine 

11 L-isoleucyl-L-Proline 3-Methoxytyramine 5'-methylthioadenosine 

12 Dehydroascorbic acid 6-Hydroxygliclazide  

13 3-Octanone Arachidonic acid  

14 LysoPE 22:1 Thienodihydropyridinium  
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15 Linoleoyl carnitine 4-Aminophenol  

16 PC  22:4/14:1 LysoPC 22:4  

17 p-cresol dCTP  

18 Heptadecanoic acid 
15-Keto-13,14-dihydroprostaglandin 

A2 
 

19 Isovaleryl carnitine 3-Hydroxysuberic acid  

20 LysoPC 22:6 D-Limonene  

21 Orotic acid N-Acetylserotonin  

22 Xanthine Mevalonic acid  

23 1-Linoleoylglycerophosphocholine Docosahexaenoic acid  

24 Succinic acid Glycyl-glycine  

25 2-Nonynoic acid Leucyl-phenylalanine  

26 Ascorbic acid 11-Ketoetiocholanolone  

27 LysoPC 24:0 N-Acetylaspartylglutamic acid  

28 Xanthosine 3'-O-Methylepicatechin  

29 Thromboxane B2 PG 18:0/18:1  

30 2-hydroxyglutarate L-Hexanoylcarnitine  
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31 Guanine Thymidine  

32 Propanoate Calcitroic acid  

33 Pyruvic acid N-Acetylornithine  

34 Acetate Equol  

35 gamma-Glutamylvaline 4-Ethylphenol  

36 Malonic acid 3,5-Diiodothyronine  

37 O-Phosphothreonine Oleoyl glycine  

38 Pyridoxamine 5'-phosphate Homocysteine  

39 
3-Methoxy-4-

Hydroxyphenylglycol sulfate 
Acylcarnitine  

40 Enterodiol 1,5-Anhydrosorbitol  

41 5-Hydroxytryptophol Enkephalin L  

42 Dehydrogenated ticlopidine Hydroxyphenylacetylglycine  

43 3-Hydroxytetradecanedioate Diacetylspermine  

44 Normetanephrine 1,3,7-Trimethyluric acid  

45 Hexanoylglycine Benzoyl ecgonine  

46 PC 16:0/16:0 Hypoxanthine  
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47 N-Desmethylpromazine 12,13-DiHODE  

48 Retinylglucuronide Protoprimulagenin A3  

49 D-Pipecolic acid O-Desmethylverapamil  

50 SM d18:0/16:0 L-Tryptophan  

51 Neopterin dCMP  

52 Aminoacetone Pregnenolone sulfate  

53 Deoxyadenosine Citrulline  

54 PG 18:0/22:4 Glycodesoxycholate  

55 N-Desmethyleletriptan Didodecylthiobispropanoate  

56  Phenylacetylglutamine  

57  Hydrocortisone  

58  p-Hydroxyphenylacetate  

59  Oxidized glutathione  

60  Pentadecanoic acid  

61  Biliverdin  

62  Mannitol  
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63  PI  16:0/16:0  

64  4-Hydroxybenzoic acid  
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Supplementary Table.3 Final list of 130 significant metabolites 

Sl.No Compound P value HMDB ID  m/z 
Most abundant 

ionic species 
RT Pathways 

1 Benzaldehyde 5E-15 HMDB06115 151.0404 (M+HCOO)- 0.412 
Phenylalanine 

metabolism 

2 5,8,11-Eicosatrienoic acid 0.0004 HMDB10378 305.2483 (M-H)- 9.44 

Arachidonic acid 

metabolism, Linoleic 

acid metabolism 

3 PA 16:0/16:0  6E-08 HMDB00674 647.4623 (M-H)- 9.847 
Glycerophospholipid 

metabolism 

4 PS 18:0/18:2  0.0434 HMDB12380 832.5315 (M+HCOO)- 7.542 
Glycerophospholipid 

metabolism 

5 LysoPC 20:3  0.03 HMDB10393 590.3463 (M+HCOO)- 7.106 
Glycerophospholipid 

metabolism 

6 Dimethyl sulfone 0.0157 HMDB04983 187.0111 (2M-H)- 0.395 Sulfur metabolism 

7 Sorbitol-6-phosphate 7E-17 HMDB05831 261.0378 (M-H)- 0.342 
Fructose and 

mannose metabolism 

8 
Hydroxypropionyl 

carnitine 
3E-05 HMDB13125 525.2693 (2M+CH3COO)- 0.393 

Fatty acid 

metabolism 

9 Pyroglutamic acid 0.0003 HMDB00267 128.0358 (M-H)- 0.337 
Glutathione 

metabolism 

10 Docosapentaenoic acid 6E-05 HMDB06528 329.2486 (M-H)- 9.19 

Biosynthesis of 

unsaturated fatty 

acids, Linoleic acid 

metabolism 

11 3-Methoxytyramine 1E-12 HMDB00022 379.1863 (2M+HCOO)- 9.856 Tyrosine metabolism 

12 6-Hydroxygliclazide 1E-06 HMDB14028 398.1398 (M+CH3COO)- 9.009 Gliclazide Pathway 

13 Arachidonic acid 0.0058 HMDB01043 303.2332 (M-H)- 8.931 

Arachidonic acid 

metabolism, Linoleic 

acid metabolism 

14 Thienodihydropyridinium 2E-22 HMDB13924 321.059 (M+CH3COO)- 0.355 NA 
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15 4-Aminophenol 0.0003 HMDB01169 263.1033 (2M+HCOO)- 0.351 

Aminobenzoate 

degradation, 

Microbial 

metabolism in 

diverse 

environments 

16 LysoPC 22:4  0.0062 HMDB10401 616.3621 (M+HCOO)- 7.697 
Glycerophospholipid 

metabolism 

17 dCTP 0.0032 HMDB00998 978.9779 (2M+HCOO)- 0.323 
Pyrimidine 

metabolism 

18 
15-Keto-13,14-

dihydroprostaglandin A2 
2E-06 HMDB01244 667.4251 (2M-H)- 9.843 NA 

19 3-Hydroxysuberic acid 3E-06 HMDB00325 379.1627 (2M-H)- 9.016 
Fatty acid 

metabolism 

20 D-Limonene 0.0001 HMDB03375 331.2648 (2M+CH3COO)- 9.862 

Limonene and 

pinene degradation, 

Biosynthesis of 

terpenoids and 

steroids 

21 N-Acetylserotonin 0.0002 HMDB01238 263.1033 (M+HCOO)- 0.351 
Tryptophan 

metabolism 

22 Mevalonic acid 1E-09 HMDB00227 355.161 (2M+CH3COO)- 9.564 

Terpenoid backbone 

biosynthesis, 

Biosynthesis of 

terpenoids and 

steroids, Ferroptosis 

23 Docosahexaenoic acid 0.0063 HMDB02183 327.233 (M-H)- 8.814 

Biosynthesis of 

unsaturated fatty 

acids, Linoleic acid 

metabolism 

24 Glycyl-glycine 0.0012 HMDB11733 263.0994 (2M-H)- 0.354 Glycine metabolism 

25 LysoPC 18:3  0.0009 HMDB10388 562.3151 (M+HCOO)- 5.843 
Glycerophospholipid

metabolism 
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26 Leucyl-phenylalanine 0.0001 HMDB13243 277.1536 (M-H)- 5.6 
Phenylalanine 

metabolism 

27 11-Ketoetiocholanolone 1E-05 HMDB06031 667.4251 (2M+CH3COO)- 9.843 NA 

28 
N-Acetylaspartyl glutamic 

acid 
7E-26 HMDB01067 653.1788 (2M+HCOO)- 3.086 

Alanine, aspartate 

and glutamate 

metabolism 

29 3'-O-Methylepicatechin 1E-31 HMDB29175 653.1906 (2M+HCOO)- 3.092 
Flavonoid 

biosynthesis 

30 PG 18:0/18:1  3E-08 HMDB10603 836.5805 (M+CH3COO)- 9.198 
Glycerophospholipid 

metabolism 

31 L-Hexanoylcarnitine 0.0256 HMDB00756 577.3737 (2M+CH3COO)- 10.617 
Fatty acid 

metabolism 

32 Thymidine 2E-08 HMDB00273 241.0836 (M-H)- 2.469 
Pyrimidine 

metabolism 

33 Calcitroic acid 2E-07 HMDB06472 433.2601 (M+CH3COO)- 9.893 NA 

34 N-Acetylornithine 2E-11 HMDB03357 407.2144 (2M+CH3COO)- 0.518 

Arginine and proline 

metabolism, 

Biosynthesis of 

amino acids 

35 Equol 3E-12 HMDB02209 241.0873 (M-H)- 2.445 NA 

36 4-Ethylphenol 0.0007 HMDB29306 121.0658 (M-H)- 0.501 
Bisphenol 

degradation 

37 3,5-Diiodothyronine 6E-14 HMDB00582 1108.8 (2M+CH3COO)- 8.807 
Thyroid hormone 

synthesis 

38 Oleoyl glycine 0.0153 HMDB13631 338.2707 (M-H)- 8.365 NA 

39 Homocysteine 3E-10 HMDB00742 194.0501 (M+CH3COO)- 0.382 

Homocysteine 

Degradation, Betaine 

Metabolism, 

Methionine 

Metabolism 
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40 Acylcarnitine 2E-08 HMDB01185 444.1451 (M+HCOO)- 8.628 

Arginine and proline 

metabolism, 

Cysteine and 

methionine 

metabolism, 

Biosynthesis of 

amino acids 

41 1,5-Anhydrosorbitol 6E-12 HMDB02712 327.1295 (2M-H)- 8.216 NA 

42 Enkephalin L 3E-14 HMDB01045 1169.5576 (2M+CH3COO)- 0.326 
Neuroactive ligand-

receptor interaction 

43 
Hydroxyphenylacetylglyci

ne 
9E-29 HMDB00735 477.1525 (2M+CH3COO)- 4.111 Tyrosine metabolism 

44 Diacetylspermine 0.0001 HMDB02172 345.249 (M+CH3COO)- 7.636 NA 

45 1,3,7-Trimethyluric acid 2E-15 HMDB02123 255.0743 (M+HCOO)- 0.409 Caffeine metabolism 

46 Benzoyl ecgonine 1E-06 HMDB41836 637.2768 (2M+CH3COO)- 6.592 NA 

47 Hypoxanthine 0.0308 HMDB00157 181.0373 (M+HCOO)- 0.343 
Purine metabolism, 

Caffeine metabolism 

48 12,13-DiHODE 2E-09 HMDB10201 669.4582 (2M+HCOO)- 10.89 
Linoleic acid 

metabolism 

49 Protoprimulagenin A3 1E-14 HMDB33157 1147.5594 (M+HCOO)- 0.297 NA 

50 O-Desmethylverapamil 0.0014 HMDB13961 499.2817 (M+CH3COO)- 5.411 (Drug metabolite) 

51 aL-Tryptophan 1E-13 HMDB00929 263.1033 (M+CH3COO)- 0.351 

Glycine, serine and 

threonine 

metabolism, 

Phenylalanine, 

tyrosine and 

tryptophan 

biosynthesis, 

Tryptophan 

metabolism, 

Biosynthesis of 

amino acids 
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52 adCMP 9E-11 HMDB01202 352.0566 (M+HCOO)- 0.413 
Pyrimidine 

metabolism 

53 aPregnenolone sulfate 0.0002 HMDB00774 395.1894 (M-H)- 3.184 
Steroid hormone 

biosynthesis 

54 aCitrulline 0.0007 HMDB00904 395.1894 (2M+HCOO)- 3.184 

Arginine 

biosynthesis, 

Biosynthesis of 

amino acids 

55 aGlycodesoxycholate 1E-05 HMDB00631 448.3072 (M-H)- 3.874 NA 

56 
aDidodecyl 

thiobispropanoate 
7E-05 HMDB40172 1087.8188 (2M+CH3COO)- 9.202 NA 

57 aPhenylacetylglutamine 8E-10 HMDB06344 263.1038 (M-H)- 0.35 
Phenylalanine 

metabolism 

58 aHydrocortisone 2E-21 HMDB14879 407.2076 (M+HCOO)- 0.519 

Bile secretion, 

Steroid hormone 

biosynthesis, 

59 ap-Hydroxy phenylacetate 2E-24 HMDB00020 151.0402 (M-H)- 0.392 

Phenylalanine 

metabolism, 

Tyrosine metabolism 

60 aOxidized glutathione 5E-14 HMDB03337 611.1449 (M-H)- 3.627 

Glutathione 

metabolism, 

Ferroptosis 

61 aPentadecanoic acid 1E-05 HMDB00826 241.2174 (M-H)- 8.903 
Fatty acid 

metabolism 

62 aBiliverdin 2E-21 HMDB01008 581.2407 (M-H)- 10.53 

Porphyrin and 

chlorophyll 

metabolism 

63 aMannitol 2E-21 HMDB00765 241.093 (M+CH3COO)- 2.415 
Fructose and 

mannose metabolism 

64 aPI  16:0/16:0 2E-21 HMDB09778 855.5254 (M+HCOO)- 8.738 
Glycerophospholipid 

metabolism 
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65 a4-Hydroxybenzoic acid 4E-30 HMDB00500 137.0244 (M-H)- 0.525 

Phenylalanine 

metabolism, 

Ubiquinone and 

other terpenoid-

quinone biosynthesis 

66 
a10-Hydroxy 

dihydrosanguinarine 
1E-06 NA 372.084 (M+Na)+ 2.484 

Isoquinoline alkaloid 

biosynthesis 

67 aElaidic acid 3E-13 HMDB00573 283.263 (M+H)+ 10.011 

Fatty acid 

biosynthesis, 

Biosynthesis of 

unsaturated fatty 

acids 

68 
aHydroxyisovaleroyl 

carnitine 
4E-26 HMDB62555 523.323 (2M+H)+ 10.449 

Fatty acid 

metabolism 

69 aL Carnitine 2E-33 HMDB00062 162.1118 (M+H)+ 0.331 Bile secretion 

70 
adihomo-linoleate 

(20:2n6)  
0.0005 HMDB61864 331.2629 (M+Na)+ 9.374 

Linoleic acid 

metabolism 

71 aLinoleic acid 1E-07 HMDB00673 281.2473 (M+H)+ 9.181 
Linoleic acid 

metabolism 

72 aNudifloramide 0.0004 HMDB04193 153.0656 (M+H)+ 0.371 

Nicotinate and 

nicotinamide 

metabolism 

73 aRibitol 0.012 HMDB00508 153.0746 (M+H)+ 0.353 

Pentose and 

glucuronate 

interconversions, 

Riboflavin 

metabolism 

74 aMyo-inositol 0.0085 HMDB00211 203.0526 (M+Na)+ 0.324 

Ascorbate and 

aldarate metabolism, 

Galactose 

metabolism 

75 a2',3'-Cyclic AMP 7E-30 HMDB11616 347.0872 (M+NH4)+ 0.424 Purine metabolism 
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76 aPalmitic acid 3E-11 HMDB00220 257.2473 (M+H)+ 9.751 

Fatty acid 

biosynthesis, 

Biosynthesis of 

unsaturated fatty 

acids 

77 
a1-palmitoyl 

glycerophosphocholine 
2E-06 HMDB62541 519.3264 (M+Na)+ 5.924 

Glycerophospholipid 

metabolism 

78 aEicosapentaenoic acid 8E-14 HMDB01999 303.2314 (M+H)+ 8.383 

Biosynthesis of 

unsaturated fatty 

acids 

79 aLysoPE 18:3 4E-15 HMDB11509 476.2761 (M+H)+ 5.449 
Glycerophospholipid

metabolism 

80 aLeucine/Isoleucine 1E-13 HMDB00687 132.1017 (M+H)+ 0.341 

Valine, leucine and 

isoleucine 

biosynthesis, 

Biosynthesis of 

amino acids 

81 aLysoPE 20:4 0.0027 HMDB11517 502.2927 (M+H)+ 6.145 
Glycerophospholipid 

metabolism 

82 a1-methyladenosine 0.0013 HMDB03331 299.1446 (M+NH4)+ 0.38 NA 

83 aL-isoleucyl-L-Proline 0.0006 HMDB11174 229.154 (M+H)+ 0.334 NA 

84 aDehydroascorbic acid 5E-05 HMDB01264 366.0682 (2M+NH4)+ 0.399 

Ascorbate and 

aldarate metabolism, 

Glutathione 

metabolism 

85 a3-Octanone 4E-11 HMDB31295 257.2475 (2M+H)+ 9.759 NA 

86 aLysoPE 22:1 0.0062 HMDB11521 536.3697 (M+H)+ 8.544 
Glycerophospholipid 

metabolism 

87 aLinoleoyl carnitine 4E-08 HMDB06469 424.3415 (M+H)+ 5.661 
Fatty acid 

metabolism 
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88 aPC  22:4/14:1 6E-07 HMDB08624 780.5525 (M+H)+ 9.758 

Glycerophospholipid 

metabolism, 

Arachidonic acid 

metabolism, Linoleic 

acid metabolism 

89 ap-cresol 0.0191 HMDB01858 126.0914 (M+NH4)+ 0.354 Toluene degradation 

90 aHeptadecanoic acid 1E-24 HMDB02259 271.2623 (M+H)+ 10.367 

Biosynthesis of 

unsaturated fatty 

acids 

91 aIsovaleryl carnitine 6E-12 HMDB00688 268.1544 (M+Na)+ 0.337 

Leucine metabolism, 

Fatty acid 

metabolism 

92 Palmitoleic acid 0.0196 HMDB03229 255.2315 (M+H)+ 8.769 
Fatty acid 

biosynthesis 

93 aLysoPC 22:6 2E-06 HMDB10404 568.3398 (M+H)+ 6.597 
Glycerophospholipid

metabolism 

94 aOrotic acid 1E-05 HMDB00226 174.0524 (M+NH4)+ 0.362 
Pyrimidine 

metabolism 

95 aXanthine 5E-30 HMDB00292 153.0415 (M+H)+ 0.363 
Purine metabolism, 

Caffeine metabolism 

96 
a1-Linoleoyl 

glycerophosphocholine 
8E-23 HMDB61692 1091.7001 (2M+Na)+ 7.252 

Glycerophospholipid 

metabolism 

97 aSuccinic acid 5E-30 HMDB00254 141.016 (M+Na)+ 0.472 

Phenylalanine 

metabolism, 

Tyrosine 

metabolism, Citrate 

cycle (TCA cycle), 

Butanoate 

metabolism, 

Alanine, aspartate 

and glutamate 

metabolism, 
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Oxidative 

phosphorylation 

98 a2-Nonynoic acid 5E-30 
HMDB00324

42 
172.1333 (M+NH4)+ 0.337 NA 

99 aAscorbic acid 0.0004 HMDB00044 194.0658 (M+NH4)+ 0.695 

Glutathione 

metabolism, 

Ascorbate and 

aldarate metabolism 

100 a5'-methylthioadenosine 5E-30 HMDB01173 336.0508 (M+K)+ 0.994 

Cysteine and 

methionine 

metabolism 

101 aLysoPC 24:0 8E-06 HMDB10405 646.4209 (M+K)+ 9.842 
Glycerophospholipid 

metabolism 

102 a1-Methylhistamine 5E-30 HMDB00898 126.0994 (M+H)+ 10.023 
Histidine 

metabolism 

103 aXanthosine 3E-05 HMDB00299 285.0811 (M+H)+ 0.695 
Purine metabolism, 

Caffeine metabolism 

104 aThromboxane B2 0.0002 HMDB03252 741.4745 (2M+H)+ 9.99 

Arachidonic acid 

metabolism, Bile 

secretion 

105 a2-hydroxyglutarate 5E-30 HMDB59655 193.0351 (M+HCOO)+ 1.563 
Butanoate 

metabolism 

106 aGuanine 5E-30 HMDB00132 152.0562 (M+H)+ 0.909 Purine metabolism 

107 Propanoate 5E-30 NA 132.1016 (2M+NH4)+ 0.332 
Citrate cycle (TCA 

cycle) 

108 aPyruvic acid 0.0004 HMDB00243 201.0247 (2M+Na)+ 0.674 

Phenylalanine 

metabolism, 

Tyrosine 

metabolism, Citrate 

cycle (TCA cycle), 

Vitamin B6 

metabolism,      
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109 aAcetate 5E-30 NA 141.016 (2M+Na)+ 0.472 
Citrate cycle (TCA 

cycle) 

110 agamma-Glutamylvaline 8E-10 HMDB11172 515.2332 (2M+Na)+ 5.933 NA 

111 aMalonic acid 5E-30 HMDB00691 267.0371 (2M+CH3COO)+ 0.384 
Pyrimidine 

metabolism 

112 O-Phosphothreonine 0.0002 HMDB11185 200.0337 (M+H)+ 0.419 

Porphyrin and 

chlorophyll 

metabolism 

113 
Pyridoxamine 5'-

phosphate 
3E-07 HMDB01555 249.0614 (M+H)+ 0.327 

Vitamin B6 

metabolism 

114 
3-Methoxy-4-Hydroxy 

phenylglycolsulfate 
8E-16 HMDB03332 265.0352 (M+H)+ 0.329 

norepinephrine 

metabolism 

115 Enterodiol 2E-13 HMDB05056 627.2916 (2M+Na)+ 7.019 NA 

116 5-Hydroxytryptophol 0.0011 HMDB01855 200.068 (M+Na)+ 0.311 
Serotonin 

degradation 

117 
Dehydrogenated 

ticlopidine 
0.0253 HMDB13926 262.0451 (M+H)+ 0.399 (Drug metabolite) 

118 
3-Hydroxytetra 

decanedioate 
4E-07 HMDB00394 571.3446 (2M+Na)+ 6.601 NA 

119 Normetanephrine 5E-05 HMDB00819 367.1877 (2M+H)+ 8.388 Tyrosine metabolism 

120 Hexanoylglycine 0.0002 HMDB00701 347.2207 (2M+H)+ 1.013 
Fatty acid 

metabolism 

121 PC 16:0/16:0  0.0418 HMDB00564 734.5682 (M+H)+ 11.442 
Glycerophospholipid 

metabolism 

122 N-Desmethylpromazine 3E-07 HMDB13939 541.2479 (2M+H)+ 5.518 (Drug metabolite) 

123 Retinylglucuronide 0.0001 HMDB10340 480.2972 (M+NH4)+ 6.157 (Drug metabolite) 

124 D-Pipecolic acid 0.0233 HMDB05960 130.0862 (M+H)+ 0.333  Lysine degradation 

125 SM d18:0/16:0  0.0062 HMDB10168 744.557 (M+K)+ 10.683 
Sphingolipid 

metabolism 

126 Neopterin 1E-22 HMDB00845 524.1952 (2M+NH4)+ 4.445 Folate biosynthesis 



132 
 

127 Aminoacetone 4E-05 HMDB02134 169.0932 (2M+Na)+ 0.379 

Glycine, serine and 

threonine 

metabolism 

128 Deoxyadenosine 2E-20 HMDB00101 525.1936 (2M+Na)+ 4.429 Purine metabolism 

129 PG 18:0/22:4  0.0013 HMDB10611 849.5645 (M+Na)+ 9.955 
Glycerophospholipid 

metabolism 

130 N-Desmethyleletriptan 8E-12 HMDB13919 369.1627 (M+H)+ 8.373 (Drug metabolite) 

a - The compounds already reported in published literature known to be associated with either ischemia, myocardial infarction or 

other forms of CAD including non-obstructive coronary atherosclerosis, stable angina pectoris or unstable angina pectoris; P Value 

- P-values after óBonferroni FWERô multiple testing correction; HMDB ID - Human Metabolome Database ID; m/z ï mass to 

charge ratio of the most abundant ion; RT ï retention time 
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CHAPTER 3. Impact of myocardial 

reperfusion on human plasma lipidome 
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Rationale 

Our previous non-targeted metabolomics demonstrated that lipid molecules represent the largest 

pool of altered metabolites during I/R injury. However, detailed knowledge about the disturbances 

in lipidome profiles during I/R injury has not been explored. Therefore, determining the changes 

in plasma lipidome and correlating these changes to clinical outcomes would offer new insight 

into the mechanisms of IR injury. The study of plasma lipidome is challenging, given the 

heterogenous chemical structure of lipids. This is why research in this area has focused primarily 

on abundant plasma lipids referred to as traditional lipids, such as cholesterol, triglycerides, high

density lipoprotein cholesterol, and low density lipoprotein cholesterol, carried mainly by 

circulating lipoproteins. Only recently, with the advent of novel mass spectrometry approaches, 

we can truly identify and quantify a large pool of lipid molecules in plasma.   We have developed 

a high-throughput analytical platform using a "triple quad (QqQ)" mass spectrometer that can 

perform a large-scale, detailed analysis of different lipids and provide insights into the lipid 

alterations involved in the onset and progression of I/R injury. 
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3.1 Abstract 

The primary aim of the study is to investigate the temporal changes in plasma lipidome before and 

after reperfusion in ST-segment elevation myocardial infarction (STEMI) patients and their 

association with myocardial injury. We found that 56% of the identified lipid species were 

significantly altered (corrected p<0.05) in the first 24 h following reperfusion in STEMI patients. 

Three lipid species, namely, acylcarnitine 18:2, TG 51:0, and LPC 17:1 were associated with 

change in troponin concentration (delta troponin) and in-hospital cardiovascular events. Of these, 

acylcarnitine 18:2, and LPC 17:1 and their respective whole class levels, were significantly higher 

(p<0.05) in the STEMI population than the age/sex-matched control subjects. Overall, our analyses 

show a large shift in plasma lipidome in patients that undergo myocardial reperfusion. The 

differences found for acylcarnitines and LPC species and their association with both cardiac 

markers and cardiac outcomes needs further validation.  

Key words 

Lipids, Lipidomics, Reperfusion injury, Ischemia/Reperfusion, STEMI, Myocardial Infarction 
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3.2 Graphical abstract 
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3.3 Abbreviations 

STEMI, ST-segment elevation myocardial infarction; PCI, percutaneous coronary intervention; 

CVD, cardiovascular diseases; MI, myocardial infarction; IR, ischemia/reperfusion; CAD, 

coronary artery disease; LC/MS, liquid chromatography-mass spectrometry; ESI, electrospray 

ionization; MRM, multiple reaction monitoring; æ cTnT, delta troponin; MACE, major adverse 

cardiovascular events; Supplementary Table S1 contains the complete list of lipid abbreviations. 
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3.4 Introduction 

Cardiovascular diseases (CVDs) accounted for å18.6 million deaths in 2019, 32% of all deaths 

globally1.  Nearly 85% of these deaths were attributed to acute myocardial infarction (MI) and 

stroke2. After an acute MI, rapid coronary reperfusion using primary percutaneous coronary 

intervention (PCI), or intravenous fibrinolytic therapy is essential to restore blood flow and limit 

infarct size. Paradoxically, however, these treatment strategies can, in itself, induce additional 

myocardial injury, termed reperfusion injury, for which there is still no effective treatment options 

available3. Experimental models of myocardial ischemia and infarction suggest that reperfusion 

injury contributes nearly 50% of the final infarct size4. The biggest impact of ischemia/reperfusion 

(IR) injury in clinical settings arises in patients with ST-segment elevation (STEMI). Even after 

timely reperfusion, reperfused STEMI patients have a 30-day mortality rate of nearly 5%5. 

The conventional measurements for evaluating CVD risk include circulating lipid biomarkers such 

as cholesterol levels, triglycerides, high density lipoprotein (HDL), and low-density lipoprotein 

(LDL). However, these measurements provide limited information on the individual lipid species 

and their association with the disease. Human plasma lipidome is a tightly regulated environment, 

and its composition can reflect the underlying phenotype in health and disease states6. Latest 

developments in high-throughput liquid chromatography and mass spectrometry have enabled us 

to identify associations between plasma lipid species and disease states. In a large population-

based study, Alshehry et al. identified 32 plasma lipids significantly associated with cardiovascular 

events and death7. Stegemann and colleagues showed that circulating lipid species outperform 

conventional lipid measures in CVD risk prediction8. Meikle et al. demonstrated the potential of 

plasma lipid profiling for the risk stratification of unstable coronary artery disease (CAD)9. From 
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all these results, it is now becoming more apparent that individual lipid species and classes can 

better reflect CVD risk and underlying pathophysiology than traditional lipid biomarkers. 

Inflammation and oxidative stress accompanied by altered lipid metabolism are the prime drivers 

for the irreversible myocardial damage following ischemia and reperfusion4,10-12. However, little 

information is available about the changes in plasma lipidome in the setting of human myocardial 

IR injury. To better understand lipid biology during IR, it is necessary to assess lipid changes as a 

whole and not in individual parts accommodating both early and late reperfusion phases. Our 

recent non-targeted metabolomics study on STEMI patients showed that lipids formed the bulk of 

the altered plasma metabolome following reperfusion. Also, we identified specific lipid species 

that were highly correlative with the extent of myocardial injury13. In this report, we aim to 

investigate the changes in circulating plasma molecular lipids in the setting of a multifactorial 

process such as human myocardial reperfusion injury. 

3.5 Results 

3.5.1 Patient characteristics 

Table 3.1 summarizes the clinical profile of the study participants. Overall, 67% of the STEMI 

cohort are male with an average age of 64 years (63.71 ± 12.21). The STEMI and control group 

participants were matched for conventional cardiovascular risk factors, including age, gender, and 

BMI, apart from smoking status and dyslipidemia. The medication use was also similar between 

the two groups. Heparin was administered intravenously before the coronary angiography 

procedure in all participants, including the control subjects. In our STEMI cohort, 36% had 

occlusion in the left anterior descending (LAD) coronary artery, 37% had occlusion in the right 

coronary artery (RCA), and 10% had occlusion in the circumflex coronary artery. 
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Table 3.1: Baseline characteristics of the study participants 

 Control (n=50) STEMI (n=80) p value 

Age(years) 60.92 ± 10.72 63.71 ± 12.21 0.187 

Male sex (%) 31 (62.0) 54 (67.5) 0.521 

LVEF (%) 60 (58, 60) 60 (45, 70) 0.679 

Body mass index (kg/m2) 28.85 (26.17, 32.37) 27.67 (23.56, 32.40) 0.190 

Comorbidity (%)     

Hypertension  23 (46.9) 37 (46.2) 0.939 

Diabetes mellitus  7 (14.0) 16 (20.0) 0.383 

Current smoker  6 (12.0) 22 (27.5) 0.036 

Dyslipidemia  13 (26.0) 42 (52.5) 0.003 

Hx of CAD  2 (4.0) 11 (13.8) 0.071 

Laboratory data     

Triglyceride (mmol/l) 1.5 (1.0, 2.3) 1.3 (1.0, 2.1) 0.355 

Cholesterol (mmol/l) 4.5 (3.9, 5.1) 4.8 (4.1, 5.3) 0.503 

HDL cholesterol (mmol/l) 1.29 (0.9, 1.7) 1.10 (0.9, 1.37) 0.093 

LDL cholesterol (mmol/l) 2.80 (1.93, 3.30) 2.80 (1.95, 3.45) 0.851 

Creatinine (mmol/l) 78 (75, 84) 89 (71, 105.75) 0.086 

Medications at baseline (%)     

ASA  8 (16.0) 18 (22.5) 0.367 

ACEI/ARB  10 (20.0) 20 (25.0) 0.510 

Beta blocker  9 (18.0) 8 (10.0) 0.188 

Statin  8 (16.0) 20 (25.0) 0.225 



142 
 

Additional parameters     

Minutes from the onset of chest 

pain to reperfusion  

NA 149.5 (86.25, 246.25)  

Peak CK (Units/L)  NA 975 (372, 2335)  

Peak TnT (ng/L)  NA 2029 (1102, 5943.50)  

Culprit vessel (%)     

LAD Infarct (%)  NA 36 (45.0  

RCA Infarct (%)  NA 37 (46.2)  

Circumflex Infarct (%)  NA 10 (12.5)  

Values are reported as mean ± standard deviation (SD), median (25th, 75th percentiles), or 

count (percentage) as applicable. The Chi-square test was used for categorical variables, 

while Student's t-test or Mann-Whitney U test was used for continuous variables to assess for 

statistical significance across sample groups as applicable based on data distribution. 

Abbreviations: LVEF, left ventricular ejection fraction; Hx of CAD, history of coronary 

artery disease; HDL, high-density lipoprotein; LDL, low-density lipoprotein; ASA, 

Acetylsalicylic acid; ACEI, Angiotensin-converting enzyme (ACE) inhibitors; ARB, 

Angiotensin II receptor blockers; CK, Creatine kinase; TnT, troponin T; LAD, Left anterior 

descending coronary artery; RCA, Right coronary artery.  
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3.5.2 Time course of the plasma lipidome  
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Figure-3.1: Temporal changes in plasma lipidome. (A) Study design: The samples were 

collected by venipuncture at three different time points; the first, after STEMI diagnosis but before 

primary PCI (t0); the second, 2 h post-PCI (t1) and the third, 24 h post-PCI(t2). (B) Percentage of 

statistically significant lipids (corrected p<0.05) at different time points, (C) Venn diagram 

showing the number of lipids shared or unique at different time points, (D-F) Forest plots showing 

total lipids expressed as percentage difference comparing each time point to one another. Data are 

represented as mean ± SEM. The corrected p values in (B), and (D)ï(F) are obtained by repeated 

measures analysis of variance (ANOVA) followed by pairwise comparisons after Bonferroni 

correction. Grey circles represent the non-significant lipid classes/subclasses, and green circles 

represent the classes/subclasses with corrected p<0.05. Supplementary Table S1 contains the list 

of lipid abbreviations. 

First, to investigate the temporal changes in lipidome after PCI, lipid profiling was performed on 

plasma from STEMI patients at three time points (t0, t1, and t2). Figure-3.1A illustrates the study 

design. Overall, plasma lipidome was markedly altered in STEMI patients in the first 24 h after 

PCI. In the acute phase of reperfusion (t1 vs. t0), 58% of the identified lipids were significantly 

altered (corrected p<0.05), which increased to 70% with the increase in reperfusion time (t2 vs. t1) 

(Figure-3.1B). In total, 56% of the identified lipid species were altered in the first 24 h after PCI 

(t2 vs. t0). The Venn diagram (Figure-3.1C) shows that a panel of 92 lipids was significantly 

altered (corrected p<0.05) across all three time points.  Also, each time point is characterized by 

its distinctive lipidomic feature (Supplementary Table S5). Six lipids, namely PC(O-36:3), CE 

22:5, 16:0 acylcarnitine, 20:0 acylcarnitine, PGPC, and PONPC, signify the unique lipidomic 

difference between pre-PCI and 24 h post-PCI (t2 vs. t0). 
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Figure-3.1D-F highlights the differences in the whole lipid class amount at each interval. The lipid 

data is shown as a percentage difference in total lipids compared to other time points 

(Supplementary Table S6-S8). Compared with pre-PCI levels, the majority of lipid 

classes/subclasses (15 out of 25) were significantly lower (corrected p<0.05) in the acute 

reperfusion phase (t1 vs. t0) (Figure-3.1D).  The only exception was the total oxidized 

phospholipid (OxPL) amount, whose levels increased significantly (29.87% higher, corrected 

p=0.026) after PCI treatment. Total DG and TG also displayed large differences in the acute 

reperfusion phase. Their levels were 29.92% and 24.28% lower at 2 h post-PCI relative to pre-PCI 

(corrected p=5.2 x 10-8, 2.91 x 10-7, respectively). However, total DG and TG exhibited a reverse 

trend over the next 24 h (t2 vs. t1). Their levels increased by 64.06% and 58.62% (corrected p=1.38 

x 10-21, 3.96 x 10-18, respectively) at 24 h post-PCI relative to 2 h post-PCI (Figure-3.1E). Overall, 

between pre-PCI and 24 h post-PCI (Figure-3.1F), the total amount of circulating fatty acids (FA) 

showed the most notable difference (t2 vs. t0). They were 74.5% lower in pre-PCI than 24 h post-

PCI (corrected p=4.49 x 10-17).  

3.5.3 Perturbations in molecular lipid species 

Next, to attain a more in-depth view of the species level, forest plots were employed to visualize 

the change in individual lipid species at each time point. Consistent with the analysis of whole 

class amount, the majority of the individual lipid species were significantly lower (corrected 

p<0.05) in the acute reperfusion phase compared with pre-PCI levels (Figure-3.2A and 

Supplementary Table S9-S11). On the contrary, the levels of two OxPL species, namely, PGPC 

and PONPC, were 33.85% and 27.74% higher at 2 h post-PCI than pre-PCI. During this period (t1 

vs. t0), the most remarkable change was observed for neutral lipid species, including DG and TG. 

On average, they were 30% lower at 2 h post-PCI than pre-PCI. However, over the next 24 h (t2 
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vs. t1), these neutral lipids shifted in the opposite direction (Figure-3.2B). Their mean values at 

24 h post-PCI were around 58% higher than 2 h post-PCI. Overall, FA species displayed the 

greatest change in the first 24 h after reperfusion (t2 vs. t0). On average, the levels of each FA 

species at 24 h post-PCI were about 69% lower than pre-PCI (Figure-3.2C). 

  



147 
 

Figure-3.2: Perturbations in individual lipid species. (A-C) Forest plot showing individual lipid 

species expressed as percentage difference comparing each time point to one another. Data are 

represented as mean ± SEM. The corrected p values are obtained by repeated measures analysis of 

variance (ANOVA) followed by pairwise comparisons after Bonferroni correction. Grey circles 

represent the non-significant lipid species, and green circles represent the lipid species with 

corrected p<0.05. (D) Hierarchical heat map showing the abundance of the detected lipid species 

across different sampling time points. Color code indicates lipid concentration (log-transformed). 

The hierarchical heatmap (Figure-3.2D) illustrates the similarities and disparities in lipid 

concentrations across different times. At the lipid class level, there is little difference in lipid 

concentrations across various time points. However, along the heatmap rows, three major clusters 

based on plasma lipid abundance can be identified. By lipid class, the top-5 lipid concentrations 

followed the next order:  CE > PC > PC(O) > LPC > SM. Conversely, the bottom-5 least 

concentrated lipid classes in plasma were acylcarnitine, Hex3Cer, LPC(O), GM3, and PE(P). This 

ranking in lipid concentration remained unaffected before and after reperfusion. 

3.5.4 Changes in lipidome by fatty acyl chain length and double-bond content 

Next, we investigated whether there was any pattern in changes in lipid signals according to carbon 

atom numbers and degree of unsaturation (number of double bonds) before and after reperfusion. 

We focused our attention on major structural lipids, namely PC, PE, PI, and SM. Figure-3.3A-D 

demonstrates the relative concentration of lipid species at each time (t1, t2) compared to pre-PCI 

levels (t0). The values were normalized per sample to the total abundance within a lipid class. 

Based on the pattern of the number of carbon atoms and unsaturation degree, there was no 

alteration in concentration ratio in most of the PC species (Figure-3.3A) except for PC 36:6 and 

PC 34:4. These two species with higher double bond numbers were highly altered following 
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reperfusion. Among the PE species, two 40 carbon atoms species, PE 40:5, PE 40:6, characterized 

by a high degree of unsaturation, exhibited the most remarkable change (Figure-3.3B). Among 

the PI class, almost all species were altered in both directions (Figure-3.3C). The most 

considerable change within the SM class was observed for the odd-numbered carbon atom with a 

double bond, namely SM 37:2 (Figure-3.3D). Also, SM species with relatively low carbon atom 

numbers (31, 32, 33, and 34) were not altered at different sampling time points (t0, t1, t2). 
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Figure-3.3: Alteration in lipid signal by the total number of carbon atoms and the degree of 

acyl chain saturation. (A-D) The relative concentration of lipids was expressed as the 

concentration of lipids per sample to the total abundance within (A) phosphatidylcholine, (B) 

phosphatidylethanolamine, (C) phosphatidylinositol, and (D) sphingomyelin classes. The red color 

indicates the log ratio of the relative concentration at 2 h post-PCI (t1) compared to pre-PCI (t0). 

The blue color indicates the log ratio of the relative concentration at 24 h post PCI (t2) compared 

to pre-PCI (t0). Abbreviations: PC, phosphatidylcholine; PE, phosphatidylethanolamine; PI, 

phosphatidylinositol; SM, sphingomyelin 

3.5.5 Lipid signatures specific to IR injury 
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Figure-3.4: Association between delta troponin and plasma lipid species. Linear regression 

analysis between delta troponin and log-transformed concentrations of each lipid species was 

performed after adjusting for age, sex, body mass index (BMI), current smoking, diabetes history, 

and time from symptom onset to reperfusion. The unit of delta troponin is mg/L. The blue color 

shows significant positive correlations (p<0.05), and the red color shows significant negative 

correlations (p<0.05). Whiskers represent 95% confidence intervals (CI). (D) Delta troponin (æ 

cTnT) amount in top (n = 27) and combined middle and bottom tertiles (n = 53). (E) Delta troponin 

(æ cTnT) amount in MACE (n = 13) and óNo eventsô (n = 67) groups. p values in (D) and (E) are 

by Student's unpaired t-test. Abbreviations: B, Unstandardized B Coefficient; MACE, Major 

Adverse Cardiovascular Events; AC, Acylcarnitine. 

Elevated cardiac troponin levels after PCI correlate with myocardial necrosis14 and are also 

associated with worse 90-day clinical outcomes15. In our STEMI cohort, cardiac troponin T (cTnT) 

was measured daily for the first 72 h at regular intervals. Here, the delta troponin (æ cTnT) value 

for each patient is defined as the absolute change in baseline (pre-PCI) troponin value from peak 

troponin value. A linear regression of delta troponin against lipid species was performed after 

adjusting for age, sex, body mass index (BMI), current smoking, diabetes history, and ischemic 

time (time from symptom onset to reperfusion) to investigate lipid changes specific to reperfusion 

injury (Figure-3.4A-C, Supplementary Table S12-S14). After adjustment of these major 

cardiovascular risk factors, ten lipid species were significantly associated (p<0.05) with delta 

troponin at pre-PCI (t0), 19 lipid species were significantly associated with delta troponin at 2 h 

post-PCI (t1), and four lipid species were significantly associated with delta troponin at 24 h post-

PCI (t2). Notably, all the significant lipid associations at pre-PCI (t0) were negative except for 

acylcarnitine 18:2, which was positively associated with delta troponin (Figure-3. 4A). Similarly, 
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except for three lipid species, namely acylcarnitine 18:2, FA 18:2, and SM 38:2, all other lipids 

were significantly negatively associated with delta troponin at 2 h post-PCI (Figure-3.4B). These 

included mainly TG, PE, and PE(O) classes. Only four lipid species (Figure-3.4C) were associated 

with delta troponin at 24 h post-PCI (t2), and among them, two were LPC species (LPC 17:1 and 

LPC 18:0). In total, 33 lipids were identified, which significantly associate (p<0.05) with delta 

troponin across three time points. 

3.5.6 Lipids and the severity of myocardial IR injury  
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Figure-3.5: Lipid species and the extent of myocardial injury. (A-C) Log2 fold change of lipid 

abundance in top tertile (Tertile-3, n = 27) compared to lower tertiles (Tertile-1&2, n = 53) across 

different time points. (D-F) Log2 fold change of lipid abundance in MACE group (n = 13) 

compared to óNo eventsô group (n = 67) across different time points. The grey color represents the 

non-significant lipid species, and the green color represents the significant (p<0.05) lipid species. 

P values are by Student's unpaired t-test. Abbreviations: FC, fold change; AC, Acylcarnitine. 

Next, we examined whether the delta troponin-associated lipids could determine the severity of 

myocardial injury in STEMI patients. In this regard, firstly, we classified the STEMI patients into 

two groups based on their delta troponin values (Figure-3.4D and Supplementary Table S15).  

Figure-3.5A-C compares the direction, magnitude, and statistical significance of delta troponin-

associated lipids between the top tertile (æ cTnT >3400 ng/L) and the bottom (lower) tertile (Ò 

1070 ng/L). Among the ten delta troponin-associated lipids at pre-PCI, only one lipid - 

acylcarnitine 18:2 - was higher in the top tertile (Figure-3.5A). The rest of the lipids (9/10) were 

lower in abundance in the top tertile, and among them, PI 34:1 was significantly lower (p<0.05) 

in the top tertile. Ten out of 19 delta troponin-associated lipids at 2 h post-PCI differed significantly 

between the two tertiles (Figure-3.5B). Of these 10 lipids, the level acylcarnitine 18:2 was 

significantly higher (p<0.05) in the top tertile. The rest, mainly comprising TG species, were 

significantly lower (p<0.05) in the top tertile. Amongst the four delta troponin-associated lipids 

identified at 24 h post-PCI (Figure-3.5C), two of them, namely PI 34:0, and LPC 17:1, were 

significantly lower (p<0.05) in the top tertile compared to the lower tertile. The significance of 

these lipids with delta troponin values holds true even after adjusting for differences in the HDL 

levels between top and bottom tertiles (Supplementary Table S16).  
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We then examined the role of these delta troponin-associated lipids in major adverse 

cardiovascular events (MACE). We calculated the incidences of MACE (cardiovascular death, re-

hospitalization, myocardial infarction, and congestive heart failure) in our STEMI cohort. 

Accordingly, the STEMI patients were categorized into the MACE group (n=13) and the óNo 

eventsô group (n=67) (Supplementary Table S17). As shown in Figure-3.4E, the delta troponin 

values differed significantly (p<0.05) between the MACE and óNo eventsô groups. Figure-3.5D-

F compares the direction, magnitude, and statistical significance of delta troponin-associated lipids 

between the two groups. Notably, except for one lipidï PC 32:0 ï all other lipids followed the 

same direction (higher/lower) similar to the top vs. lower tertile comparison. Interestingly, two 

lipid species, namely acylcarnitine 18:2, and TG 51:0, which differed significantly (p<0.05) 

between the top and lower tertile of delta troponin at 2 h post-PCI (Figure-3.5B), exhibited a 

similar significant distinction (p<0.05) between MACE and the óNo eventsô group at the same 

period (Figure-3.5E). Likewise, LPC 17:1 which differed significantly (p<0.05) between the top 

and lower tertile of delta troponin at 24 h post-PCI (Figure-3.5C), followed the same trend in 

MACE vs. óNo eventsô comparison (Figure-3.5F). The above-described analysis based on delta 

troponin tertiles and MACE groups demonstrated that three lipid species, namely acylcarnitine 

18:2, TG 51:0, and LPC 17:1, significantly associate (p<0.05) with delta troponin, and their levels 

differed significantly (p<0.05) between patients with sizeable myocardial injury and patients with 

lesser myocardial injury. The significance, timing, and direction of change of these cardiac-

specific lipids remained the same in MACE vs. óNo eventsô comparison as well.  
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3.5.7 Early vs. late phase of reperfusion 
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Figure-3.6: Lipid species at the late reperfusion phases. (A) Study design: In a subset of the 

population (n=30), the samples were collected by venipuncture at two additional time points; 48 h 

post- PCI (t3) and 30 days post-PCI (t4). (B-G) Distribution of specific lipid species and lipid 

classes in the early (pre-PCI, 2 h, 24 h) and late phases (48 h, 30 days) of reperfusion. The black 

line represents the mean of lipid species/classes. The p values were obtained by repeated measures 

analysis of variance (ANOVA) followed by pairwise comparisons after Bonferroni adjustment. 

Asterisks (z , ᶻ z and ᶻᶻᶻ) indicate statistical significance at p<0.05, p<0.01, and p<0.001, 

respectively, to the baseline (pre-PCI). 

We prospectively followed a subset of our cohort (n=30) for another 30 days (Figure-3.6A) to 

detect the changes in the three cardiac-specific lipids from early to late reperfusion. We observed 

that specific patterns characterize these lipids during early and late reperfusion phases.  Except TG 

51:0 and total TG, the levels of these cardiac-specific lipid species (acylcarnitine 18:2, LPC 17:1) 

as well as their respective whole class amount, including total acylcarnitine, and total LPC, 

progressively decreased up to 48 h after PCI before climbing again (Figures-3.6B-E). Though 

levels of TG 51:0 and total TG decreased immediately after PCI (Figures-3.6F-G), their levels 

sharply rose after 2 h of reperfusion, reached the maximum over the next 24 h (24 h post-PCI), 

and then plummeted again in the late phases of reperfusion (48 h and 30 days post-PCI). In short, 

the plasma lipid levels of acylcarnitine 18:2, LPC 17:1, and TG 51:0 as well as their respective 

whole class amount differed significantly (p<0.05) at late reperfusion phase (48 h post-PCI) 

compared with pre- PCI. 
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3.5.8 Comparison with controls subjects 
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Figure-3.7: Significantly perturbed lipid species identified in patients with STEMI compared 

to controls. (A-F) Distribution of specific lipid species and lipid classes among the STEMI (pre-

PCI) and control groups. P values are by Student's unpaired t-test. Asterisks (z, z  zand z ᶻᶻ) indicate 

statistical significance at p<0.05, p<0.01, and p<0.001, respectively, after Studentôs t-test. 

Next, we examined whether the concentration of these cardiac-related lipid species/classes in the 

STEMI patients at the time of presentation (pre-PCI) is comparable with that of an age and gender-

matched control population without any intervention. Based on Studentôs unpaired t-test, the levels 

of acylcarnitine 18:2 and total acylcarnitine were significantly higher (p<0.05) in the STEMI group 

relative to the control subjects (Figure-3.7A-B). Likewise, the concentration of individual LPC 

17:1 , as well as the total LPC amount, were also significantly higher (p<0.05) in the STEMI group 

relative to the control subjects (Figure-3.7C-D). No significant differences were noted for TG 

51:0, and its respective total class amount between the two groups (Figure-3.7E-F). 

3.6 Discussion 

This study elucidated a detailed lipidomic map of human plasma during myocardial ischemia and 

reperfusion.  Given that there are currently no clinical therapies for reperfusion injury, we sought 

to understand the temporal changes in plasma lipids before and after reperfusion and their 

correlation with clinical markers of cardiac injury. The vast majority of research in the 

pathophysiology of ischemia/reperfusion (IR) injury has focused on the genetic and protein 

expression changes during reperfusion, with little to no attention given to the sizeable myocardial 

lipid pool that harbors profound biological activity. This may be why there are still no proven 

therapeutic options that allow for lowering the cardiotoxic effects of reperfusion injury. Our study 

is unique as it allows for the determination of the dynamic changes in circulating lipidome as a 

whole before and after reperfusion and its association with myocardial reperfusion injury. The IR 
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injury not only affects the ischemic organ alone (here, heart), but may also cause systemic damage 

to other organs, and can possibly lead to multiorgan dysfunction. Therefore, we have used cardiac 

biomarkers such as troponin and cardiovascular outcomes to select cardiac specific lipid molecules 

that are important during reperfusion and are less impacted by non-cardiac factors. Also, we 

employed a repeated measure study design in which the lipid values were measured on the same 

subject serially over time. In repeated measures designs, each subject serves as their own control. 

This helps control factors that cause variability between subjects, including diet and medications, 

and helps focus more precisely on the lipidomic changes due to intervention (PCI). 

The most striking observation in this study was that myocardial ischemia followed by reperfusion 

results in significant shifts within the plasma lipidome. We found that 56% of the circulating lipid 

species were significantly altered (corrected p<0.05) in the first 24 h after PCI in STEMI patients. 

In the acute phase of reperfusion (t1 vs. t0), there was an overall decrease in the majority of lipid 

classes/subclasses, including phospholipids. In line with this notion is the observation that in 

animal models of cerebral ischemia/reperfusion, there is a significant reduction in blood plasma 

phospholipids during reperfusion16. The authors attributed it to oxidative stress and activation of 

phospholipases following reperfusion. In a study to examine the effects of ischemia/reperfusion 

on rat hearts, Paradies et al. demonstrated a similar reduction in plasma lipids. They ascribed it, in 

part, to lipid peroxidation of unsaturated fatty acids by oxygen free radicals17. The lone lipid class 

in our study that was significantly increased (corrected p<0.05) immediately after reperfusion was 

oxidized phospholipids (OxPL). In an in vivo model of renal IR injury, we previously showed that 

OxPL species are produced in kidney tissue during renal IR injury. Their levels increase with the 

increase in reperfusion time11. In patients with stable angina pectoris, Tsimikas and colleagues18 

showed that circulating OxPL levels were elevated immediately after PCI. OxPLs have been 
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recognized as toxic oxidative by-products of oxidative damage derived from sources of cellular 

injury such as plaque disruption and myocyte death10. The increased level of OxPL after 

reperfusion may reflect the increased oxidative stress immediately after reperfusion. 

At the class level, the most substantial change in the first 24 h after PCI (t2 vs. t0) was observed 

for free fatty acids (FA), followed by neutral lipids (DG, TG) and oxidized phospholipids.  The 

increase in circulating neutral lipids after PCI coincided with the decrease in free fatty acids 

(Figure-3.1F, 2C). The same trend was observed for individual molecular species from these lipid 

classes as well. This indicates the presence of an active triglyceride-fatty acid-triglyceride cycle 

during myocardial ischemia/reperfusion19. Our findings also agree with the work by Saddik et al., 

who showed significant enhancement in triglyceride synthesis during reperfusion of ischemic rat 

hearts. They showed that despite an initial burst of fatty acid ɓ-oxidation, the rate of triglyceride 

lipolysis is not accelerated during reperfusion and was comparable to non-ischemic hearts 20. This 

partly explains why triglyceride levels are not accompanied by a similar increase in circulating 

free fatty acids following reperfusion. Our results also showed that circulating fatty acids were 

elevated during ischemia (pre-PCI) compared to reperfusion (post-PCI). This observation is 

consistent with a recent study by Feng et al., which reported a decrease in circulating fatty acids 

with increased reperfusion time21. The heart is the most metabolically active organ in the human 

body, and under normal conditions, free fatty acids are the primary energy source for cardiac ATP 

production. However, during myocardial ischemia, these fatty acids are detrimental both clinically 

and experimentally. The detrimental effects are mainly due to inhibition of myocardial glucose 

utilization and accumulation of toxic intermediates of fatty acid metabolism, including long-chain 

acylcarnitines22,23.  Mounting evidence suggests that the potential contributors to elevated levels 

of circulating fatty acids during myocardial ischemia are degradation of endogenous lipids such as 
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triacylglycerols or phospholipids and release of stress hormones such as epinephrine and 

catecholamines12,20,24.  After acute MI, the elevated free fatty acids levels are of clinical importance 

related to reduced cardiac efficiency, increased risk of arrhythmias, and sudden death 20,22,23. 

In most biological systems, the primary function of lipids is to serve as structural components of 

cell membranes. However, oxygen free radicals produced during reperfusion can cause membrane 

damage and contribute to reperfusion injury25. A comparison of saturation degree and chain length 

of fatty acids of major structural lipids (PC, PE, PI, and SM) before and after reperfusion can 

determine which lipid class is more prone to oxidation. Only a small number of PC species altered 

before and after reperfusion. Nevertheless, PE, PI, and SM showed great shifts between different 

time points during reperfusion (Figure-3.3A-D). This suggests that PC species are likely more 

resistant to oxidative stress than other membrane phospholipids and offer resistance to damage in 

order to maintain membrane integrity26. For PC species, the most extensive alteration was shown 

by 34ï36 carbon atoms and 4ï6 double bonds. For PE species, the most considerable alteration 

was shown by 40 carbon atoms and an unsaturation degree of 5ï6. For PI species, all were altered; 

and for SM species, 37:2 showed the maximum diversity. We have previously shown that PI 

species are much more rapidly oxidized as LDL undergoes lipid oxidation. During 36 h of copper 

oxidation, there is a rapid loss of polyunsaturated PI species and the generation of oxidized PI 

species, which in terms of proportion are many folds higher than the generation of oxidized PC 

species within LDL27. This is in proportion to PIsô large polyunsaturated content compared to PCs. 

In this study, PC and PE species with a medium-to-long acyl chain (34-40) and four, five, or six 

double bonds have shown alteration following reperfusion, likely as a result of susceptibility to 

oxidative stress.  
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Because of its high sensitivity and specificity, cardiac troponins are considered "gold standard" 

biomarkers for myocardial damage28. In order to assess the ongoing myocardial tissue loss after 

reperfusion, we utilized the delta troponin post revascularization. This allowed us to determine the 

lipids that correlated with ongoing myocardial injury subsequent to revascularization. We found 

that 33 lipids associated with delta troponin at different time points (pre-PCI, 2h post-PCI, 24 h 

post-PCI) following adjustment for age, sex, BMI, current smoking status, diabetes history, and 

ischemic time (Figure-3.4A-C). Three of these lipids, namely, acylcarnitine 18:2, TG 51:0, and 

LPC 17:1, could also stratify patients based on the severity of cardiac injury (Figure-3.5A-C). 

They could also stratify those at increased risk of in-hospital cardiovascular events from regular 

ones (Figure-3.5D-F).  Also, their levels in the late reperfusion phase (48 h post-PCI) were 

significantly different (p<0.05) from pre-PCI levels (Figure-3.6B-G). In addition, among these 

cardiac-related lipids, the levels of acylcarnitine 18:2, and LPC 17:1 as well as their respective 

whole class amount were significantly higher (p<0.05) in the STEMI population at the time of 

admission compared to the age and gender-matched control subjects (Figure-3.7A-D). This points 

to the fact that not all cardiac-related lipids identified as significant during reperfusion can be used 

as biomarkers to distinguish control subjects from STEMI patients. Of these, acylcarnitine 18:2 

notably exhibited a positive association with delta troponin value at pre-PCI and 2 h post-PCI. Our 

previous non-targeted metabolomics study has shown that plasma levels of acylcarnitine 18:2 

could determine the extent of cardiac injury in STEMI patients13. The long chain acylcarnitines 

are intermediates of fatty acid metabolism29. Their elevated circulating levels are widely used as 

diagnostic markers of fatty acid oxidation disorders30. A growing corpus of literature highlights 

the impacts of long-chain acylcarnitines on various aspects of cardiovascular pathophysiology, 

such as cardiovascular death, acute MI, and stroke31,32. In addition, it was shown that inhibition of 
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acylcarnitine accumulation could attenuate the incidence of lethal arrhythmias and contractile 

deficits following acute ischemia33. Many previous studies revealed that saturated long-chain fatty 

acids activate some pattern recognition receptors (PRRs), such as toll-like receptor 2 (TLR2) and 

TLR434,35. These findings result in the conclusion that acylcarnitines have the potential to mediate 

inflammation. Rutkowsky et al. later confirmed this finding and showed that medium and long-

chain acylcarnitines activate pro-inflammatory signaling pathways, including PRRs36. Our 

findings, therefore, fortify the role of acylcarnitines in cardiac injury and subsequent inflammation. 

There are extensive in vitro and animal studies showing that reperfusion results in fatty acid 

accumulation. However, when the TG levels increase due to limited FA oxidation, as occurs in 

several pathological conditions, it can contribute to cardiac dysfunction and worsening contractile 

function37. Even though both plasma CE and TG are predictors of the development of CAD and 

poor outcomes, there are conflicting reports on the changes of plasma TG during acute MI38 and 

specifically reperfusion.  We identified ten triglyceride species with shorter carbon length and 

fewer double bonds (0,1,2) correlated with delta troponin at 2 h post-PCI. They were all negatively 

associated with delta troponin at 2 h post-PCI even after adjusting for clinical risk factors, 

including diabetes. TG 51:0 is also associated with the risk of adverse cardiovascular events. This 

finding agrees with prior studies demonstrating that specific triglycerides with a low carbon 

number and double-bond content were predictive of CVD8,39. The same triglyceride pattern was 

associated with BMI and abdominal adiposity in a metabolomics study among Framingham 

Offspring Cohort40. Together, these findings suggest a relationship between triglycerides acyl 

chain content with cardiac injury in the setting of IR injury. 

Two LPC species at 24 h post-PCI, namely LPC 17:1 and LPC 18:0, displayed negative 

associations (p<0.05) with delta troponin. Supporting this observation, Meikle et al. have 
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previously shown that LPC species containing saturated fatty acids were strongly associated with 

CAD9. LPCs are a well-recognized group of pro-inflammatory lipids41 whose levels in human 

circulation indicate atherosclerotic plaque inflammation and endothelial dysfunction41,42. Here, the 

levels of LPC 17:1, as well as the total LPC amount, were significantly higher (p<0.05) in the 

STEMI population (pre-PCI) compared to control subjects. Elevated levels of LPC in circulation 

can result from the increased degradation of PC on lipoprotein particles via the action of enzymes 

such as lipoprotein-associated phospholipase A2 (Lp-PLA2)41,43. Lp-PLA2, itself is a marker of 

vascular inflammation44 and suggests a pro-inflammatory role for LPC in the setting of IR injury. 

3.7 Limitations of the study 

One limitation of our study is the small sample size. We have mitigated this by utilizing repeated 

measures analysis, which allows subjects to act as their control, mitigating the risk of confounding 

factors.  The observed associations and relationships between cardiac-specific lipid markers in this 

manuscript should be considered hypothesis-generating. Hence, further confirmatory studies in 

independent cohorts and preclinical and clinical models of myocardial ischemia and reperfusion 

are needed to understand better the mechanistic link between the lipids identified in this report and 

reperfusion injury. 

Conclusions 

This study presents a detailed overview of the temporal changes in plasma lipidome in a clinical 

setting of myocardial reperfusion injury in humans. In short, reperfusion results in dramatic 

changes in the plasma lipidome. We identified significantly altered lipid classes/subclasses and 

lipid species before and after reperfusion. While a small number of the identified lipids have been 

previously shown to associate with coronary artery disease (e.g., PE(O-38:5)), most lipid changes 

are novel in the setting of human I/R injury. We also identified three lipids, representing three lipid 
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classes, associated with the severity of myocardial injury independent of other traditional CVD 

risk factors. These three lipids were also discriminatory for adverse cardiovascular events, 

suggesting their clinical relevance in the setting of IR injury, but further work is necessary to 

validate any of these findings.  
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3.8 STAR Methods 

RESOURCE AVAILABILITY  

Lead contact 

Further information and requests for resources should be directed to and will be fulfilled by the 

Lead Contact, Dr. Amir Ravandi (aravandi@sbgh.mb.ca). 

Materials availability  

This study did not generate new unique reagents. 

Data and code availability 

The lipidomics data have been deposited to the publicly available EMBL-EBI MetaboLights 

database with the identifier MTBLS3839. This paper does not report original code. Any additional 

information required to reanalyze the data reported in this paper is available from the lead contact 

upon request. 

3.8.1 Experimental model and subject details 

Venous blood samples were collected from 80 patients undergoing primary PCI for STEMI 

between January 2017 and June 2018. The diagnosis of STEMI was based on presentation with 

chest pain, confirmation of ST-elevation on 12-lead ECG, and documentation of occluded 

coronary artery with coronary angiography. The samples were collected from STEMI patients 

(n=80) by venipuncture at three time points. The time points include the time of presentation at 

cardiac catheterization laboratory, but before reperfusion (pre-PCI), 2 h post successful reperfusion 

(2 h post-PCI), and 24 h post successful reperfusion (24 h post-PCI). To better understand the late 

response to reperfusion, in a sub-section of the STEMI cohort (n=30), blood samples were 
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prospectively collected at two additional time points, including 48 h after reperfusion (48 h post-

PCI) and 30 days post successful reperfusion. For the age/sex-matched comparison population 

(n=50), blood from patients referred for diagnostic coronary angiography without any evidence of 

coronary disease was collected after angiography. Plasma was collected after centrifugation 

(2,500g, 5 min, 4°C) and was immediately stored at - 80°C until required. The average time 

between blood collection to plasma separation and aliquoting was less than 20 min. The study was 

approved by St. Boniface General Hospital and the University of Manitoba Research Ethics Board. 

Written informed consent was obtained from all study participants, and the study was conducted 

in compliance with the principles of the Declaration of Helsinki. 

METHOD DETAILS  

3.8.2 Lipid Standards and Solvents   

Tetrahydrofuran, methanol (Optima LC/MS grade), and water were purchased from Fisher 

Chemical (Mississauga, ON). Ammonium formate and 1-butanol (analytical grade) were 

purchased from Sigma-Aldrich (St Louis, MO, USA). Chloroform (analytical grade) was 

purchased from Millipore Sigma (Oakville, ON). Lipid internal standards (ISTD) for 

dihydroceramide (dhCer 8:0), ceramide (Cer 17:0), sphingomyelin (SM 12:0), 

lysophosphatidylcholine (LPC 13:0), phosphatidylcholine (PC 13:0_13:0), oxidised phospholipids 

(PC 9:0_9:0), lysophosphatidylethanolamine (LPE 14:0), phosphatidylethanolamine (PE 

17:0_17:0), phosphatidylglycerol (PG 17:0_17:0), and phosphatidylserine (PS 17:0_17:0) were 

purchased from Avanti Polar Lipids (Alabaster, AL, USA). Acylcarnitine (Acylcarnitine 3:0 (d5), 

Acylcarnitine 14:0 (d3)), cholesteryl ester (CE 18:0 (d6)), and fatty acid (FA 15:0 (d3)) were 

purchased from CDN Isotopes (Pointe-Claire, QC). Diacylglycerol (DG 15:0_15:0) was purchased 

from LGC Standards (Manchester, NH, USA). Monohexosylceramide (HexCer 16:0 (d3)), 
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dihexosylceramide (Hex2Cer 16:0 (d3)), and trihexosylceramide (Hex3Cer 17:0) were purchased 

from MJS BioLynx (Brockville, ON,). Triacylglycerol (TG 17:0_17:0_17:0) was purchased from 

Sigma-Aldrich (St Louis, MO, USA). Synthetic standards for phosphatidylcholines (PC) 

containing oxidized phospholipids (OxPL) such as 1-palmitoyl-2- (5-oxovaleroyl)-sn-glycero-3-

phosphocholine (POVPC), 1-palmitoyl-2-(9-oxo)nonanoyl-sn-glycero-3-phosphocholine 

(PONPC), 1-palmitoyl-2-glutaroyl-sn-glycero-3-phosphocholine (PGPC), and 1-Palmitoyl-2-

azelaoyl-sn-glycero-3-phosphocholine (PAzPC) were obtained from Avanti Polar Lipids. 1-

(palmitoyl)-2-(5-keto-6-octene-dioyl)-3-phosphocholine (KOdiAPC), and 1-palmitoyl-2-(4-keto-

dodec-3-ene-dioyl)-sn-glycero-3-phosphocholine (KDdiAPC) were purchased from Cayman 

Chemicals (Ann Arbor, MI, USA). Cholesteryl ester (CE) and fatty acid (FA) synthetic standards 

were purchased from Nu-Chek-Prep (Elysian, MN, USA). 

3.8.3 Lipid Extraction 

Lipid extraction was done using chloroform and methanol9,45. Briefly, plasma samples were 

thawed, and 10 µl of plasma was dispensed to a 1.5 ml polypropylene tube (Eppendorf). To the 

tube, 30 µl of lipid internal standards (ISTD) in chloroform/methanol (1:1, v/v) was added 

alongside 200 µl of chloroform/methanol (2:1, v/v). Supplementary Table S1 contains the 

complete list of lipid abbreviations. ISTDs were either odd-chain or deuterated and are not present 

endogenously (Supplementary Table S2). The mixture was vortexed on a rotary mixer for 10 min 

and sonicated in a water bath at room temperature (RT) for 30 min. The mixture was subsequently 

allowed to settle for 20 min and then centrifuged (20,000g, 20 min, RT). The upper lipid-

containing phase was transferred into a clean polypropylene tube and dried under a stream of 

nitrogen gas at room temperature. Lipids were reconstituted in 50 µl water-saturated 1-butanol and 

sonicated for 10 min. Finally, 50 µl of 10 mM ammonium formate in methanol was added to the 
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final lipid extract. The extract was centrifuged (10,000g, 10 min, RT), and 80 µl of the supernatant 

was transferred into the micro insert in sample vials for lipid analysis. 

3.8.4 Lipid Separation 

Lipids were separated on a reverse-phase liquid chromatography-electrospray ionization tandem 

mass spectrometry (LC/ESI-MS/MS) platform using a Prominence chromatographic system 

(Shimadzu Corporation, OR, USA). Instrument control and data processing were done with 

Analyst v1.6 and MultiQuant v2.1 software (AB Sciex, MA, USA). The separation was achieved 

on a Zorbax C18, 1.8 ɛm, 50 Ĭ 2.1 mm column (Agilent Technologies, Mississauga, ON). The 

flow rate was set to 300 µl/min using a linear gradient of mobile phase A and mobile phase B. 

Mobile phase A and B consisted of tetrahydrofuran, methanol, and water in the ratio 20:20:60 

(v/v/v) and 75:20:5 (v/v/v), respectively. Both A and B contained 10 mM ammonium formate. The 

elution program was as follows: start with 0% solvent B; increase to 100% B at 8.00 min; 

maintained at 100% B for 2.5 min; and back to 0% B over 0.5 min. The column was finally re-

equilibrated to the starting conditions (0% mobile phase B) for 3 min before the next sample 

injection. Diacylglycerol (DG) and triacylglycerol (TG) species were separated in an isocratic 

fashion (100 µl/min) by employing 85% mobile phase B over 8 min. The analytical column and 

autosampler were maintained at 50°C and 25°C, respectively, during the analysis. The injection 

volume was 5 µl. 

3.8.5 Mass Spectral Analysis 

Lipids eluted from the HPLC system were introduced into the AbSciex 4000 QTRAP triple 

quadrupole linear hybrid mass spectrometer. The mass spectrometer was operated in scheduled 

Multiple Reaction Monitoring (MRM) mode. In total, 322 unique lipids spanning 25 different lipid 

classes/subclasses were screened for targeted semi-quantitation (Supplementary Tables S3). All 
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lipid species other than fatty acids were scanned in positive electrospray ionization mode [ESI+] 

mode. The individual lipids in each lipid class were identified by lipid class-specific precursor ions 

or neutral losses (Supplementary Table S2). Lipids were then quantified by comparing the 

deisotoped lipid peak areas against those of the class-specific ISTDs added before lipid extraction. 

The linearity plot of lipid internal standards (ISTDs) in plasma is shown in Supplementary 

Figures S1-S3. Lipids were represented by the total carbon number of the fatty acids. The collision 

energy and declustering potential for each lipid class were fixed individually using flow injection 

analysis (Supplementary Table S3). In the ESI+ mode, the instrument settings were optimised as 

follows: curtain gas (psi), 26; collision gas (nitrogen), medium; ion spray voltage (V), 5500; 

temperature (°C), 500.0; ion source gas 1 (psi), 40.0; ion and source gas 2 (psi), 30.0. The MRM 

detection window was fixed between 45s and 90s depending upon the chromatographic peak width 

of the lipid class. Isobaric species within the same class, such as PC(O) and PC(P), exhibited clear 

separation in this method (Supplementary Figure S4-A). Also, molecular species within the same 

lipid class, which differ only in the number of double bonds, were well separated 

chromatographically (Supplementary Figures S4-B, S4-C).  MRM transitions were established 

to detect phosphocholine (PC) containing oxidized phospholipids (OxPL) molecules in ESI+ mode 

using a product ion of 184.3 m/z, matching the cleaved phosphocholine moiety. Six commercially 

available OxPL standards (PONPC, POVPC, PGPC, PAzPC, KOdiAPC, and KDdiAPC) were 

injected, and accurate peak assignments were made based upon retention times and mass 

transitions (Supplementary Figure S4-D). Additionally, M+1/M+2 isotopes were scanned for 

high-intensity lipid species to prevent detection saturation. The detection of neutral lipids, 

including CE, DG, and TG species in ESI+ mode, was reported using ammonium salts generated 

in the presence of ammonium formate contained in the mobile phase. 
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Correction factors: Generally, lipid species of the same class have the same response factors. 

Certain lipid classes, including DG, TG, and CE, present with a rather complicated mass spectrum 

due to the fragmentation of ammoniated adducts, leading to the loss of fatty acid(s) and ammonia45. 

Due to the differential fragmentation efficiency of different acyl chain lengths, there is a 

considerable variation in response factors between species in these classes. Consequently, 

additional correction factors (CF) were applied for these lipid species (Supplementary Table S3). 

In DG species, if both fatty acyl chains in DG species were different, we applied a correction factor 

(CF) of 0.5. For TG species, if all the three fatty acyl chains were different, we applied a correction 

factor of 0.33. If two of the three acyl groups were the same in TG, we applied a correction factor 

of 0.66. To calculate the instrument response for CE, we prepared an equimolar mixture of seven 

commercially available CE species comprising three compounds varying in chain length (CE 16:0, 

CE 20:0, and CE 20:0), two monounsaturated species (CE 16:1 and CE 18:1), and two 

polyunsaturated species (CE 18:2 and CE 20:4). CE 23:0 was used as an internal standard (100 

ɛM). After extrapolating for carbon chain length and double bonds, we found that saturated CE 

species were fitted by the following linear equation, y = 0.13x-0.71, where óyô is the response 

factor, and óxô is the carbon chain length. Monounsaturated species were characterized by the linear 

equation y=1.13x-0.23 and polyunsaturated species by y=-0.07x+1.54. Other lipid species were 

not corrected. 

Fatty acids: Acidic compounds, namely free fatty acids (FA), were detected in the negative ESI 

mode (ESI-) using a ñpseudo-molecularò multiple reaction monitoring (MRM) as previously 

described46. In the ESI- mode, ion source parameters including collision energy and declustering 

potential were optimized by flow injection analysis using commercially bought FA standards. 

Accordingly, the turbo ion spray voltage was set to ī4500 V and the source temperature to 500 
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ÁC. Nitrogen was used as collision gas, and its pressure was set to ñmediumò. The nebulizer gas 

was set to 40 psi, the auxiliary gas (GS2) to 30 psi, and the curtain gas to 26 psi. Thirteen 

commercially available FA standards were purchased, and accurate peak assignments were made 

based upon retention times and mass transitions. Two MRM transitions corresponding to the 

monoisotopic [M-H]- mass of the FA analyte were monitored for each FA. Though these MRM 

transitions have the same fragment and product ions, they differ in their collision cell parameters 

(Supplementary Figure S5).  The first MRM transition with a low collision energy was used for 

quantification, while the second MRM transition with increased collision energy provided an 

unambiguous FA identification. In short, the second MRM for each FA served as a second 

qualification parameter. 

3.8.6 Quality Control  

The study followed the guidelines outlined by the lipidomics consortium for analytical quality 

assurance47,48.  The plasma samples were randomized before analysis. The sample run order was 

given in Supplementary Table S4. Six injections of blank extracts, in the beginning, were used 

to identify the common contaminations. This study used two types of quality control (QC) samples 

to ensure analytical reproducibility and quality. A plasma quality control (PQC) sample was 

prepared by pooling equal aliquots (20 ɛl) from all samples. To assure the stability of the analytical 

platform, ten PQC samples were run at the beginning of each batch.  In addition, PQC samples 

were intermittently injected throughout each batch to monitor and compensate for inter-batch 

analytical variability. Also, lipid extracts without matrix (plasma), referred to as technical quality 

control (TQC) samples, were analyzed at even intervals during the analytical batch. They were 

used to monitor the technical variation in LC/MS over time. Additionally, four replicate injections 
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of a global shared reference sample (NIST SRM 1950 plasma47) were included in each analytical 

batch to enable future comparison with different datasets.  

3.8.7 Data Pre-Processing and Batch Alignment 

The samples were run in multiple analytical batches, and each batch contained 60 study samples. 

There were twenty PQC samples within an analytical batch, six TQC samples, four SRM samples, 

and twelve blank extracts. The mass spectrometerôs source was cleaned after two successive 

batches. To compensate for time-dependent drifts and batch variations, we used a PQC based 

normalization method known as systematic error removal using random forest (SERRF) as 

previously described49. The ratio of study samples to PQC samples was kept at 10:1. After batch 

correction, lipids were considered reproducible only if their coefficient of variation (CoV) among 

PQC samples was <20% and their highest mean was not in the blank extracts. Outliers with CoV 

<20% were removed (n=31), and only 291 lipid species were found eligible for subsequent 

downstream analysis. Principal component analysis (PCA) was used to evaluate the data 

consistency for all samples across all batches (Supplementary Figure S6).  The tight clustering 

of identical samples (PQC, SRM) in the PCA plot validates the data quality after SERRF 

normalization.  

3.8.8 Quantification and statistical analysis 

Statistical analysis was done using the SPSS v24 (IBM Corporation, Armonk, NY, USA) software. 

Baseline participantsô characteristics were presented as mean Ñ SD for continuous variables with 

normal distribution, median (25th, 75th percentiles) for continuous variables with non-normal 

distribution, and count (percentage) for categorical variables. The normality assumption of data 

was checked using the Shapiro-Wilk test. Based on the data distribution, the Chi-square test was 

used to assess differences in data across groups for categorical variables, and the Mann-Whitney 
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U test or Studentôs t-test was used for continuous variables as applicable. All tests were 2-sided, 

and p values <0.05 were considered statistically significant.  

The lipid data were log-transformed before statistical analysis. A repeated measures analysis of 

variance (ANOVA) with a Greenhouse-Geisser correction was used to find the differentially 

regulated lipid species across time points. For pairwise comparisons, only corrected p< 0.05 were 

considered statistically significant. The ñcorrected pò denotes the false discovery rate (FDR) 

correction using the Bonferroni technique. The built-in ópheatmapô package in R statistical 

software v3.5.2 (https://www.r-project.org) was used to compute and draw the clustered heatmap. 

The general linear regression model in SPSS employing the óEnterô method was used to examine 

the associations between delta troponin (æ cTnT) and lipid species, adjusting for the other 

covariates. 

 

 

  

https://www.r-project.org/
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3.10 Supplementary data 

Supplementary Figure S1: Linearity plot of lipid internal standards (Cer 17:0, dhCer 8:0, PC 

13:0_13:0, PE 17:0_17:0, LPC 13:0, LPE 14:0, PS 17:0_17:0 and PG 17:0_17:0) in plasma 

(related to STAR methods) 

Serial dilutions of lipid internal standards (ISTDs) in a plasma quality control (PQC) sample 

were used to generate the response curves. Supplementary Table S1 contains the complete list 

of lipid abbreviations. 
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Supplementary Figure S2: Linearity plot of lipid internal standards (SM 12:0, HexCer 16:0 

(d3), Hex2Cer 16:0 (d3), Hex3Cer 17:0, Acylcarnitine 3:0 (d5), Acylcarnitine 14:0 (d3), 

Diacylglycerol (DG 15:0_15:0) and Triacylglycerol (TG 17:0_17:0_17:0)) in plasma (related to 

STAR methods) 
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Supplementary Figure S3: Linearity plot of cholesteryl ester (CE 18:0 (d6)), and fatty acid (FA 

15:0 (d3)) in plasma (related to STAR methods) 

 

 

 

  


























































































































































































