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Abstract 

Lipids are a structurally and functionally diverse group of essential biomolecules 

that play significant roles in maintaining cellular structure, regulating energy metabolism, 

and mediating signal transduction. Lipids are also involved in various physiological 

processes such as cell proliferation, apoptosis, immune responses, and inflammation, 

making them critical determinants of health and disease. Dysregulation of lipid 

metabolism is increasingly recognized as a hallmark of various diseases, including gut 

dysbiosis, obesity, and neurodegeneration. Altered lipid profiles also play crucial roles in 

the pathophysiology of these disorders, highlighting the need for detailed lipid-level 

investigations. The growing field of lipidomics, particularly untargeted approaches using 

high-resolution mass spectrometry, offers powerful tools for profiling lipid alterations 

and elucidating the complex roles of lipids in health and disease. Lipidomics enables the 

discovery of disease-specific lipid fingerprints and metabolic pathways, offering deep 

insights into disease mechanisms and aiding in the identification of novel lipid biomarkers 

for early diagnosis of the disease. Despite their significance, comprehensive lipidomic 

analyses across multiple disease conditions remain limited in biomarker research. This 

thesis addresses the gap by employing an untargeted liquid chromatography coupled mass 

spectrometry (LC/MS)-based lipidomics strategy across multiple biological contexts to 

uncover novel lipid biomarkers associated with metabolic and neurodegenerative 

disorders, including exploring the therapeutic potential of natural bioactive lipids as anti-

obesity agents. 

Chapter one provides an overview of lipids, their classification, and their 

essential roles in health and disease. The chapter also highlights the use of an untargeted 

LC/MS technique to profile lipid alterations in complex biological systems, emphasizing 

the significance of lipidomics in biomarker research. The chapter highlights the current 

limitations in applying comprehensive lipidomic analyses across multiple disease 

contexts for novel biomarker discovery. This chapter establishes a foundation for 

understanding how lipidomic analysis can be leveraged to investigate disease 

mechanisms and discover novel biomarkers for early diagnosis, therapeutic monitoring, 

and disease stratification. 

In Chapter two, an untargeted LC/MS-based lipidomics technique was used to 

investigate the sex-specific effects of ethanol on the colonic lipidome in a murine model. 

A total of 186 lipid species were identified, revealing distinct lipidomic profiles between 

pair-fed and ethanol-fed groups in male mice compared to female mice. This study offers 

new insights into the sex-dependent lipidomic responses to alcohol-induced gut-

dysbiosis, highlighting potential lipid biomarkers such as PG (O-15:1/15:0) and PE (O-

18:2/15:0) in both sexes upon ethanol exposures.  
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Chapter three transition to human samples, leading to the identification of novel 

gut microbial lipids. Through untargeted LC/MS analysis, 26 isomeric lipid species, 

including short- and medium-chain esters of hydroxy fatty acids (SFAHFAs and 

MFAHFAs), were detected. Notably, two new MFAHFAs were identified and 

characterized for the first time in human fecal samples. These findings provide the first 

evidence on unique microbial lipids, opening new avenues for exploring their 

physiological roles. 

Chapter four describes the use of untargeted lipidomics in exploring lipid 

alterations in neurodegenerative disorders. Lipidomic analysis of saliva, plasma, and fecal 

samples from stage-specific groups of Alzheimer's disease (AD) revealed dynamic 

alterations in lipid profiles across disease stages in older adults. The study identified 

medium-chain fatty acids containing triacylglycerol as a potential early-stage non-

invasive lipid biomarker for mild cognitive impairment patients. In parallel, brain 

lipidome alterations in AD, Parkinson’s disease (PD), and Huntington’s disease (HD) 

reveal distinct lipid profiles and highlight disease-specific lipid biomarker such as 

AHexCer (d(O-18:1)18:1/15:0;O), PC (O-22:5/19:3), and PS (O-17:0/22:6) that could aid 

in distinguishing these neurodegenerative disorders. 

Chapter five focused on analyzing plasma samples of pre-adolescent children in 

the Hokkaido region using high-resolution LC/MS to explore lipidomic variations 

associated with sex, age, and overweight status. The untargeted lipidomics approach 

enabled the characterization of 219 lipid species, revealing distinct patterns across 

developmental stages and weight groups. The study revealed that overweight status 

influences plasma lipid composition in early childhood and identified TG 

(10:0/10:0/18:1) as a potential lipid biomarker associated with childhood obesity. 

Chapter 6 investigates the therapeutic potential of seaweed-derived bioactive 

lipids by identifying a natural sphingomyelin synthase (SMS) inhibitor from Undaria 

pinnatifida (wakame). Through a combination of structural characterization techniques 

and in-vitro SMS assays, FA 20:5 was confirmed as the potent bioactive compound in 

wakame extract responsible for the inhibition of both SMS1 and SMS2. This study 

highlights the discovery of natural anti-obesity agents, offering new insights into lipid 

metabolism-related therapeutic strategies.  

Overall, this thesis demonstrates the broad applicability of untargeted lipidomics 

in uncovering lipid biomarkers across gut dysbiosis, obesity, and neurodegenerative 

disorders. By integrating multi-disease approaches, this work advances our understanding 

of lipid dysregulation and its role in disease pathogenesis, offering new avenues for 

diagnosis and intervention. 
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1.1 Overview of lipids and their classification 

Lipids are a highly diverse and widely distributed class of hydrophobic or 

amphipathic molecules that are insoluble in water but soluble in organic solvents [1]. 

These molecules are vital to biological systems and are among the major constituents in 

various daily products such as food, pharmaceuticals, and cosmetics. Their unique 

physicochemical properties and diverse bioactive potential make them essential for 

various physiological processes and industrial applications, as shown in Figure 1.1 [2]. 

Lipids are essential molecules that serve as major structural components of cellular 

membranes and are actively involved in numerous physiological processes. These include 

cell signaling, immune modulation, energy production and storage, protein folding and 

trafficking, as well as the maintenance of cellular and systemic homeostasis [3].  

Recent advancements in analytical techniques, particularly in mass spectrometry 

(MS) and chromatographic separation, have significantly enhanced the precise 

identification, structural elucidation, and quantification of thousands of lipid species 

across various biological systems [4]. To bring order to the immense structural and 

functional diversity of lipid molecules, the Lipid Metabolites and Pathways Strategy 

(LIPID MAPS) consortium introduced a widely accepted classification system that 

organizes lipids based on their source, chemical structure, and biological functions. 

According to the LIPID MAPS structure database, over 49,667 lipid molecular species 

have been identified as of April 9, 2025 (https://www.lipidmaps.org/), encompassing both 

manually curated entries and structures generated through computational methods [1].  

These lipids are systematically classified into eight major categories, such as fatty 

acyls (FAs), glycerolipids (GLs), glycerophospholipids (GPs), sphingolipids (SPs), sterol 

lipids (STs), prenol lipids (PRs), saccharolipids (SLs), and polyketides (PKs) 

encompassing both manually curated entries and structures generated through 

computational methods [5]. Structural representations of these lipid subclasses are 

illustrated in Figure 1.2, which underscores the chemical diversity and functional 

specialization across lipid classes.  

https://www.lipidmaps.org/
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Figure 1.1: Overview of lipid applications across various fields. 

 

Figure 1.2: Representative structures of the 8 main sub-classes of lipids. 
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1.2 Lipids in Health and Disease 

Lipids are vital components of human health, providing a primary energy source 

and playing key roles in numerous biological functions. They are critical for cell structure, 

function, and energy, as well as for organs and body insulation and protection. Beyond 

their role as energy reservoirs, lipids are involved in structural organization and 

compartmentalization of cellular organelles, cell differentiation, protection, induction, 

and resolution of acute and chronic inflammation [6]. Dysregulation in lipid metabolism 

has been reported in various diseases, such as cancer, obesity, diabetes, cardiovascular 

diseases (CVD), and neurodegenerative disorders (NDs) [7]. This highlights the roles of 

lipids in various biological conditions and suggests that lipids might be potential 

therapeutic targets in health and disease.  

1.2.1 Fatty Acyls 

FAs are fundamental building blocks of complex lipids, characterized by a 

hydrocarbon chain attached to a terminal carboxyl group. These molecules include 

various types of fatty acids, such as saturated fatty acids (SFAs), monounsaturated fatty 

acids (MUFAs), and polyunsaturated fatty acids (PUFAs), as well as their oxidized and 

conjugated forms. FAs are crucial for a wide range of biological processes, including 

energy storage, cellular structure maintenance, and regulation of signaling pathways [8]. 

Short- and medium-chain fatty acids (SCFAs and MCFAs), along with more abundant 

long-chain fatty acids (LCFAs), are found in both animal and plant tissues, where they 

contribute to cellular metabolism [9].  

SFAs have been linked to CVD due to their increasing tendency to aggregate 

tightly in aqueous environments, leading to the deposition of lipid plaques on arterial 

walls [10]. On the other hand, PUFAs are particularly important as signaling molecules 

that help maintain physiological homeostasis [11]. Specifically, ω-6 PUFAs (eg., FA 18:2 

and FA 20:4) are involved in cell signaling and are known for their pro-inflammatory 

effect, while ω-3 PUFAs (eg., FA 18:3 and FA 20:5) have demonstrated beneficial effects 

in managing chronic inflammation and metabolic disorders [12-13]. Furthermore, 

oxidation products of PUFAs, such as eicosanoids, serve as important signaling molecules 

involved in metabolic regulation. 
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1.2.2 Glycerolipids 

GLs are a class of lipids composed of a glycerol backbone esterified to one, two, 

or three fatty acyl chains, forming mono-, di-, and tri-acylglycerols (MGs, DGs, and TGs), 

respectively. These molecules are primarily found in adipose tissue and serve as an 

important reservoir of metabolic energy [4]. Among them, TGs are the most abundant 

GLs and represent the major energy source of the human body upon oxidation [14]. These 

molecules are stored in the adipose tissue until extra energy is required. During energy-

demand periods, TGs are hydrolyzed by lipases to release free fatty acids and glycerol 

into the bloodstream, which also provides thermal insulation [15]. Besides their role in 

energy storage, excessive accumulation of TGs in adipose tissue leads to obesity, 

associated with an increased risk of metabolic disorders such as type 2 diabetes (T2D), 

CVD, and certain cancers [16-18].  

1.2.3 Glycerophospholipids 

GPs are a major class of membrane lipids composed of a glycerol backbone 

esterified with two fatty acid chains and a phosphate group linked to a polar head group. 

GPs include phosphatidylcholine (PC), phosphatidylethanolamine (PE), 

phosphatidylserine (PS), phosphatidylinositol (PI), phosphatidylglycerol (PG), and 

cardiolipin (CL). These molecules are fundamental constituents of biological membranes, 

where they play critical roles in maintaining membrane structure, fluidity, and stability, 

cell signaling, lipid metabolism, and mitochondrial function. These features allow the 

membrane to support key processes such as vesicular trafficking, signal transduction, and 

molecular transport [19,20]. Alterations in GPs metabolism have been linked to various 

health issues, including CVD, NDs, pulmonary, and mitochondrial dysfunctions [21-23, 

19]. 

1.2.4 Sphingolipids 

SPs are a class of complex lipids characterized by a sphingoid base, such as 

sphingosine, linked to a fatty acid and polar head group. SPs are essential structural 

components of cell membranes, which play a critical role in cellular signaling, membrane 

stability, and intercellular communication [24]. They are typically enriched in neural 

tissue and can be found in the outer layer of membranes, where they form lipid rafts 

associated microdomains involved in signal transduction, cell recognition, immune 
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response, and stabilization [10]. Functionally, SPs have been reported to have multiple 

biological functions. In the central nervous system, they are crucial for brain development 

and neuronal function. In the gastrointestinal tract, they regulate the oral absorption of 

dietary nutrients. In immune systems, SPs have been reported to function in the 

differentiation, maturation, and functional responses of immune cells, including B and T 

lymphocytes [25-27]. SPs are broadly categorized into ceramides (Cer), sphingomyelins 

(SM), and glycosphingolipids. Among these, SM and Cer are known to regulate the 

activity of protein kinases and phosphatases, while glycosphingolipids, including 

gangliosides, act as specific receptors for hormones and other molecules on cell surfaces 

[10, 28].  Alterations in SPs metabolism have been associated with various pathological 

conditions, particularly NDs, highlighting their importance in maintaining neural health 

[29]. 

1.2.5 Sterol lipids 

STs are composed of a rigid structure derived from 

cyclopentanoperhydrophenanthrene, consisting of three 6-membered and one 5-

membered fused, non-planar rings. This unique structure provides stability and rigidity, 

which is essential for their biological functions. STs play a crucial role in maintaining the 

structural integrity of cellular membranes, modulating membrane fluidity and 

permeability [20]. Among them, cholesterol is the most abundant and well-characterized 

STs, serving not only as a structural component of animal cell membranes but also as a 

regulator of membrane dynamics [30]. Beyond their structural roles, STs function as 

precursors for the biosynthesis of several important biomolecules, including steroid 

hormones, bile acids, and vitamin D. These derivatives are involved in a wide range of 

physiological processes such as metabolic regulation, immune responses, fluid and 

electrolyte homeostasis, and reproductive function [10]. 

1.2.6 Prenol lipids 

PRs are a diverse class of lipids derived from the polymerization of two or more 

isoprene units, typically composed of five-carbon building blocks. This class includes 

biologically significant subgroups such as carotenoids, retinoids, and quinones. These 

lipids are involved in several essential physiological processes. For instance, ubiquinones 

and plastoquinones serve critical roles in electron transport during cellular respiration and 
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photosynthesis, respectively [31]. Additionally, many PRs act as precursors for vitamins 

and hormones, such as vitamin A (retinol), vitamin E (tocopherol), and vitamin K 

(phylloquinone). Beyond their metabolic roles, PRs play an important role in cell 

protection under oxidative stress [31, 32]. 

1.2.7 Saccharolipids 

SLs represent a distinctive class of lipids in which fatty acid chains are directly 

linked to a sugar backbone. These lipids are predominantly found in bacterial membranes 

and are known for their potent biological activities, particularly their ability to stimulate 

the immune system through endotoxin effects [33]. One of the most widely known SLs is 

lipid A, a bioactive component of lipopolysaccharides (LPS), which serves as a critical 

molecule for host immune recognition of Gram-negative bacterial infections [34]. SLs 

exhibit remarkable structural variability across different bacterial species, which can 

influence their immunogenic properties. Emerging studies suggest that SLs structures 

may play beneficial roles in modulating immune responses, including enhancing the 

efficacy of colorectal cancer immunotherapy by improving antigen and tumor recognition 

[35]. 

1.2.8 Polyketides 

PKs are a diverse group of secondary metabolites synthesized through the 

condensation of propionyl-coenzyme A (CoA) and methylmalonyl-CoA [10]. These 

molecules exhibit a broad range of potent biological activities, including antibacterial, 

antiparasitic, antitumor, cholesterol-lowering, and immunosuppressive effects. Due to 

their diverse therapeutic properties, polyketides have garnered significant attention as 

valuable sources for the development of novel pharmacological agents [36]. 

1.3 Role of Lipidomics in the Omics Research 

Lipidomics is a specialized branch of metabolomics dedicated to the 

comprehensive analysis and characterization of lipid species and their dynamic roles in 

biological systems. The term “lipidome”, referring to the entire collection of chemically 

distinct lipid molecular species in a cell, organ, or biological system, was first appeared 

in a peer-reviewed publication in 2001 [37]. The field of lipidomics formally emerged in 

2003 and was defined as “the full characterization of lipid molecular species and of their 
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biological roles with respect to expression of proteins involved in lipid metabolism and 

function, including gene regulation” [38]. Lipidomics has gained increasing attention 

from both academic researchers and clinical scientists, and it is now regarded as a crucial 

tool for investigating a wide range of diseases and physiological processes, such as 

atherosclerosis, Alzheimer’s disease (AD), and certain types of cancer. Furthermore, 

lipidomics is increasingly applied across diverse fields, offering new insights into 

complex biological systems and disease mechanisms [39]. 

The structural diversity and complexity of lipids pose significant challenges in 

analytical chemistry, particularly in their comprehensive characterization and 

quantification. To address this complexity, techniques such as MS and nuclear magnetic 

resonance (NMR) spectroscopy have become indispensable tools for the detailed analysis 

of lipid molecular species. On the other hand, various separation technologies, such as 

thin-layer chromatography (TLC), gas chromatography (GC), liquid chromatography 

(LC), supercritical fluid chromatography, and capillary electrophoresis, are essential tools 

for the comprehensive analysis of lipids in complex biological matrices [40]. These 

separation methods are commonly coupled with MS to enhance the sensitivity and 

specificity of lipidomic analyses. 

Two principal approaches are employed in lipidomic analysis using MS: targeted 

lipidomics and untargeted (or global) lipidomics. Targeted lipidomics is particularly 

focused on the precise quantification of specific lipid species, typically those involved in 

one or several lipid pathways. The most widely utilized techniques in targeted lipidomics 

are multiple reaction monitoring and parallel-reaction monitoring acquisition modes, 

which provide high sensitivity and specificity by monitoring predefined precursor-

product ion transitions for selected lipid targets [41]. In contrast, untargeted lipidomics, 

also referred to as global lipidomics, seeks to provide a comprehensive and unbiased 

analysis of the lipidome within a biological matrix. This approach is particularly 

advantageous for elucidating the structural composition of lipids due to its high mass 

resolution and accuracy [42]. Untargeted lipidomics is especially valuable for discovering 

novel lipids and identifying changes associated with disease interventions that are 

overlooked in targeted approaches.  
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Untargeted lipidomics workflows typically employ high-resolution MS (HRMS) 

platforms, such as quadrupole time-of-flight (QTOF), Orbitrap, and triple quadrupole 

(QqQ) MS, often coupled with LC. These advanced techniques enhance sensitivity, 

detection limits, and the structural elucidation of lipid species, enabling the detection of 

thousands of lipids in a single analysis [43]. This allows for a comprehensive 

understanding of lipid diversity and dynamic alterations across various diseases. Data 

processing and annotation are also critical components of lipidomics. Software platforms 

such as MS-DIAL support initial lipid identification by leveraging integrated spectral 

library matching, which incorporates accurate mass, retention time (RT), and MS/MS 

fragmentation pattern comparisons to ensure reliable lipid annotation. 

The application of untargeted lipidomics serves as the central methodology for 

exploring disease-related lipid alterations across metabolic disorders, NDs, 

cardiovascular conditions, and gastrointestinal health, making it an ideal platform for 

understanding disease mechanisms and discovering lipid biomarkers for early diagnosis, 

disease stratification, and therapeutic monitoring [44]. 

1.4 Untargeted lipidomics- a tool for biomarker discovery 

The concept of biomarker discovery involves identifying molecular indicators that 

can predict disease risk, aid in early diagnosis, monitor disease progression, or evaluate 

therapeutic response. In this context, LC/MS-based untargeted lipidomics techniques are 

increasingly applied to biomarker discovery, which provides a comprehensive platform 

for detecting perturbations in lipid metabolic pathways, enabling the profiling of 

thousands of lipid species across multiple classes. This makes it an ideal platform for 

identifying novel lipid biomarkers for diagnosing various diseases [43, 44]. 

Recent advances in LC/MS-based untargeted lipidomics have significantly 

improved the sensitivity and facilitated the detection of low-abundance lipids that may 

serve as early indicators of diseases. Lipid-based biomarkers have been increasingly 

reported across various domains. For instance, studies have shown that ultra-high-

performance LC/MS (UHPLC/MS)-based untargeted lipidomics identified a panel of 10 

plasma lipids as a “biomarker” to distinguish AD patients from controls, of which 6 were 

identified as long-chain cholesteryl esters (CEs), with approximately 80% accuracy [45]. 

Similarly, in childhood obesity, untargeted serum lipidomics revealed elevated levels of 
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PC, CE, TGs, and branched chain amino acids that distinguish obese children from 

healthy controls, potentially serving as potential biomarkers and used to study obesity 

pathomechanisms in adolescents [46]. Apart from applications in human diseases, the 

strategy of lipidomics-driven biomarker discovery has also been used to identify novel 

lipid mediators involved in gut health. Koelmel et al. (2020) used untargeted lipidomics 

alongside 16S rRNA sequencing to identify acyl alpha esters of hydroxy fatty acids 

(AAHFAs) as microbiota-specific lipids, with significant reductions observed in 

antibiotic-treated mice [47]. However, previous studies have successfully demonstrated 

the potential of untargeted lipidomics in identifying biomarkers for various conditions, 

but they are often limited to sample type and validation across diverse populations. In 

contrast, the present thesis overcomes some of these limitations by employing a multi-

matrix approach, incorporating both human and animal models, and aiming to uncover 

novel lipids and discover lipid biomarkers relevant to gut health, obesity, and NDs. 

1.5 Significance and Aim of the Thesis 

The increasing global prevalence of metabolic and NDs, alongside growing 

recognition of gut health, highlights the urgent need for improved diagnostic strategies 

and a deeper mechanistic understanding of disease progression. Lipids, being key 

structural and signaling molecules, play critical roles in cellular communication, 

metabolic regulation, and physiological function- all of which are central to the 

pathophysiology of gut health, obesity, and neurodegeneration. Lipid dysregulation has 

been observed across these conditions, suggesting the potential of lipid molecules as 

sensitive indicators of disease onset and progression. 

Despite rapid advancements in untargeted lipidomics, significant gaps remain in 

identifying lipid-based biomarkers with high translational potential across multiple 

disease states. Untargeted LC/MS-based lipidomics, involving the comprehensive and 

unbiased analysis of the entire lipidome using HRMS, has emerged as a powerful tool for 

discovering novel lipid biomarkers. This study integrates a series of studies applying 

LC/MS-based untargeted lipidomics across animal models and human populations, 

spanning different life stages and pathological conditions. These investigations aim to 

identify novel lipid mediators and signatures that contribute to disease pathogenesis and 
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may serve as early lipid biomarkers for diagnosis, monitoring, or risk stratification, as 

depicted in Figure 1.3. 

This thesis aims to harness the power of LC/MS-based untargeted lipidomics to 

discover novel lipid biomarkers across a spectrum of health conditions, including gut 

dysbiosis, childhood obesity, and NDs. By utilizing high-performance LC (HPLC) 

coupled with linear ion trap-Orbitrap-MS (LTQ-Orbitrap-MS), the study seeks to 

comprehensively profile lipid metabolites across diverse biological samples. Firstly, the 

study investigates gut dysbiosis by performing untargeted lipidomic profiling of colon 

content samples from ethanol-treated mice, aiming to uncover lipid biomarkers associated 

with intestinal health. Secondly, to explore the lipid alterations in childhood obesity, the 

study examines plasma lipid profiles from preadolescent children to identify weight-

specific lipid biomarkers that could serve as an early indicator of metabolic risk. Lastly, 

the study focuses on analyzing lipidomic alterations in saliva, plasma, fecal, and brain 

tissue samples from individuals affected by NDs to discover novel lipid biomarkers for 

early diagnosis, disease monitoring, and therapeutic development. 
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Figure 1.3: Study design for untargeted lipidomics workflow in lipid biomarker research. 
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2.1 Introduction 

Alcohol consumption is a major contributor to global morbidity and mortality, 

exerting detrimental effects across various organ systems, notably the liver, gut, and brain, 

ultimately leading to multisystemic disorders [1, 2]. Chronic alcohol intake significantly 

increases the risk of alcohol-associated liver disease (ALD), driven by oxidative stress, 

increased intestinal permeability, and systemic endotoxemia [3]. Extensive research using 

both animal and human models has consistently demonstrated a strong link between 

alcohol use and gut microbiota disruption, commonly referred to as gut dysbiosis [1, 4]. 

This dysbiosis, along with alcohol-induced disruption of tight junction proteins in the 

intestinal epithelium, facilitates the translocation of bacterial endotoxins into the mucosa, 

triggering immune dysfunction and systemic inflammation. This response is marked by 

elevated levels of pro-inflammatory cytokines such as tumor necrosis factor (TNF)-α and 

interleukin (IL)-1β, which further impair gut barrier integrity [5, 6]. Central to this process 

is the gut-liver axis, a bidirectional communication pathway between the gut and liver 

that mediates the transport of digestive and bacterial metabolites, amplifying liver damage 

in the presence of gut dysfunction [7]. 

The intestinal mucosal barrier plays a critical role in gut immune function, 

maintained by intercellular tight junctions between neighbouring enterocytes [8]. Alcohol 

exposure significantly alters the gut metabolome, leading to alterations in key metabolic 

profiles, particularly lipids such as free fatty acids (FFAs), SCFAs, bile acids, and amino 

acids [9]. FFAs, derived from the lipolysis of adipose tissue and various cell types, play 

essential roles as signaling molecule precursors and building blocks for various lipids, 

including phospholipids (PLs) present in cell membranes [10, 11]. Studies have shown 

that these lipids have been implicated in the pathogenesis of ALD, influencing both pro-

inflammatory and inflammation-resolving lipid signaling pathways, and thereby 

represent promising therapeutic targets for ALD [12]. In contrast, SCFAs- especially 

butyrate- exert beneficial effects on gut barrier function by potentially reducing intestinal 

permeability when present in appropriate concentrations [13]. 

Previous studies on lipid metabolism in alcohol-induced gut dysbiosis have 

provided limited insight into the broader relationship between ethanol-induced gut 

dysbiosis and host lipid metabolism, particularly with respect to sex-specific differences. 

Previous studies on ethanol-induced alterations in lipid metabolism have focused on 
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specific lipid classes by employing techniques such as LC coupled with QqQ and 

QTOF/MS analysis [14, 15]. These studies have demonstrated that alcohol consumption 

can significantly alter the gut microbiota and associated lipid metabolism. However, they 

are limited in scope as they do not capture the full spectrum of lipidomic changes, 

particularly in relation to the sex-specific effect of ethanol on gut lipid metabolism, which 

remains unclear. To address this gap, the present study aims to systematically investigate 

the comprehensive lipidome of the effect of alcohol-induced gut dysbiosis in a mice 

model of both sexes using HPLC coupled with LTQ-Orbitrap-MS was employed to enable 

broad and high-resolution lipid profiling (Figure 2.1). To our knowledge, this is the first 

study to systematically explore the sex-specific effects of ethanol on gut lipid metabolism, 

shedding light on the intricate interplay between alcohol consumption and lipid 

alterations. This may pave the way for a deeper understanding of the underlying 

mechanisms and potential therapeutic strategies to address alcohol-related pathologies in 

a sex-specific context. 

 

Figure 2.1: Schematic overview of colon content lipidomic analysis in pair-fed (PF) and 

ethanol-fed (EF) mice. 

2.2 Materials and Methods 

2.2.1 Chemicals and reagents 

The solvents used in the study, including methanol, 2-propanol, and a mobile-

phase additive of 1 M aqueous ammonium acetate, were sourced from Wako Pure 

Chemical Industries, Ltd. (Osaka, Japan). HPLC-grade chloroform was obtained from 

Sigma-Aldrich (MO). Deuterium-labeled internal standard (IS), namely EquiSPLASH 
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(Lot: 330731-1EA-013) and oleic acid-d9, were procured from Avanti Polar Lipids 

(Alabaster, AL). 

2.2.2 Animal samples 

Adult male and female C57BL/6 mice, aged 8 to 10 weeks, were used for the study. 

These animals were bred and maintained in the institutional core facility at the University 

of Tennessee Health Science Center (UTHSC). All animal studies reported in this work 

were approved by the Institutional Animal Care and Use Committee (IACUC). The mice 

were housed under a 12-hour light/dark cycle, with unrestricted access to standard 

laboratory food and water. Each cage housed two animals under controlled environmental 

conditions [16]. 

2.2.3 Chronic ethanol feeding 

To simulate chronic alcohol exposure, mice were administered a Lieber–DeCarli 

liquid diet (Dyets Inc., Bethlehem, PA), which included a gradual increase in ethanol-fed 

(EF) concentration over four weeks (0% for 2 days, 1% for 2 days, 2% for 2 days, 4% for 

1 week, 5% for 1 week, and 6% for 1 week). Control mice were pair-fed (PF) an isocaloric 

maltodextrin diet (BioServ, NJ). The diet intake (mL/g BW/day) for male mice (PF: 0.68, 

EF: 0.66) and female mice (PF: 0.73, EF: 0.72) was recorded, respectively. Body weight 

was monitored throughout the study. At the end of the 4-week feeding period, both PF 

and EF mice (n = 4 for each group) of both sexes were euthanized. Colonic contents were 

then flushed with 3 mL of 0.9% saline and stored at −80°C until lipid extraction. 

2.2.4 Lipid extraction 

Lipid extraction from colonic flush samples of both male (PF, EF) and female (PF, 

EF) mice was performed using the Folch extraction method with slight modifications [17].  

Briefly, 100 μL of colonic flush from each mouse was mixed with 100 μL of methanol 

and 100 μL of IS solution (comprising oleic acid-d9 at 100 μg/mL and EquiSPLASH 

Lipidomic mix at 10 μg/mL in methanol) in a 2 mL Eppendorf tube. Next, 400 μL of 

chloroform was added, and the mixture was vortexed at 3500 rpm for 5 min. The samples 

were then centrifuged at 15,000 rpm for 10 min to separate the layers. The lower 

chloroform layer, containing the lipids, was transferred to a new 2 mL Eppendorf tube. 

To the residue, 400 μL of chloroform was added again and vortexed for 1 min, followed 
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by centrifugation for 10 min. The chloroform layer was transferred to the same new 2 mL 

Eppendorf tube [18]. The combined extract was evaporated at 4°C for 3 hours using a 

centrifuge evaporator. Finally, the extract was redissolved in 100 μL of methanol, 

followed by vortexing and centrifugation for 10 min at 15,000 rpm, and transferred to 

LC/MS vials. 

2.2.5 Lipidomic analysis by HPLC/LTQ-Orbitrap MS 

Lipid analysis was performed using an LTQ-Orbitrap-MS (Thermo-Fisher 

Scientific Inc., San Jose, CA) coupled with an HPLC based on the LC-20AD ultra fluid 

LC system (Shimadzu Corp., Kyoto, Japan). Lipids were separated using an Atlantis T3 

C18 column (2.1 mm × 150 mm, 3 μM, Waters, Milford, MA) at a flow rate of 0.2 mL/min 

with a mobile-phase gradient consisting of aqueous 10 mM ammonium acetate (A), 

isopropanol (B), and methanol (C). The column was maintained at 40°C throughout the 

analysis. These LC/MS conditions were consistent with our previous studies. The mobile 

phase composition was adjusted as follows: 30% B and 35% C from 0 to 1 min, 75% B 

and 15% C from 1 to 9 min, 82.5% B and15% C from 9 to 21 min, 95% B and 5% C from 

21 to 25 min, 30% B and 35% C from 25 to 26 min, and 30% B and 35% C from 26 to 

30 min. On the other hand, the positive mode analysis used a distinct linear gradient: 30% 

B and 35% C from 0 to 1 min, 82.5% B and 15% C from 1 to 9 min, followed by a steady 

state of 95% B and 5% C from 9 to 15 min, 95% B and 5% C from 15 to 25 min. A brief 

return to 30% B and 35% C was made from 25 to 26 min, and finally, the composition 

was kept constant at 30% B and 35% C from 26 to 30 min. 

MS analysis was performed using an LTQ-Orbitrap-MS (Thermo Fisher Scientific 

Inc., San Jose, CA) operating in both positive and negative ionization modes. 

Instrumental parameters were consistent with those described in our previously published 

studies [20]. For the electrospray ionization (ESI), the capillary temperature was 

maintained at 330 °C, with nitrogen sheath and auxiliary gas flow rates set at 50 and 20 

arbitrary units, respectively. In negative ion mode, the source and capillary voltages were 

set to 3 kV and 10 V, respectively, and the scan range was m/z 160–1900. In positive ion 

mode, these voltages were adjusted to 4 kV and 25 V, respectively, with a scan range of 

m/z 150–1950. Full MS (MS1) spectra were acquired in Fourier transform mode at a 
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resolving power of 60,000. Additionally, low-resolution MS/MS spectra were collected 

in the ion trap mode using a collision energy of 40 V [21]. 

2.2.6 LC/MS data processing and lipid quantification 

Data processing was carried out using MS-DIAL software version 4.9, which was 

instrumental in performing key steps such as peak detection, alignment, deconvolution, 

annotation, and integration of peak areas [22]. The parameters applied included a 

minimum peak height threshold of 1000 amplitude, a maximum charge number of 2, a 

smoothing level of 3 scans, and a minimum peak width of 5 scans. Additional settings 

included a mass slice width of 0.1 Da, a σ window value of 0.5, and an identification 

score threshold of 80 % to ensure reliable lipid annotation. Further, signal intensity 5-fold 

greater than the blank was selected with RT alignment and MS1 tolerance 0.1 min and 

0.015 Da, respectively. Lipid identification was validated by comparing the RT 

characteristics and percentage matching between the reference and experimental MS/MS 

spectra. The software enabled high-throughput, accurate identification of lipid species. 

For the relative quantification of lipid molecular species, we followed the established 

lipidomics protocols. This involved calculating the peak area ratios of the identified lipids 

to the internal standard. These ratios were subsequently multiplied by the known 

concentration of the IS and normalized to the sample volume to estimate the relative 

abundance of each lipid species. 

2.2.7 Statistical analysis 

The dataset analysis comprised lipid molecular species detected in both positive and 

negative ion modes. Data visualization was performed using Microsoft Excel 2021, and 

graphs were created with GraphPad Prism version 8.0.1. Statistical analysis involved one-

way analysis of variance (ANOVA) with Tukey’s multiple comparison test, with 

significance set at p < 0.05. Principal component analysis (PCA) was conducted using 

soft independent modeling by class analogy (SIMCA) 14.1 (Umetrics), with score plots 

used to assess group similarities and loading plots (model coefficients vs covariance) to 

identify key discriminating lipid features. One-way ANOVA was also performed using 

MetaboAnalyst 5.0 (https://www.metaboanalyst.ca), following the user guidelines. All 

results are expressed as mean ± standard deviation (SD). 

https://www.metaboanalyst.ca/
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2.3 Results 

2.3.1 Sex-specific lipid profiling and multivariate analysis in ethanol-treated mice 

Male and female mice were categorized into PF and EF groups. Following 

sacrifice, colonic contents were collected and subjected to total lipid extraction, followed 

by untargeted lipidomic profiling using HPLC/LTQ-Orbitrap-MS. A total of 186 lipid 

molecular species were identified and characterized based on accurate mass 

measurements and MS/MS fragmentation patterns using MS-DIAL software. Relative 

lipid concentrations were determined using IS normalization. The results of one-way 

ANOVA and PCA on all quantified lipid species are presented in Figure 2.2. Figure 2.2A 

highlights statistically significant and non-significant lipid metabolites based on one-way 

ANOVA results, with p < 0.05. Out of 186 metabolites, 158 lipid molecular species were 

statistically significant. Figure 2.2B displays the multivariate PCA score plot of annotated 

lipids from both male and female PF and EF groups. The first two components together 

explained 69.2% of the total variance, with component 1 accounting for 40.5%. 

The PCA results revealed distinct clustering between the male PF and EF groups, 

highlighting a clear separation in their lipidomic profiles. In contrast, female PF and EF 

groups exhibited overlapping clusters, suggesting minimal differences in their lipid 

composition. Figure 2C illustrates the corresponding loading plot, which displays the 

variables contributing to the observed group separation in the PCA. The loading plot 

shows how different lipid species are distributed and how they contribute to the variation 

between samples. Lipid molecules with high positive or negative loading scores exert the 

greatest influence on the components. Lipid molecular species that largely influence the 

group separation in the PCA score plot along components 1 and 2 are shown in Figure 

2.2C, indicating their pivotal role in group separation. These findings identify specific 

lipids responsible for the observed separation in the two-dimensional PCA plot. 
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Figure 2.2. Multivariant analysis of lipid metabolites in PF (n = 4) and EF (n = 4) colonic 

flush samples of male and female mice. A. One-way ANOVA analysis of 186 lipid species 

identified across the groups (Tukey’s honestly significant difference with p < 0.05). B. 

Principal Component Analysis (PCA) score plot highlighting the distinct differences 

between the four cohorts. C. PCA loading plot and scores of lipid metabolites from both 

sexes. Lipid species with large positive and negative contributions to components p[1] 

and p[2] are marked by the symbols $ and #, respectively. 

2.3.2 Sex-specific changes in top altered lipids and fatty acyls: A hierarchical cluster 

correlation analysis 

Figure 2.3A presents the results of the cluster correlation analysis for the top 50 

lipids that exhibited significant changes between the PF and EF groups in both sexes, 

based on their p-values. Lipids with higher concentrations are represented by intense red, 

while those with lower concentrations are shown in blue. In male mice, alcohol feeding 

caused notable changes in the colonic lipid profile compared to females. Specific lipids 

such as FA 20:1 to fatty acid esters of hydroxy fatty acids (FAHFA 16:0/18:0;O), including 

several hexosyl ceramide (HexCer 34:1;3O, HexCer 34:0;4O, HexCer 40:0;4O, and 

HexCer 38:0;4O) were significantly increased in the EF group of males compared to the 

PF group. In contrast, female mice displayed higher levels of lipids such as FA 20:2, FA 
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22:5, FA 15:1, and Cer (Cer (35:0;3O), Cer (48:1;4O), Cer (33:0;3O)) in the EF group 

than in the PF group. Conversely, lipids like FAHFA 16:0/18:0;O, FAHFA 18:2/18:0;O, 

FAHFA 18:1/18:0;O, and FAHFA 22:1/18:0;O were decreased in the EF group of females, 

as shown at the top of the heatmap. Figure 2.3B shows the cluster correlation analysis 

results for various FAs, including FFAs, HFAs, FAHFA, and AAHFA (also known as short 

chain fatty acid esters of HFAs (SFAHFA)). As mentioned earlier, several FFAs, such as 

SFAs (e.g., FA 24:0), MUFAs (e.g., FA 20:1), PUFAs (e.g., FA 22:6), and FA 18:1;(2OH), 

were increased in the EF group of male mice. Meanwhile, female mice exhibited higher 

levels of FA 20:2, FA 22:5, and AAHFA 3:0/24:1;O in the EF group compared to the PF 

group. 

 

Figure 2.3: Hierarchical cluster correlation analysis of lipidomic alterations in the colonic 

flush samples from both male and female mice in the PF (n = 4) and EF (n = 4) groups 

representing A. Significantly altered lipids (p < 0.05) and B. Fatty acyls (clustering 

method: ward, distance measure: Euclidean). 

2.3.3 Sex-specific alterations in glycerophospholipids and sphingolipids: A 

hierarchical cluster correlation approach 

Figure 2.4 presents the results of hierarchical cluster correlation analysis for GPs 

and SPs visualized as heatmaps. In both male and female mice, the GPs, particularly PE, 

located at the bottom of the heatmap in Figure 2.4A, were found to be at higher levels in 

the EF group compared to the PF group. Additionally, lipid species such as PG (O-
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16:1/18:1), lysophosphatidylcholine (eg., LPC 16:0), and lysophosphatidylglycerols (eg., 

LPG O-18:0) were decreased, whereas certain PE and PG species (i.e., PE (O-18:2/15:0), 

PG (O-18:2/15:0), PE (O-18:1/18:1), PE (O-16:1/15:0), and PE (O-16:1/18:1)) were 

increased in the EF group of female mice compared to the PF group. The analysis of SPs, 

as shown in Figure 2.4B, revealed that many Cer and HexCer were increased in the EF 

group of male mice compared to the PF group. For female mice, specific Cer (i.e., Cer 

(49:1;4O), Cer (50:1;4O), Cer (51:1;4O)) and HexCer (i.e., HexCer (42:0;4O), HexCer 

(42:0;3O), HexCer (43:0;4O), HexCer (44:0;4O)) showed increased levels in the EF 

group. Significant changes in SP levels, specifically in male mice, by the effect of ethanol 

on gut lipid metabolism, suggest that the SP pathway is a potential target for further 

investigations involving alcohol-induced effects. 

 

Figure 4: Hierarchical cluster correlation analysis of lipidomic alterations in the colonic 

flush samples from both male and female mice in the PF (n = 4) and EF (n = 4) groups, 

representing A. Glycerophospholipids (GPs) and B. Sphingolipids (SPs) (clustering 

method: ward, distance measure: Euclidean). 

2.3.4 Identifying sex-specific lipid biomarkers for the impact of ethanol on gut 

metabolism using volcanic plots 

A volcanic plot represents the graph of −log10(p-value) vs log2 (fold change), was 

used to highlight lipid molecular species that showed significant alterations. The volcanic 

plots for the lipid profiles of male and female mice's colon content are presented in Figure 
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2.5. The data clearly demonstrate that several lipid species, such as PE (O-18:2/15:0) and 

PG (O-15:1/15:0), and many others, were significantly upregulated (marked in red on the 

right) in the EF group of male mice compared to the PF group (Figure 2.5A). Conversely, 

certain lipids, like AAHFA 3:0/22:0;O and PG (15:0/16:0), shown in blue on the left, were 

downregulated in the EF group compared to the PF group. In female mice, lipids, 

including FA 15:1, FA 22:5, FA 20:2, PG (O-15:1/16:0), PG (0–15:1/15:0), and many 

other lipid species, were notably increased in the EF group, as shown in Figure 2.5B. In 

contrast, several lipids, such as PG (O-16:1/18:1), FA 18:3, FA 20:4, and many other lipids, 

were decreased in the EF group, with these lipids appearing in blue on the plot. 

Interestingly, both PE (O-18:2/15:0) and PG (O-15:1/15:0) were elevated in the colon 

contents of both male and female mice in the EF group, suggesting these lipids may serve 

as common markers for alcohol's impact on gut metabolism across both sexes. 

 

Figure 2.5: Volcano plot showing significantly altered lipids (t-test, p < 0.05) in the 

colonic flush samples of A. Male mice in the PF vs EF group (n = 4). B. Female mice in 

the PF vs EF group (n = 4). 

2.2.5 Variation in lipid subclass levels induced by the effect of ethanol feeding 

Figure 2.6 illustrates the changes in lipid subclasses due to ethanol feeding in both 

male and female mice. The bar graph shows the concentration of each lipid subclass as 

the sum of the individual lipid species within the respective groups. In both sexes, the 

concentration of PE lipids was increased in the EF group compared to the PF group of 

both sexes, with a more pronounced increase observed in male mice. Conversely, PG and 

hemibismonoacylglycerophosphate (HBMP) levels were significantly decreased in EF 

group of male mice, but no significant changes were seen in females. FAHFA levels were 

significantly decreased in the EF group of female mice, while no significant changes were 
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detected in the male mice. The short-chain fatty acid-derived lipid AAHFA was 

significantly decreased in male mice but exhibited an opposite trend in female mice. SPs 

such as Cer were increased in the EF group of male mice, whereas no such change was 

observed in female mice. HexCer showed a significant elevation in both sexes in the EF 

group compared to the PF group. Furthermore, the FAs compositions were analyzed at 

the SFAs, MUFAs, and PUFAs levels. As shown in Figure 6, in all cases, male EF mice 

had higher concentrations compared with the PF group, whereas female mice did not 

show any significant differences in all cases. In conclusion, the increased levels of PE, 

Cer, HexCer, and FA, along with decreased PG and HBMP, represent specific markers of 

ethanol's impact on gut lipid metabolism. In female mice with increased PE, HexCer, and 

decreased FAHFA, AAHFA appears to be the marker of the ethanol-induced effects on 

the gut. 

 

Figure 2.6: Alterations in the total lipidome at the subclass level in the PF (n = 4) and EF 

(n = 4) groups of both sexes (Ordinary one-way ANOVA, ****p < 0.0001, ***p <0.001, 

**p <0.01, *p< 0.05, (ns).) 
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2.3 Discussion 

Ethanol consumption significantly impacts the gut barrier, which has major 

implications for the development and progression of gut dysbiosis. Alcohol is known to 

disrupt the balance of gut microbiota and increase intestinal mucosal permeability, 

allowing harmful microbial products such as LPS to enter the bloodstream [23, 24]. This 

condition, often referred to as "leaky gut," is associated with various diseases, including 

ALD, alcoholic steatohepatitis, and inflammatory bowel disease [25, 26]. Lipids are vital 

for gut metabolism, particularly in maintaining the integrity of the gut barrier. In a healthy 

gut, a variety of lipids, such as PLs, cholesterol, and various FFAs, are present, 

contributing to cell membrane stability and barrier function [27]. Ethanol-induced 

dysbiosis can disrupt lipid metabolism, with studies showing that alcohol alters gut 

microbiota composition, leading to increased levels of LPS and other lipid derivatives 

[28]. Multivariate PCA showed distinct group separations in the score plot. To confirm 

these findings, partial least-squares discriminant analysis (PLS-DA) was performed, and 

the results, which also indicated a large separation between the PF and EF groups, are 

shown in the Appendix Figure 2.1. Both PCA and PLS-DA results demonstrated similar 

group distinctions. 

As depicted in Figure 2.3, significant increases in SFAs [FA 26:0, FA 13:0, FA 

21:0 (2OH), FA 12:0, and FA 17:0] and MUFAs [FA 16:1, FA 17:1 (2OH), FA 18:1 (2OH), 

FA 23:1, FA 25:1] were observed in the male EF group compared to the PF group. 

However, no such changes were seen between the PF and EF groups in female mice for 

SFAs and MUFAs. Previous studies have emphasized the critical role of FFAs metabolism 

in the progression and development of ALD [10, 29]. Several studies show that FFAs 

have been implicated in the development of alcohol-induced gut dysbiosis, a condition 

where ethanol intake disrupts gut microbiota balance and potentially contributes to 

gastrointestinal disorders [30]. In a previous animal study, it was suggested that 

maintaining intestinal levels of FFAs, particularly SFAs, could help sustain gut barrier 

integrity [31]. Additionally, PUFAs like FA 18:2, FA 20:3, and FA 22:6 were increased in 

the male EF group, while FA 20:2 and FA 22:5 were increased in female mice under 

similar conditions. The increase in MUFAs and PUFAs in the male liver samples fed with 

ethanol aligns with our findings in colonic flushes [14]. Furthermore, a previous study 

using both wild-type (WT) and fat-1 mice exposed to ethanol feeding showed 
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significantly higher levels of total ω-6 PUFAs in both the WT-ethanol and fat-1-ethanol 

groups [32]. 

FAHFAs are emerging endogenous lipids recognized for their anti-inflammatory 

and antidiabetic effects [33]. In our study, we observed a decrease in FAHFA 18:1/18:0;O, 

FAHFA 20:1/18:0;O, and FAHFA 22:1/18:0;O in the EF group of female mice. 

Conversely, AAHFA 3:0/24:1;O levels were increased in these mice. In male mice, the 

levels of AAHFA (3:0/24:0;O) and AAHFA (3:0/22:0;O) decreased in the EF group. 

AAHFAs, also referred to as SFAHFA, were previously identified in our lab and have 

been shown to be decreased in the colon contents of male rats on a high-fat diet (HFD), 

while they increase in male mice infected with the influenza virus [34, 19]. Additionally, 

recent in-vitro studies have demonstrated that Bacteroides acidifies can promote FAHFA 

levels through Spearman correlation analysis with the mouse gut microbiota [35]. GPs 

are vital components of cellular membranes and play a crucial role in cellular functions. 

The modulation of GPs is influenced by alcohol-induced gut dysbiosis [36]. In this study, 

total PE levels were found to increase in both male and female EF groups (Figure 2.4), 

whereas PG and HBMP levels were notably decreased in the male mice EF group. A 

previous study in male mice fed ethanol for 5 weeks showed decreased PG in the liver in 

the EF group compared with controls [37]. 

Previous studies have highlighted the bioactive roles of SPs in various 

pathological conditions, including cancer, inflammation, obesity, and NDs, observed in 

both human and animal models [38, 39]. In this study, an increase in SPs, particularly Cer 

in male EF mice, and HexCer levels in both male and female EF groups was noted. These 

findings align with a prior study that reported an increase in Cer levels in the liver of EF 

mice exhibiting dysbiosis [40]. However, no significant differences in the total TG 

content in the colon were observed between PF and EF groups for both sexes, as shown 

in Appendix Figure 2.2. A previous study found that occludin knockout mice exposed to 

ethanol exhibited increased colon permeability and enhanced TG accumulation in the 

liver compared to WT mice [41]. This research provides valuable insight into lipid class 

variations in both PF and EF groups across sexes, as well as a detailed lipid composition 

analysis. Nevertheless, certain limitations must be addressed in future studies, such as the 

semiquantitative nature of the concentrations reported here, rather than absolute levels. 

Additional validation with a larger sample size of fresh animals may be needed to confirm 
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these results. While various molecular species of SPs, GPs, and FAs were detected in the 

EF samples of both male and female mice, the precise mechanisms behind their 

metabolism remain unclear. 

2.4 Conclusion 

In summary, lipid profiling of colon flush samples from both male and female PF 

and EF mice was conducted to explore lipid metabolism in alcohol-associated disorders. 

Relative concentrations of lipid species were observed between PF and EF mice of both 

males and females. Statistical analysis indicated notable changes in FAs and SPs levels 

in male PF and EF groups. Both male and female EF groups showed elevated levels of 

GPs, especially PG (O-15:1/15:0) and PE (O-18:2/15:0), which were identified as 

common markers. Female EF mice exhibited a specific reduction in FAHFA, underlining 

the significance of this lipid species in alcohol-related disorders. Overall, significant 

differences in the lipidome were detected between the EF and PF diets. This study 

highlights the efficacy of untargeted lipid profiling using HPLC/LTQ-MS in analyzing 

global lipid profiles in PF and EF-fed mice. This research provides important insights into 

the sex-specific aspects of lipid metabolism in alcohol-related diseases, offering new 

perspectives on the potential mechanisms behind these conditions. 
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Identification and characterization of novel 

SFAHFAs and MFAHFAs in human fecal samples 

using untargeted LC/MS analysis 
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3.1 Introduction 

The human gut is home to a highly diverse and dynamic community of 

microorganisms, collectively referred to as the gut microbiota. These microbial 

populations play a crucial role in maintaining host health and have been implicated in the 

pathogenesis of several diseases, including inflammatory bowel disease, celiac disease, 

and colorectal cancer [1–4]. One of the primary ways the gut microbiota influences host 

physiology is through the fermentation of dietary macronutrients, particularly 

carbohydrates and proteins. This process results in the production of a wide array of 

bioactive metabolites such as short-SCFAs, FFAs, bile acids, and various amino acid 

derivatives [5,6]. SCFAs, which are SFAs containing one to six carbon atoms, serve not 

only as essential energy sources for colonocytes but also as potent signaling molecules 

involved in gut homeostasis [1,7]. Beyond SCFAs, the gut microbiota also contributes to 

the biosynthesis of complex lipid structures, such as α-galactosylceramides and Cer-PLs 

conjugates, which have been recognized for their immunomodulatory functions [8–10]. 

A particularly noteworthy discovery in lipid biology occurred in 2014, with the 

identification of FAHFAs in mammalian adipose tissue. These endogenous lipids have 

attracted considerable interest due to their anti-inflammatory, antioxidant, anti-apoptotic, 

and insulin-sensitizing properties [11,12]. Further investigations have linked FAHFAs to 

immunological processes within the gut, particularly through their modulation in cancer 

cell environments. For instance, the presence of FAHFAs has been associated with 

reduced apoptosis in gut-derived tumor cells, suggesting a possible protective mechanism 

employed by tumors to evade immune surveillance [13]. Different isomers of FAHFAs 

frequently exhibit various biological properties; for example, stereo-palmitic acid esters 

of 9-hydroxy stearic acid (9-PAHSA) are more effective in enhancing insulin secretion 

and glucose uptake than their regioisomer species, while both exhibit anti-inflammatory 

properties [14]. Our prior work has shown that long-chain FAHFAs, such as 

eicosapentaenoic acid (EPA) and docosahexaenoic acid esters of 12-HSA, possess 

antioxidant activity through the activation of nuclear response factor-2 (Nrf2) activation 

[15,16]. 

Recent studies have explored the diverse biological functions of FAHFAs and 

their long-chain variants [11, 17]. However, much less is known about species featuring 

ester linkages at specific positions on the hydroxy fatty acid backbone, particularly at 
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carbon positions C2, C3, and C4. This represents a significant gap in the field, 

underscoring the need for further structural elucidation and functional characterization of 

these lipids. Addressing this, our research group recently identified a novel subclass of 

FAHFAs named SFAHFAs [18]. These lipids, primarily detected in the large intestine and 

cecum content of rats, suggest they originate from the gut microbiota [19,20]. SFAHFAs 

are synthesized from SCFAs such as acetic acid (AA), propionic acid (PA), butyric acid 

(BA), and valeric acid in combination with various 2-HFAs. Our earlier analyses 

characterized over 20 distinct isomeric forms of SFAHFAs, each comprising different 

SCFA and HFAs pairings. These molecules have emerged as important lipid species in 

gut-associated metabolic processes and diseases. For instance, we reported increased 

levels of specific SFAHFAs in the colon samples of mice infected with the influenza virus 

[21], while decreased levels of AA-derived SFAHFAs were observed in ethanol-treated 

male mice [22]. Cecum contents from laying hens with Campylobacter jejuni infection 

revealed elevated levels in SFAHFAs (4:0/25:0 and 5:0/26:0) at 24 weeks compared to 

the 8-week post-infection group [23]. Additionally, a decrease in SFAHFA (2:0/22:0, 

2:0/23:0, 2:0/24:0, 2:0/24:1, and 4:0/24:0) levels was observed in the stool samples of 

Phospholipase A2, group IIA (Pla2g2a)-deficient mice [24]. These studies highlight the 

biological importance of SFAHFAs in various diseases through their impact on the gut 

microbiota. However, most research on identifying SFAHFAs has focused on murine 

samples, with limited research on their detection and characterization in human samples 

[18,21,25]. Thus, the present study signifies the first comprehensive identification and 

characterization of different SFAHFA analogs in human fecal samples using high-

performance liquid chromatography HPLC coupled LTQ Orbitrap MS. 

3.2 Materials and Methods 

3.2.1 Chemicals and reagents 

The materials used in this study, including solvents and IS, were the same as those 

described in Chapter 2, Section 2.1. 

3.2.2 Sample information 

Fecal samples from elderly individuals were obtained and stored at –80 °C freezer 

until further analysis. All procedures for human studies reported in this paper were 

approved by the University of South Florida (USF). The sample collection followed the 
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protocol outlined in the Microbiome in Aging of Gut and Brain (MiaGB) study [26]. 

Ethical approval for the study was granted by the Ethics Committee of the Department of 

Health Sciences, Hokkaido University (Approval No. 22-87). 

3.2.3 Lipid extraction from human fecal samples 

A 100 mg aliquot of human fecal sample (n=5) was placed in a 2 mL Eppendorf 

tube and mixed with 0.5 mL of ice-cold methanol containing 0.01% butylated 

hydroxytoluene (BHT) to prevent oxidation. The sample was homogenized using ceramic 

beads (1.4 mm, Fisherbrand, Fisher Scientific) in a Bead Mill 4 homogenizer 

(Fisherbrand, Tokyo, Japan) for 1 minute (two repeated 30s cycles). A 100 μL aliquot of 

the homogenate was used for the lipid extraction using the modified Folch technique, as 

described previously in Chapter 2, Section 2.2.4. 

3.2.4 LC/MS analysis 

The LC/MS conditions employed for lipid analysis in negative ion mode in this 

chapter were identical to those previously described in Chapter 2, Section 2.2.5. 

3.2.6 LC/MS data processing and quantification 

The processing of LC/MS data, lipid identification, and quantification procedures 

was carried out using MS-DIAL software (version 4.9), and as described previously in 

Chapter 2, Section 2.2.6. To improve confidence in lipid identifications, peak processing 

and integration were performed using Xcalibur 2.2 software (Thermo Fisher Scientific 

Inc.). This software also facilitated the verification of MS and MS/MS spectral features, 

including RT and fragmentation patterns, against authentic reference standards 

synthesized in our laboratory.  Relative quantification of lipid species was carried out by 

knowing the amount of IS added and the weight of the samples utilized for the analysis. 

3.2.7 Statistical analysis 

The data processing and visualization have been done, as described previously in 

Chapter 2, Section 2.2.7 The data are presented as the mean ± standard error of the mean 

(SEM, n=5). 

3.3 Results  

3.3.1 Identification of FAHFAs in human fecal samples using untargeted LC/MS 
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In this study, untargeted LC/MS was employed to screen and identify SFAHFAs 

in human fecal samples. To the best of our knowledge, this is the first report to describe 

the detection and structural characterization of SFAHFAs in human-derived samples. A 

total of 26 isomeric FAHFAs were identified, comprising both SFAHFAs and medium-

chain variants, with saturated and unsaturated carbon chains in human fecal samples.  

MCFAs, typically consisting of 7 to 14 carbon atoms, are SFAs known to be 

synthesized by gut microbiota [27]. In the FAHFA molecules, the HFA moiety can be 

either SFAs (lacking double bonds) or unsaturated FFAs (containing one or more double 

bonds) within the carbon backbone. A comprehensive list of the identified FAHFAs, 

including their RT, theoretical masses (m/z), experimental masses (m/z), and mass errors, 

is presented in Table 3.1. HRMS further confirmed the identification of these lipids with 

MSn characterization. All the identified FAHFAs were detected and ionized in the 

negative mode to yield [M–H]− ion.  

Table 3.1: Overview of detected short- and medium-chain esters of hydroxy fatty acids 

(SFAHFAs and MFAHFAs) in the present study with their retention time (RT), 

experimental masses (m/z), theoretical masses (m/z), and mass errors 

Sl. 

no 
Lipid species RT (min) 

Theoretical 

m/z 

Experimental 

m/z 

Mass error 

(ppm) 

1 SFAHFA 2:0/20:0 9.41 369.3010 369.3011 0.27 

2 SFAHFA 2:0/22:0 10.34 397.3323 397.3323 0 

3 
SFAHFA 2:0/23:0 or 

3:0/22:0 
10.67 411.3479 411.3481 0.48 

4 
SFAHFA 2:0/24:0 or 

4:0/22:0 
11.12 425.3636 425.3636 0 

5 
SFAHFA 3:0/24:0 or 

4:0/23:0 or 2:0/25:0 
11.37 439.3792 439.3795 0.68 

6 
SFAHFA 4:0/24:0 or 

2:0/26:0 
11.55 453.3949 453.3952 0.66 

7 
SFAHFA 5:0/24:0 or 

4:0/25:0 or 3:0/26:0 
11.83 467.4105 467.4106 0 

8 SFAHFA 6:0/24:0 11.96 481.4262 481.4266 0.83 

9 
MFAHFA 7:0/24:0 

or SFAHFA 6:0/25:0 
12.15 495.4418 495.4422 0.80 

10 
MFAHFA 8:0/24:0 

or 
12.43 509.4575 509.4578 0.58 



43 
 

7:0/25:0 or SFAHFA 

6:0/26:0 

11 
MFAHFA 7:0/26:0 

or 8:0/25:0 
12.65 523.4731 523.4729 -0.38 

12 SFAHFA 2:0/24:1 10.44 423.3479 423.3477 -0.47 

13 
SFAHFA 3:0/24:1 or 

2:0/25:1 
10.73 437.3636 437.3634 -0.45 

14 SFAHFA 4:0/24:1 11.01 451.3792 451.3794 0.44 

 

3.3.2 Detailed characterization of unsaturated SFAHFAs in human fecal samples 

The RT and mass spectral fragmentation of representative unsaturated SFAHFAs 

identified in human fecal samples were compared with those of synthetically prepared 

reference compounds, as shown in Figure 3.1. Figure 3.1A shows the extracted ion 

chromatogram (EIC) and detail fragmentation spectra of SFAHFA 2:0/24:1, both from the 

sample and the corresponding synthetic standard. The SFAHFA 2:0/24:1 detected in the 

sample ionized to yield an [M–H]⁻ ion at m/z 423.3477. In the MS² spectrum, the 

appearance of fragment ions at m/z 381 [M–H–42]⁻ and m/z 363 ([M–H–60]⁻) validate 

the occurrence of acetate esterification to the HFA. Subsequent MS³ analysis revealed a 

characteristic loss of 46 Da (HCOOH), confirming the presence of a hydroxy group at the 

C2 position, thereby validating the compound to be SFAHFA 2:0/24:1. Comparable 

fragmentation patterns were also observed for the synthetic standard of SFAHFA 2:0/24:1, 

as well as for other unsaturated SFAHFA species. The EIC and mass spectral 

fragmentation for both the standard and sample SFAHFA 3:0/24:1 are presented in Figure 

3.1B. This compound ionizes to yield an [M–H]⁻ ion at m/z 437.3634. The MS² spectrum 

displayed fragment ions at m/z 381 [M–H–56]⁻ and m/z 363 [M–H–74]⁻, indicative of 

propionate esterification to the HFA moiety. Additionally, MS³ spectra revealed a 

characteristic loss of 46 Da (HCOOH), confirming the presence of a hydroxy group at the 

C2 position and validating the identification of the compound as SFAHFA 3:0/24:1. This 

lipid species was observed to co-elute with its isomeric form of SFAHFA 2:0/25:1, as 

evidenced by the fragment ions in the MS² spectra. A similar fragmentation pattern was 

observed for the standard SFAHFA 3:0/24:1. The EIC and detailed mass fragmentation 

for SFAHFA 4:0/24:1, detected in both the sample and standard, are shown in Figure 

3.1C.  SFAHFA 4:0/24:1 ionized to yield [M–H]⁻ ion at m/z 451.3794. The MS² spectrum 
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exhibited fragment ions at m/z 381 [M–H–70]⁻ and m/z 363 [M–H–88]⁻, indicating the 

esterification of butyrate to an HFA. Furthermore, MS³ analysis revealed a characteristic 

loss of 46 Da (HCOOH), confirming the presence of a hydroxy group at the C2 position 

and validating the structure as SFAHFA 4:0/24:1. This fragmentation pattern was also 

consistent with that of the corresponding standard SFAHFA 4:0/24:1. This study is the 

first to identify and structurally characterize unsaturated SFAHFAs in human fecal 

samples, with comparative analysis against synthetically prepared standard compounds. 

 

Figure 3.1: Representative extracted ion chromatogram (EIC) and mass spectral 

fragmentation of SFAHFAs standard and their detection in fecal samples. A. SFAHFA 

2:0/24:1. B. SFAHFA 3:0/24:1. C. SFAHFA 4:0/24:1. (Spectra from the standards and 

fecal samples are displayed in black and red, respectively.) 
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3.3.3 In-depth characterization of a novel class of saturated MFAHFAs in human 

fecal samples 

The RT and mass spectral fragmentation patterns of representative saturated 

medium chain- FAHFA (MFAHFA) species identified in human fecal samples were 

compared with those of synthetically MFAHFAs, as shown in Figure 3.2. The EIC and 

detailed mass spectral fragmentation of MFAHFA 7:0/24:0, detected in both the sample 

and the corresponding standard, are presented in Figure 3.2A. In the sample, MFAHFA 

7:0/24:0 ionized to yield an [M–H]⁻ ion at m/z 495.4422. MS² analysis of the precursor 

ion underwent further ionization to produce fragment ions at m/z 383 [M–H–112]⁻ and 

m/z 365 [M–H–130]⁻, corresponding to the losses of neutral molecules such as 

CH₃(CH₂)₄CHCO and CH₃(CH₂)₅COOH, respectively. The presence of these fragment 

ions confirms that the esterified moiety in this MFAHFA species is enanthic acid (EA). 

Additionally, the MS³ spectrum of the m/z 383 fragment ion yielded further fragment ions 

at m/z 365 and m/z 337, corresponding to the loss of 18 Da (H₂O) and 46 Da (HCOOH), 

respectively. These losses confirm that the hydroxyl group in lignoceric acid (LA) is 

positioned at the C2 location. A similar fragmentation pattern was observed for the 

standard MFAHFA 7:0/24:0. This lipid species co-eluted with an isomeric form of 

SFAHFA 6:0/25:0, as indicated by fragment ions in the MS² spectra. 

The EIC and detailed mass spectral fragmentation of MFAHFA 8:0/24:0, detected 

in both the sample and the corresponding standard, are presented in Figure 3.2B. In the 

sample, SFAHFA 8:0/24:0 ionized to yield [M–H]⁻ ion at m/z 509.4578. Further MS² 

analysis of the precursor ion yielded fragment ions at m/z 383 [M–H–126]⁻ and m/z 365 

[M–H–144]⁻, corresponding to the losses of neutral molecules such as CH₃(CH₂)₅CHCO 

and CH₃(CH₂)₆COOH, respectively. The appearance of these fragment ions confirms that 

the esterified moiety in this MFAHFA species is caprylic acid (CLA). The MS³ spectrum 

of the m/z 383 fragment ion produced subsequent ions at m/z 365 and m/z 337, 

corresponding to the losses of 18 Da (H₂O) and 46 Da (HCOOH), respectively. These 

losses confirm that the hydroxyl group in LA is positioned at the C2 location. A similar 

fragmentation pattern was observed for the standard MFAHFA 8:0/24:0. This molecular 

species co-eluted with isomeric mixtures of MFAHFA 7:0/25:0 and SFAHFA 6:0/26:0, as 

confirmed by the presence of characteristic fragment ions in the mass spectra. This study 

is the first to report the detection and comprehensive mass spectral characterization of 
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EA- and CLA-esterified MFAHFAs in human fecal samples, along with comparative 

analysis against synthetic standards. The EIC, MS¹, MS², and MS³ fragmentation data of 

the identified SFAHFAs and MFAHFAs are presented in the supplementary figures 

(Appendix Figures 3.1 and 3.2). 

 

Figure 3.2: Representative EIC and mass spectral fragmentation of novel saturated 

MFAHFAs standard and their detection in fecal samples. A. MFAHFA 7:0/24:1. B. 

MFAHFA 8:0/24:1. (Spectra from the standards and fecal samples are displayed in black 

and red, respectively.) 
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3.3.4 Quantitative Analysis of SFAHFAs and MFAHFAs in Human Fecal Samples 

The identified SFAHFAs and MFAHFAs species in human fecal samples were 

relatively quantified using an IS. Figure 3.3 illustrates the relative abundance of these 

lipid species. Among the saturated species, SFAHFA 2:0/24:0 or 4:0/22:0 were the most 

predominant in the fecal samples (Figure 3.3A). A similar pattern was observed for the 

unsaturated SFAHFAs (Figure 3.3B), with SFAHFA 2:0/24:1 showing a marked increase 

in abundance compared to other species. The findings of the current study are summarized 

in Figure 3.4, which presents a proposed biosynthetic pathway for the synthesis of 

SFAHFAs and MFAHFAs. Notably, elevated levels of SFAHFA 2:0/24:0 and SFAHFA 

2:0/24:1 were observed in the participants' fecal samples, indicating that these lipid 

species may serve as promising candidates for future functional and mechanistic 

investigations. The distinct class of MFAHFAs is present at lower abundances in human 

fecal samples compared to other lipid species, and their biosynthetic origin remains 

unclear. Our findings indicate that the biosynthesis of these novel MFAHFAs may be 

influenced by the gut microbiota, highlighting the need for further mechanistic studies to 

elucidate their biological roles. This is the first study to report the detection, identification, 

and in-depth mass spectral characterization of SFAHFAs and MFAHFAs in human fecal 

samples, along with comparative fragmentation analysis using synthetic standards. 

Nonetheless, the study has several limitations that should be addressed in future research. 

These include the semi-quantitative nature of the reported concentrations, which do not 

reflect absolute abundance, and multiple isomeric species complicating our 

chromatographic method's separation of certain FAHFAs. 
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Figure 3.3: Relative abundance of SFAHFAs and MFAHFAs identified in human fecal 

samples. Data are presented as mean ± standard error (n = 5). A. Saturated SFAHFAs and 

MFAHFAs (a: SFAHFA 2:0/23:0 or 3:0/22:0, b: SFAHFA 2:0/24:0 or 4:0/22:0, c: 

SFAHFA 3:0/24:0 or 4:0/23:0 or 2:0/25:0, d: SFAHFA 4:0/24:0 or 2:026:0, e: SFAHFA 

5:0/24:0 or 4:0/25:0 or 3:0/26:0, f: MFAHFA 7:0/24:0 or SFAHFA 6:0/25:0, g: MFAHFA 

8:0/24:0 or 7:0/25:0 or SFAHFA 6:0/26:0, h: MFAHFA 7:0/26:0 or 8:0/25:0). B. 

Unsaturated SFAHFAs (a: SFAHFA 3:0/24:1 or 2:0/25:1).   
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Figure 3.4: Proposed biosynthetic pathways of SFAHFAs and MFAHFAs detected in 

human fecal samples 

3.4 Discussion 

The gut and its metabolites play a crucial role in maintaining overall health by 

influencing metabolic, immune, and inflammatory processes. Identifying and 

understanding the complex array of metabolites produced by the gut microbiota is 

essential for uncovering their impact on various diseases and developing potential 

biomarkers for early diagnosis. Advancements in lipidomics, particularly through 

untargeted LC/MS techniques, have revolutionized for more accurate profiling of gut-

derived metabolites, providing new insights into gut health and its link to various 

disorders [28]. SFAHFAs represent a recently identified and novel lipid class within the 

broader FAHFAs family and are increasingly known for their potential role in modulating 
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the gut microbiota.  In 2020, this novel class of isomeric lipids was first identified and 

characterized in murine models through untargeted LC/MS analysis [18]. Later, these 

studies revealed that SFAHFAs have a significant role in the pathophysiology of influenza 

virus infection [21]. Rist et al. reported elevated levels of various SFAHFAs in the colonic 

contents of weaned piglets subjected to low-protein diet supplementation compared to 

those on a standard-protein diet [29]. Additionally, the presence of SFAHFAs has been 

observed in antibiotic-treated mice, with evidence supporting their biosynthesis by the 

gut microbiota [30]. Recently, SFAHFAs have been identified in human stool samples 

from healthy individuals; however, the study did not provide a comprehensive 

characterization of these lipids [31]. The present study is the first to report the detailed 

identification and structural characterization of both saturated and unsaturated FAHFAs, 

including SFAHFAs and MFAHFAs, in human fecal samples.  

Utilizing LC coupled HRMS analysis, we identified 26 isomeric FAHFAs and 

confirmed their structural features by comparing fragmentation patterns with synthesized 

standards. Notably, the detection of unique lipid species, such as MFAHFA 7:0/24:0 and 

MFAHFA 8:0/24:0, points to a broader spectrum of gut-derived lipids than previously 

documented, expanding our understanding of the lipidomic diversity in the human gut. 

Our identification of unsaturated SFAHFAs, such as 2:0/24:1, 3:0/24:1, and 4:0/24:1 

(Figure 3.1), is consistent with the fragmentation patterns observed in our previous study, 

demonstrating comparable retention behaviors and MS/MS profiles [21]. Additionally, 

the discovery of saturated MFAHFAs, including 7:0/24:0 and 8:0/24:0 (Figure 3.2), 

expands the diversity of FAHFAs and enhances the spectrum of gut-derived lipids. These 

lipid species may originate from microbial fermentation of dietary lipids, as MCFAs are 

recognized byproducts of gut microbial metabolism [32]. The co-elution and overlapping 

fragmentation patterns of MFAHFAs with their isomeric SFAHFAs present a 

chromatographic challenge, preventing the clear distinction of structural isomers. This 

issue could be addressed through isotope-labelling experiments [33], which is not 

considered in this study. 

The relative concentrations of the identified SFAHFAs and MFAHFAs in human 

fecal samples showed that SFAHFA 2:0/24:0 or 4:0/22:0, as well as SFAHFA 2:0/24:1, 

were significantly elevated among the saturated and unsaturated species, respectively 

(Figure 3.3). These findings align with a previous study that showed elevated levels of 
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SFAHFAs (4:0/22:0), (3:0/22:0), and (3:0/24:0) in human stool samples [31]. In our prior 

research, we developed an improved method for detecting SFAHFAs in murine samples. 

The results revealed that the levels of PA- and AA-derived SFAHFAs were significantly 

higher in the cecum samples from the control mice compared to those from the HFD 

group [34]. Yasuda et al. demonstrated that the levels of SFAHFAs (also referred to as 

acyl α-hydroxyl fatty acids) were reduced in fecal samples from antibiotic-treated mice 

compared to the control group. This suggests a positive correlation between the gut 

bacteria, specifically Bacteroidales and Clostridiales, and the production of SFAHFAs in 

the gut microbiota [30]. Additionally, previous studies have reported that dietary 

magnesium supplementation enhances the levels of MCFAs, particularly EA and CLA, in 

human stool samples [35]. 

3.5 Conclusion 

In this study, we performed comprehensive identification and mass spectral 

characterization of FAHFA-derived lipid species, including SFAHFAs and MFAHFAs, in 

human fecal samples using advanced LC/MS techniques. Notably, we discovered two 

novel MFAHFA species- EA and CLA esters of long-chain hydroxy fatty acids (C24 and 

C26)—detected for the first time in human fecal samples. Among the characterized lipids, 

SFAHFA 2:0/24:0 or 4:0/22:0 and SFAHFA 2:0/24:1 were found to be the most abundant 

saturated and unsaturated species, respectively, offering novel insights into gut-associated 

lipid metabolism.  This study represents the first report of both known and previously 

unreported FAHFA species in human fecal samples, opening a new avenue for lipidomics 

research. Future studies are essential to elucidate the microbial and host-derived origins, 

biochemical functions, and metabolic pathways of MFAHFAs, thereby advancing our 

understanding of their potential roles in human health. 
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4.1 Introduction 

NDs are a group of chronic and progressive conditions involving the selective loss 

of neurons and their association, leading to motor, cognitive, and behavioral impairments 

[1]. The key pathological features of these disorders include protein misfolding, the 

formation of aggregates, synaptic dysfunction, and neuronal death [2]. AD, Parkinson's 

disease (PD), and Huntington's disease (HD) are the most prevalent NDs and major causes 

of disability in aging populations globally [3]. PD is the second most complex progressive 

ND following AD, it affects to the dopaminergic neurons in the substantia nigra, resulting 

in α-synuclein accumulation and the formation of Lewy bodies, which underlie its motor 

and non-motor symptoms [4]. Similarly, HD is a hereditary disorder caused by cytosine-

adenine-guanine (CAG) trinucleotide expansions in the huntingtin gene, producing a 

toxic protein that drives neuronal loss in the striatum and cortex [5]. While these diseases 

generally manifest during mid to late life, they are often preceded by prolonged periods 

of slow progression, during which molecular alterations occur well before clinical 

symptoms become evident [6].  

However, AD remains the most common progressive NDs and the primary cause 

of dementia in older populations, which is marked by gradual memory loss and cognitive 

decline [7]. In the 21st century, AD has become an ever-growing burden on the public 

health system and economy [8]. The World Health Organization estimates that over 55 

million people suffer from dementia globally (https://www.who.int/news-room/fact-

sheets/detail/dementia (accessed on 11th December 2024)). In the absence of the 

development of effective therapeutic interventions, this number is expected to increase to 

152 million by 2050 (https://www.alz.co.uk/research/world-report-2018). The hallmark 

pathological characteristics of AD include the accumulation of phosphorylated tau (p-tau) 

proteins and amyloid-β (Aβ) peptides in the brain [9]. The disease progresses gradually, 

beginning with an asymptomatic stage, a preclinical stage, followed by the onset of mild 

cognitive impairment (MCI), ultimately leading to the development of dementia [10]. The 

early stages of AD, often characterized by MCI, represent a crucial period for intervention 

to address and modify the risk factors that contribute to cognitive decline and dementia 

[11]. MCI affects over 15% of the population, and its prevalence increases with age [12]. 

Identifying the increased risk of AD in its early stages (MCI) is essential for timely 

preventive interventions [13]. Unfortunately, early detection of AD remains a significant 

https://www.who.int/news-room/fact-sheets/detail/dementia
https://www.who.int/news-room/fact-sheets/detail/dementia
https://www.alz.co.uk/research/world-report-2018
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challenge because of the lack of effective treatments and limited potential for preventing 

its progression [14, 15]. This highlights the importance of identifying innovative and 

reliable biomarkers for the early diagnosis of AD.  

The current diagnostic biomarkers for NDs rely on invasive sampling, 

neuropsychological evaluations, and neuroimaging techniques; however, these 

approaches often lack disease specificity [16,17]. Lipidomic techniques have significant 

potential for identifying novel diagnostic lipid biomarkers of NDs at a certain time [18]. 

Lipids are particularly significant as they constitute approximately 50% of the brain's dry 

weight [19]. Lipids are involved in multiple functions of neuronal membranes, including 

proliferation, apoptosis, structural support, and cell signaling, and influence 

neurodegeneration and cognitive decline [20]. Alterations in brain lipid metabolism 

disrupt the membrane integrity and impair synaptic function, contributing to Aβ 

aggregation and tau hyperphosphorylation [21]. Dysregulation of lipid homeostasis in 

several classes of lipids is associated with the development of NDs and many other 

injuries of the central nervous system via alterations in the composition of PLs, 

plasmalogens, Cer, gangliosides, and sulfatides in the brain [22,23]. Given their critical 

involvement in various biological processes, lipids have attracted attention as potential 

biomarkers for early diagnosis of disease progression [24]. 

Existing studies on lipid metabolism and the pathogenesis of NDs development 

face challenges in fully elucidating the complex association between AD, PD, and HD 

and their changes in the host lipid homeostasis [25], particularly in the context of the MCI 

stage in older adults with AD patients [26]. LC/MS is a widely used technique for the 

lipidomic analysis of different biological samples and the simultaneous characterization 

of hundreds of lipids, which are crucial for the identification of metabolic factors in the 

early detection of AD, PD, and HD pathophysiology [27,28]. Previous studies have 

explored significant alterations in specific lipid classes, particularly SM, CE, PC, LPC, 

PE, lysophosphatidylethanolamine (LPE), PI, MG, TG, and DG, in plasma samples of 

AD patients using LC coupled to TOF and Q-exactive Plus Orbitrap/MS [29,30]. 

Furthermore, lipidomic profiling of cerebrospinal fluid (CSF) samples from patients with 

AD using LC with Q Exactive Plus Hybrid Quadrupole-Orbitrap MS demonstrated a 

significant reduction in PG, monoHexCer, SM, PI, PC, PE, and CE levels in the MCI and 

dementia groups compared with those in the control groups [20]. Additionally, brain 
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tissue lipidome analysis of AD patients showed significant upregulation of PS and TG 

molecular species in mild and severe AD groups, respectively [31]. Another study using 

LC coupled with Synapt XS HRMS for plasma lipidome analysis in AD and PD patients 

reported significant alterations in SPs and GPs. These lipid changes not only distinguished 

healthy controls from diseased individuals but also effectively differentiated PD from AD 

cases [28]. 

However, previous studies on dysregulated lipid metabolism in the 

pathophysiology of NDs progression have been limited to plasma, CSF samples and 

largely restricted their comparisons to a single disease state versus healthy controls. 

Therefore, exploration of lipid biomarkers in readily accessible, non-invasive clinical 

samples such as saliva and fecal samples can be highly beneficial for designing 

interventions in the early stage (MCI) of disease progression. To the best of our 

knowledge, a systematic approach to studying the salivary and fecal lipid profiles in 

patients with MCI and dementia has been lacking; sex- and weight-specific variations 

remain unclear. In this study, we utilized HPLC/LTQ-Orbitrap-MS to systematically 

investigate the comprehensive lipidome of saliva, plasma, and fecal samples obtained 

from healthy individuals and patients with MCI and dementia to determine potent lipid 

biomarkers in the early stage of MCI.  Furthermore, we extended our investigation to 

brain tissues from patients with AD, PD, and HD, enabling the assessment of disease-, 

region-, and sex-specific lipid alterations across advanced stages of neurodegeneration 

and gaining insights into AD, PD, and HD potent differential lipid biomarkers. Together, 

this two-tiered approach—from bio fluids to brain tissue—offers new insights into the 

systemic and localized lipid dysregulation underlying NDs progression and highlights 

potential early lipid biomarkers, as well as lipid species associated with disease severity 

and type. The detailed study design is depicted in Figure 4.1. This study is the first to 

conduct such a comprehensive lipidomic analysis of saliva, plasma, and fecal samples for 

lipid biomarker analysis in the diagnosis of AD in its early stage (MCI). In parallel, we 

analyzed brain tissue samples to uncover disease-specific lipid alterations across AD, PD, 

and HD disorders. In addition, we explored sex-, weight-, and region-specific lipid 

alterations in disease progression.  
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Figure 4.1: Integrated study design for lipidomic analysis of invasive (plasma) and non-

invasive (saliva, fecal) clinical samples from healthy individuals, MCI, and dementia 

patients, as well as brain tissue samples from Healthy volunteers (HV), Alzheimer’s 

disease (AD), Huntington’s disease (HD), and Parkinson's disease (PD) patients. 

4.2 Materials and Methods 

4.2.1 Chemicals and reagents 

The materials used in this study, including solvents and internal standards, were 

the same as those described in Chapter 2, Section 2.1. 

4.2.2 Sample information 

The saliva, plasma, and fecal samples from healthy individuals, MCI patients, and 

dementia patients of older adults were collected and stored in a freezer at -80°C until 

further analysis. The study details are consistent with those provided in Chapter 3, 

Section 3.2.2.  The brain tissue samples from each lobe were collected from healthy 

volunteers, AD, HD, and PD patients.  

4.2.3 Extraction of lipids  

Saliva, plasma, and fecal samples from healthy individuals, MCI, and dementia 

patients of older adults were subjected to total lipid extraction. Briefly, saliva samples 

(150-200 µL) and plasma samples (50 µL) were transferred into a 2 mL Eppendorf tube, 

to which ice-cold methanol (100 µL, with 0.01% BHT) was added. Lipid extraction from 

both saliva and plasma was performed using a modified Folch method, as described in 

Chapter 2, Section 2.2.4. Fecal lipid extraction followed a similar protocol, as outlined 

in Chapter 3, Section 3.2.4. In case of brain tissue samples from healthy volunteers (HV), 

AD, PD, and HD participants, 200 µL aliquots of homogenate from each brain lobe were 
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mixed with ice-cold methanol (100 µL, with 0.01% BHT). Lipids were extracted using 

the same modified Folch method with a CHCl₃: MeOH: Milli-Q ratio of 2:1:0.5 as 

described in Chapter 2, Section 2.2.4. 

4.2.4 Untargeted analysis by LC/MS 

The LC/MS conditions employed for lipid analysis in both negative and positive 

ion modes in this chapter were identical to those previously described in Chapter 2, 

Section 2.2.5. 

4.2.5 Lipid annotation and quantification 

The processing of LC/MS data, lipid identification, and quantification procedures 

were carried out using MS-DIAL software (version 4.9) as described previously in 

Chapter 2, Section 2.2.6. To improve the confidence in lipid identifications, peak 

processing and integration were performed using Xcalibur 2.2 software (Thermo Fisher 

Scientific Inc.), as described previously in Chapter 3, Section 3.2.6.  

4.2.6 Statistical analysis 

The data processing and visualization have been done, as described previously in 

Chapter 2, Section 2.2.7. To thoroughly evaluate the data variation, PCA and orthogonal 

partial least squares discriminant analysis (OPLS-DA) were performed using 

MetaboAnalyst 6.0. (https://www.metaboanalyst.ca), Heatmaps were generated 

following the provided user instructions. Score plots were created to evaluate the 

similarity among different groups, whereas variable importance in projection (VIP) and 

loading plots (model coefficients versus covariance) were used to identify key lipid 

features distinguishing each group. OPLS-DA is a supervised multivariate analysis 

technique that enhances classification accuracy with reduced overfitting compared to 

other multivariate analyses [32]. Statistical analyses were conducted using one-way and 

two-way ANOVA and Tukey’s multiple comparison test to determine significant 

differences (p < 0.05). The Mann-Whitney U test was also used to assess statistical 

differences between the two groups (p < 0.05). All data are expressed as the mean ± SEM. 

 

 

 

https://www.metaboanalyst.ca/
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4.3 Results 

4.3.1. Saliva, plasma, and fecal lipidome profiling in cognitive impairment cohorts 

4.3.1.1 Multivariate analysis of saliva, plasma, and fecal lipidome  

In this pilot study, an untargeted lipidomic tactic was employed to profile the 

structural lipids in saliva, plasma, and fecal samples from healthy individuals and CI 

(MCI and dementia) patients of older adults using HPLC/LTQ-Orbitrap-MS. Detailed 

demographic characteristics of the participants involved in this work are presented in 

Table 4.1. 
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Table 4.1: Demographic data shows the characteristics of the participants across control, MCI, and dementia groups included in the study 

 Saliva Plasma Fecal 

Groups Control MCI Dementia Control MCI Dementia Control MCI Dementia 

No of Participants (n) 81 37 6 60 26 4 87 37 4 

Age in years (mean ± SD) 69.9 ± 

8.2 

74.7 ± 

9.8 
81.8 ± 9.2 

69.9 ± 

8.6 

72.6 ± 

8.7 
78.2 ± 8.9 

69.8 ± 

8.1 

74.8 ± 

9.7 
83.7 ± 7.8 

Gender  

Male (n) 21 15 4 17 11 3 23 14 3 

Female (n) 60 22 2 43 15 1 64 23 1 

BMI (kg/m2)a  

Overweight (OW) 

(BMI: 25 to 29.9 kg/m2) 
50 20 4 33 11 2 53 20 3 

Normal weight (NW) 

(BMI: 18.5 to 24.9 kg/m2) 
29 17 2 26 15 2 32 17 1 

Underweight (UW) 

(BMI: ≤18.5 kg/m2) 
2 - - 1 - - 2 - - 

MOCA score (mean ± SD) 27.7 ± 

1.2  

22.9 ± 

1.8 
15.1 ± 3.7 

27.8 ± 

1.2 

23.0 ± 

1.8 
13.7 ± 3.8 

27.7 ± 

1.3 

22.8 ± 

1.8 
16.7 ± 1.5 
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Multivariate analysis was conducted to elucidate the stage-specific (control, MCI, 

and dementia) group differences in the saliva, plasma, and fecal lipidomes of older adults 

(Figure 4.2). The result of the OPLS-DA analysis of all lipid molecular species identified 

in the stage-specific groups of saliva samples is shown in Figure 4.2A. For instance, the 

score plot shows minor group separation between the control and MCI groups, accounting 

for 45.6% of the total variance in the model (Figure 4.2Ai). Furthermore, the VIP plot 

shows that GLs are responsible for this minor group separation with a VIP score of >2, 

indicating a high VIP score for the identification of plausible biomarker candidates 

(Appendix Figure 4.1A). The score plot in Figure 4.2Aii reveals limited group 

separation between the control and dementia groups, with the model accounting for 48% 

of the total variance. This variation is driven by GLs and GPs (Appendix Figure 4.1A). 

By contrast, the score plot of the MCI and dementia groups shows minor group separation, 

as shown in Figure 4.2Aiii, with the model explaining 56.2% of the total variance. The 

GLs are the key contributors to this differentiation, as evidenced by their high VIP scores 

(VIP > 2) (Appendix Figure 4.1A). The OPLS-DA analysis of all lipid molecular species 

identified in the stage-specific groups of plasma samples is shown in Figure 4.2B. The 

score plot depicted in Figure 4.2Bi demonstrates minor group separation between the 

control and MCI groups, with the model explaining 32.4% of the total variance. The VIP 

plot shows that GPs and GLs are the primary lipid metabolites contributing to the group 

separation (Appendix Figure 4.1B). Similarly, the score plots shown in Figures 4.2Bii 

and 4.2Biii illustrate minor group separation between the control vs. dementia and MCI 

vs. dementia groups, with the total variance of the models 27.7% and 37.8%, respectively. 

The VIP plots highlight that GPs, STs, and SPs are the major lipid metabolites in the 

observed separations (Appendix Figure 4.1B). The results of the OPLS-DA analysis of 

all lipids molecular species identified in fecal samples across stage-specific groups are 

shown in Figure 4.2C. The score plot in Figure 4.2Ci reveals slight differences in the 

lipidome profile between the control and MCI groups, with the model explaining 13.1% 

of the total variance. The VIP plot emphasizes that GLs and FAs are responsible for this 

group separation (Appendix Figure 4.1C). The score plots in Figures 4.2Cii and 4.2Ciii 

depict minor group separations between the control vs. dementia and MCI vs. dementia 

groups with the total variance of the models accounting for 14.7% and 15.9%, 
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respectively. The VIP plot highlights FAs, GLs, and SPs as the major metabolites 

responsible for this group separation (Appendix Figure 4.1C).  

 

Figure 4.2: Multivariate analysis of all lipids molecular species identified in saliva, 

plasma, and fecal samples of control, mild cognitive impairment (MCI), and dementia 

groups of older adults. A. Orthogonal partial least square discriminate analysis (OPLS-

DA) score plot of the saliva samples representing: (i) control vs MCI groups, (ii) control 

vs dementia groups, (iii) MCI vs dementia groups. B. OPLS-DA score plot of the plasma 

samples representing: (i) control vs MCI groups, (ii) control vs dementia groups, (iii) 

MCI vs dementia groups. C. OPLS-DA score plot of the fecal samples representing: (i) 

control vs MCI groups, (ii) control vs dementia groups, (iii) MCI vs dementia groups.  
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4.3.1.2 Distribution of lipid classes and fatty acyl compositions in older adults' saliva, 

plasma, and fecal samples. 

Figure 4.3 illustrates the percentage distribution of major lipid classes, relative 

concentrations of FAs levels, and the ω-6: ω-3 ratio in stage-specific groups of older 

adults across saliva, plasma, and fecal samples. In total, 266, 217, and 260 lipid 

metabolites were detected in the saliva, plasma, and fecal samples, respectively, spanning 

five major lipid classes: FAs, GPs, GLs, SPs, and STs. The stage-specific group 

distribution of these lipid classes across the saliva, plasma, and fecal samples of older 

adults is presented in Figure 4.3A, highlighting the distinct variations in the lipid 

composition across different sample types and disease stages. In the saliva samples, FAs 

are predominant in each group compared to other lipid classes, followed by GLs, GPs, 

and SPs (Figure 4.3Ai). The MCI group had the highest proportion of GLs (31.9%), while 

the control group showed higher SPs (4.5%). Conversely, the dementia group exhibited a 

slightly higher distribution of FAs (50.2%) and GPs (20.5%) than the control and MCI 

groups. In plasma samples, the GPs content was abundant in each group compared to the 

other lipid classes, followed by GLs and FAs (Figure 3Aii). The control group showed 

the highest percentage of GP content (44.6 %) compared to the MCI and dementia groups. 

By contrast, the MCI group showed the highest percentage of FAs (15.3%), whereas the 

dementia group had the highest percentage of GLs (31.8%). FAs dominated the lipid class 

distribution across all groups in the fecal samples, followed by GLs and GPs. The 

dementia group exhibited a slightly higher proportion of FAs (95.7%) than the control 

and MCI groups. Interestingly, the MCI group had a higher percentage of GLs (3.1%) 

than the control and dementia groups. By contrast, the dementia group exhibited a slightly 

higher distribution of FAs (95.7%) compared to the control and MCI groups. The MCI 

and dementia groups displayed a similar percentage distribution of GPs (1.8%).  

SFAs, MUFAs, and PUFAs are categorized as a subclass of FAs. The carbon 

chains of SFAs are indicated by no double bonds, whereas the carbon chains of MUFAs 

contain one double bond, and the carbon chains of PUFAs contain two or more double 

bonds. The bar graph in Figure 4.3B illustrates the relative distributions of SFAs, MUFAs, 

and PUFAs in the saliva, plasma, and fecal samples across the control, MCI, and dementia 

groups. Surprisingly, no statistically significant differences were detected in the overall 

levels of SFAs, MUFAs, and PUFAs across the stage-specific groups in the saliva, plasma, 
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and fecal samples. However, a slight increase in the levels of SFAs, MUFAs, and PUFAs 

was noted in the saliva and plasma samples of the MCI group (Figure 4.3Bi and 4.3Bii). 

By contrast, SFA levels in fecal samples were slightly lower in the MCI group than in the 

control group. Conversely, MUFAs and PUFA levels in fecal samples decreased with 

disease progression. (Figure 4.3Biii).  

The PUFAs were further categorized into ω-3 PUFAs, where the double bond is 

located on the C3 from the methyl end, and ω-6, where the double bond is at C6 from the 

methyl end of the fatty acid chain. The results for the ω-6: ω-3 ratio across the stage-

specific groups of the saliva, plasma, and fecal samples are shown in Figure 4.3C.  In 

saliva samples, the control group exhibited a significantly higher ω-6: ω-3 ratio of 

approximately 18:1 compared to the MCI group. By contrast, no significant differences 

in the ω-6: ω-3 ratio were detected among the control and MCI groups of plasma samples. 

Notably, fecal samples from the dementia group displayed a significantly higher ω-6: ω-

3 ratio of approximately 27:1 compared to the control and MCI groups.  

 

Figure 4.3: Distribution of major lipid classes and fatty acyl levels in control, MCI, and 

dementia groups of saliva, plasma, and fecal samples. A. Donut chart showing the 

percentage distribution of major lipid classes in stage-specific groups of older adults, (i) 

saliva, (ii) plasma, and (iii) fecal samples. B. Changes in SFAs, MUFAs, and PUFAs 

levels in stage-specific groups of older adults, (i) saliva, (ii) plasma, and (iii) fecal samples. 

C. ω-6: ω-3 ratio in stage-specific groups of, (i) saliva, (ii) plasma, and (iii) fecal samples. 
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(Ordinary one-way ANOVA with Tukey’s multiple comparison tests, #p<0.0001, 

**p<0.01, and p>0.05 (ns), saturated fatty acids (SFAs), monounsaturated fatty acids 

(MUFA), and polyunsaturated fatty acids (PUFAs)). 

4.3.1.3 Volcanic plot analysis of stage-specific groups of older adults in saliva, plasma, 

and fecal samples 

Figure 4.4 shows a volcanic plot representing the graph of -log10(p-value) vs. 

log2(fold change) related to the significantly altered lipid molecular species in the stage-

specific groups of saliva, plasma, and fecal samples. The red color on the right side of the 

plot indicates upregulation, and the blue color on the left side of the plot indicates 

downregulation of the lipid molecular species in each group. Volcano plots representing 

lipidome alterations in the saliva samples of the stage-specific groups are presented in 

Figure 4.4A. The results clearly show that several TG molecular species, particularly 

oleic acid or linoleic-acid-composed TG, oxidized TG, and FAs such as FA 20:5, FA 22:5, 

and FA 20:4, were upregulated in the MCI group compared to the control group (Figure 

4.4Ai). In comparison between the control and dementia groups shows that GPs such as 

LPE 22:5, LPE 20:4, and PI (18:0/20:4) were upregulated in the dementia group 

compared to the control group (Figure 4.4Aii). Figure 4.4Aiii shows that TG 

(22:0/18:1:18:2), TG (22:0/18:2:18:2), and LPI 24:0 were upregulated in the dementia 

group compared to the MCI group. Volcanic plots of plasma lipidome alterations in the 

stage-specific groups are shown in Figure 4.4B and indicate the upregulation of FA 12:0, 

FA 20:4, FA 20:5, FA 22:5, LPC 14:0, LPE 22:5, LPC 22:5, and many other lipid 

molecular species in the MCI group. Conversely, CE 18:2 was downregulated in the MCI 

group relative to the control group (Figure 4.4Bi). In the comparison between the control 

and dementia groups, LPC 16:1, PI (16:0/20:5), HexCer (d18:0/21:0;O), HexCer 

(d18:0/15:0;O), and several other lipid molecular species were upregulated in the 

dementia group compared to the control group (Figure 4.4Bii). Figure 4.4Biii highlights 

the upregulation of CE 18:1 and CE 18:2 in the dementia group compared to the MCI 

group. Volcanic plots depicting fecal lipid alterations in stage-specific groups are 

presented in Figure 4.4C. The results clearly show that most of the TG and DG molecular 

species, particularly the TG- and DG-containing medium-chain fatty acids (TG-MCFAs 

and DG-MCFAs), as well as many other lipid molecular species, were upregulated in the 
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MCI group. By contrast, FAHFAs and many other lipid molecular species are 

downregulated in the MCI group compared to those in the control group, as shown in 

Figure 4.4Ci. In comparison between the control and dementia groups showed that 

upregulation of lipid species such as LPE 18:1, LPE 16:0, and TG (16:0/20:0/18:1) was 

observed in the dementia group compared to the control group (Figure 4.4Cii). Figure 

4.4Ciii reveals the upregulation of several FAHFAs and other lipid molecular species in 

the dementia group. However, TG (16:0/18:2/18:3), TG (18:1/18:1/18:2), and TG 

(16:0/18:1/18:2) levels are downregulated in the dementia group than in the MCI group. 

Appendix Figure 4.2A-C shows the heatmaps of the top 50 altered lipid molecular 

species in stage-specific groups across the saliva, plasma, and fecal samples of older 

adults. 

 

Figure 4.4: Volcanic plot representing significantly altered lipids (t-test, p < 0.1) in the 

control, MCI, and dementia groups of saliva, plasma, and fecal samples. A. Volcanic plot 

for significantly altered lipids in saliva samples for, (i) control vs MCI groups. (ii) control 

vs dementia groups. (iii) MCI vs dementia groups. B. Volcanic plot for significantly 

altered lipids in plasma samples for: (i) control vs MCI groups. (ii) control vs dementia 
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groups. (iii) MCI vs dementia groups. C. Volcanic plot for significantly altered lipids in 

fecal samples for: (i) control vs MCI groups. (ii) control vs dementia groups. (iii) MCI vs 

dementia groups. 

4.3.1.4 Identification of lipid biomarkers for early-stage diagnosis of MCI patients 

in older adults. 

Receiver operating characteristic (ROC) analysis was conducted to evaluate the 

diagnostic potential of lipid metabolites that were significantly altered between the 

control and MCI groups in the saliva, plasma, and fecal samples of older adults (Figure 

4.5A). The selection of lipid metabolites for ROC analysis was performed using 

MetaboAnalyst 6.0.  

Among the altered lipid metabolites in saliva samples between control and MCI 

groups, FA 18:3 exhibited high discriminatory potential, with an area under the curve 

(AUC) value of 0.6947 (Figure 4.5Ai). By contrast, FA 22:5 and CE 18:2 demonstrated 

moderate diagnostic effects, with AUC values of 0.5526 and 0.5475, respectively (Figure 

4.5Aii – 4.5Aiii). Altered lipid metabolites in plasma samples from control and MCI 

groups demonstrated good diagnostic potential for CE 18:2, with a high AUC value of 

0.6865 (Figure 4.5Aiv). However, FA 22:5 and FA 18:3 showed moderate diagnostic 

effects, with AUC values of 0.6090 and 0.5840, respectively (Figure 4.5Av – 4.4Avi). 

Similarly, in fecal samples, CE 18:2 demonstrated a high diagnostic value, with an AUC 

value of 0.6095 (Figure 4.5Avii). However, FA 18:3 and FA 22:5 exhibited moderate 

diagnostic potency, with AUC values of 0.5166 and 0.5026, respectively (Figure 4.5Aviii 

– 4.5Aix). 

The variation of the TG-MCFAs and DG-MCFAs molecular species between the 

control, MCI, and dementia groups in the saliva, plasma, and fecal samples is further 

examined in Figure 4.5B. The bar graph shows the Mean ± SEM of the relative 

concentrations of the individual TG-MCFAs and DG-MCFAs species in the respective 

saliva, plasma, and fecal samples groups. In saliva samples, the levels of TG-MCFAs 

were found to decrease with disease progression for patients in both the MCI and 

dementia groups compared to the control group as shown in Figure 4.5Bi. In the plasma 

samples, a slight increase in TG-MCFAs was observed in patients in the MCI group 

compared to the control and dementia groups (Figure 4.5Bii). Conversely, in fecal 
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samples, both TG-MCFAs and DG-MCFAs levels were elevated in the MCI group 

compared to those in the control group, suggesting the potential excretion of these lipids 

in MCI patients (Figure 4.5Biii). These findings suggest that specific lipid metabolites, 

including FA 18:3, FA 22:5, CE 18:2, and TG-MCFAs, may serve as promising non-

invasive lipid biomarkers for the early-stage (MCI) disease progression. 

Figure 4.5: Receiver operating characteristics (ROC) analysis and triacylglycerols and 

diacylglycerol containing medium chain fatty acid (TG-MCFAs and DG-MCFAs) levels 

in stage-specific groups of saliva, plasma, and fecal samples A. ROC analysis for 

significantly altered lipid species in control vs MCI groups of, (i-iii) saliva samples. (iv-

vi) plasma samples, and (vii-xi) fecal samples B. Bar plots representing: (i) Changes in 

TG-MCFAs levels in stage-specific groups of saliva samples, (ii) Changes in TG-MCFAs 

levels in stage-specific groups of plasma samples, (iii) Changes in TG-MCFAs and DG-

MCFAs levels in stage-specific groups of fecal samples (Ordinary two-way ANOVA with 

Tukey’s multiple comparison tests, **p<0.01, *p<0.1, and p>0.05 (ns), triacylglycerols 

(TGs), and diacylglycerols (DGs). 

4.3.1.5 Sex-specific lipid fingerprinting in MCI patients of saliva, plasma, and fecal 

samples of older adults. 

A recent study has highlighted sex-based differences in the prevalence of MCI and 

dementia, with females reportedly at a higher risk than males [33]. To investigate sex-

specific lipid alterations associated with MCI, we analyzed saliva, plasma, and fecal 
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samples from male and female participants categorized into control and MCI groups. The 

results of multivariate OPLS-DA analysis of the sex-specific lipid distribution in the 

saliva, plasma, and fecal samples of control and MCI groups are shown in Figure 4.6A. 

The score plot illustrates the minor group separation between the control and MCI groups 

among both male and female participants in saliva samples, explaining 13.5% and 50.4% 

of the total variance in the model, respectively (Figure 4.6 Ai and Aii). The VIP plot 

shows that GPs, GLs, and FAs are the primary lipid metabolites contributing to group 

separation (Appendix Figure 4.3A). In plasma samples, the score plot depicted in Figure 

4.6Aiii demonstrates a clear group separation between the control and MCI groups of 

male participants, accounting for 28.6% of the total variance in the model. GPs, FAs, and 

SPs are the key contributors to this major differentiation, as evidenced by their high VIP 

scores (> 2) (Appendix Figure 4.3B). By contrast, the score plot of the female 

participants exhibited only minor group separation, indicating minimal lipid 

compositional differences, with 31.5% of the total variance in the model (Figure 4.6Aiv). 

This variation is driven by GPs and STs (Appendix Figure 4.3B). For fecal samples, both 

male and female participants showed minor group separation between the control and 

MCI groups, with the model explaining 17.9% and 12.4% of the total variance, 

respectively (Figure 4.6Av and Avi). The VIP plot shows that GLs, FAs, and SPs are the 

primary lipid metabolites contributing to group separation (Appendix Figure 4.3BC). 

Figure 4.6B presents volcanic plots illustrating sex-specific lipid alteration in the 

control and MCI groups of saliva, plasma, and fecal samples in terms of -log10 (p-value) 

vs. log2 (fold change) values. The volcano plot results for saliva samples show no 

differences between the control and MCI groups for male participants (Figure 4.6Bi). 

However, for female participants, specific lipids such as FA 18:3 and oleic acid or linoleic 

acid-composed TGs are upregulated in the MCI group compared to those in the control 

group (Figure 4.6Bii). For plasma samples, male participants with MCI showed 

upregulation of PI (20:4/17:1;O1), LPC 14:0, and other lipid molecular species, whereas 

HexCer (d18:1/23:1;O) was downregulated (Figure 4.6Biii). For female participants, 

several lipids were differentially expressed, with the upregulation of LPC 22:5, LPE 22:5, 

FA 12:0, HexCer (d18:0/21:0;O), LPC 22:6, and PS (18:0/18:1), and the downregulation 

of CE 18:1 and CE 18:2 observed in patients with the MCI compared to control groups 

(Figure 4.6Biv). Fecal samples revealed distinct sex-specific lipid alterations in control 
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and MCI groups. The volcano plot results for male participants show upregulation of FA 

22:5;(2OH), FA 24:0;(2OH), FA 25:0;(2OH), and downregulation of TG (16:0/16:1/18:1), 

FAHFA (18:1/24:5;O), and PG (O-18:2/16:0) in the MCI group compared to the control 

group (Figure 4.6Bv). However, for female participants, FA 10:0, PE (15:0/17:0), TG- 

and DG-MCFAs, and many other lipid molecular species are significantly upregulated in 

the MCI group, while FAHFAs and other lipid molecular species were downregulated in 

the MCI group compared to the control patients (Figure 4.6Bvi).  

To further elucidate the significant lipid alterations between the control and MCI 

groups, we examined the upregulated and down-regulated lipid molecular species in male 

and female participants across saliva, plasma, and fecal samples, as shown in Figure 4.6C. 

Bar graphs depict the mean ± SEM of the relative concentrations of these significantly 

altered lipid species in the respective groups. In saliva samples, FA 18:3 was notably 

elevated in female participants with MCI compared to males. However, no other lipid 

species demonstrated significant differences between the male and female participants in 

the saliva samples (Figure 4.6Ci – 4.6Civ). In plasma samples, LPC 22:5 was 

significantly increased in female participants, while PI (20:4/17:1;O1) was significantly 

elevated in male participants of the MCI group compared to the control group. Conversely, 

HexCer (d18:1/23:1;O) and CE 18:2 were significantly decreased in male and female 

participants, respectively, in patients with MCI compared to the control group (Figure 

4.6Cv – 4.6Cviii). In fecal samples, FAHFA (18:1/24:4;O) levels were significantly 

decreased in female participants of the MCI group. However, no other lipid species 

exhibited significant differences between male and female participants in fecal samples 

(Figure 4.6Cix – 4.6Cxii). Appendix Figure 4.4A-C, provided in the Supporting 

Information show the heatmaps of the top 50 altered lipid molecular species in male and 

female participants of control and MCI groups across saliva, plasma, and fecal samples 

of older adults. 
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Figure 4.6: Sex-specific lipidome alternation in control and MCI groups of saliva, plasma, 

and fecal samples. A. Multivariate orthogonal partial least square discriminate analysis 

(OPLS-DA) score plot analysis of control and MCI groups for: (i) male saliva samples, 

(ii) female saliva samples, (iii) male plasma samples, (iv) female plasma samples, (v) 

male fecal samples, and (vi) female fecal samples. B. Volcanic plot representing 

significantly altered lipids (t-test, p < 0.1) in the control and MCI groups for (i) male 

saliva samples, (ii) female saliva samples, (iii) male plasma samples, (iv) female plasma 

samples, (v) male fecal samples, and (vi) female fecal samples. C. Bar graph representing 

significantly altered lipids among male and female participants in the control and MCI 

groups of, (i-vi) saliva samples, (v-viii) plasma samples, and (ix-xii) fecal samples 

(Mann-Witney U tests, **p<0.01, *p<0.1, and p>0.05 (ns)) 

4.3.1.6 Bodyweight-specific lipidome alteration in MCI patients of saliva, plasma, 

and fecal samples of older adults. 

Body mass index (BMI) is a standard measure used to assess the height/weight 

characteristics of adults, categorizing them into underweight (UW), normal-weight (NW), 
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and overweight (OW) groups [34]. The participants with BMI < 18.5, BMI 18.5 ~ 24.9, 

and BMI ≥ 25 were grouped as underweight (UW), normal weight (NW), and overweight 

(OW), respectively. 

Body-weight-specific lipid alterations associated with MCI in the saliva, plasma, 

and fecal samples of older adults in the NW and OW groups were analyzed. UW 

participants were not considered in this analysis because of the discrepancies in the 

sample size. The results of multivariate OPLS-DA analysis of bodyweight-specific lipid 

distribution in patients with MCI across saliva, plasma, and fecal samples are presented 

in Figure 4.7A. The score plot illustrates the minor group separation between the control 

and MCI groups among both NW and OW participants for saliva samples, explaining 

60.3% and 50.5% of the total variance in the model, respectively (Figures 4.7Ai and Aii). 

The VIP plot indicated that GLs and FAs are the primary lipid metabolites contributing 

to the group separation (Appendix Figure 4.5A). For plasma samples, the score plots 

(Figures 4.7Aiii and 4.7Aiv) show a subtle separation between the control and MCI 

groups for both NW and OW participants, with minimal differences in lipid composition. 

The model explains 34.1% of the total variance, with GPs, FA, and SPs identified as the 

key contributors to the observed separation (Appendix Figure 4.5B). By contrast, the 

fecal samples show minor group separation between the control and MCI groups for both 

NW and OW participants, with the model accounting for 18.7% and 13% of the total 

variance, respectively (Figure 4.7Av and 4.7Avi). The VIP plot shows that GPs, GLs, 

and FAs are the primary lipid metabolites contributing to group separation (Appendix 

Figure 4.5C).  

Figure 4.7B presents volcano plots illustrating body-weight-specific lipid 

alterations in the saliva, plasma, and fecal samples of the control and MCI groups, with 

data expressed as -log10 (p-value) vs. log2 (fold change) values. For NW participants, the 

volcano plot results for saliva samples show upregulation of FA 18:3, FA 20:4, FA 22:5, 

and many other lipid molecular species in the MCI group compared to the control group. 

Conversely, TG (17:1/18:1/20:1) was downregulated in the MCI group compared to the 

control group (Figure 4.7Bi). However, for OW participants, oleic acid or linoleic acid-

containing TG molecular species are upregulated in the MCI group compared to the 

control group (Figure 4.7Bii). The volcano plot results for plasma samples show 

upregulation of the LPC 14:0, LPE 22:5, and many other lipid molecular species in the 
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MCI group compared to the control group of NW participants. Conversely, CE 18:1 and 

CE 18:2 were downregulated in the MCI group compared to the control group of NW 

participants (Figure 4.7Biii). However, for OW participants, LPC 22:6, LPE 18:3, and 

LPC 16:1 are upregulated, and HexCer (d18:1/23:1;O) is downregulated in the MCI 

group compared to the control group (Figure 4.7Biv). The volcano plot results for fecal 

samples show upregulation of DG molecular species, particularly DG-MCFAs, and many 

other lipid molecular species, and significant downregulation of FAHFAs, and FAs in the 

MCI group compared to the control group of NW participants (Figure 4.7Bv). By contrast, 

for OW participants, LPE 18:0, PE (15:0/17:0), HexCer (t18:0/24:0(2OH)), and DG 

(10:0/12:0) are upregulated in the MCI group. However, FAHFA (18:1/24:4;O) and 

FAHFA (18:1/24:5;O) are downregulated in the MCI group compared to the control group 

(Figure 4.7Bvi).  

We further investigated the significant alterations in the up- and down-regulated 

lipid molecular species in the saliva, plasma, and fecal samples of patients with MCI 

across NW and OW participants, as illustrated in Figure 4.7C. The bar graph illustrates 

the Mean ± SEM of the relative concentrations of the significantly altered lipid molecular 

species in the respective groups. In saliva samples, FA 18:3 was significantly increased 

in the MCI group of both NW and OW groups. However, no other lipid species displayed 

significant differences between NW and OW participants in the saliva samples (Figure 

4.7Ci – 4.7Civ). In the plasma samples, LPC 14:0 was significantly increased in the NW 

participants with MCI compared to OW participants, while CE 18:2 was significantly 

lower in the NW participants of the MCI group compared to the OW group. However, 

other species showed no significant differences between NW and OW participants of 

plasma samples (Figure 4.7Cv – 4.7Cviii). In fecal samples, FAHFA (18:1/24:4;O) and 

TG (16:0/16:0/18:1) levels were significantly decreased for both NW and OW 

participants in the MCI group. However, other species showed no significant differences 

between NW and OW participants of fecal samples (Figure 4.7Cix – 4.7Cxii). Appendix 

Figure 4.6A-C shows the heatmaps of the top 50 altered lipid molecular species in control 

and MCI groups of NW and OW participants across saliva, plasma, and fecal samples of 

older adults. 
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Figure 4.7: Weight-specific lipidome alternation in control and MCI groups of saliva, 

plasma, and fecal samples. A. Multivariate orthogonal partial least square discriminate 

analysis (OPLS-DA) score plot analysis of control and MCI groups for: (i) NW saliva 

samples, (ii) OW saliva samples, (iii) NW plasma samples, (iv) OW plasma samples, (v) 

NW fecal samples, and (vi) OW fecal samples. B. Volcanic plot representing significantly 

altered lipids (t-test, p < 0.1) in the control and MCI groups for (i) NW saliva samples, 

(ii) OW saliva samples, (iii) NW plasma samples, (iv) OW plasma samples, (v) NW fecal 

samples, and (vi) OW fecal samples. C. Bar graph representing significantly altered lipids 

among NW and OW participants in the control and MCI group of, (i-vi) saliva samples, 

(v-viii) plasma samples, and (ix-xii) fecal samples (Mann-Witney U tests, **p<0.01, 

*p<0.1, and p>0.05 (ns)) 
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4.3.2 Comprehensive brain lipidome profiling in neurovegetative disorders 

4.3.2.1 Multivariate analysis of brain lipidome 

In this study, brain tissue samples from the frontal, temporal, parietal, and 

occipital regions were collected from healthy individuals and patients diagnosed with AD, 

PD, and HD. Total lipids were extracted from each brain region, followed by untargeted 

lipidomic analysis using HPLC/LTQ-Orbitrap-MS. Detailed demographic characteristics 

of the participants involved in this work are presented in Table 4.2.  

Table 4.2: Characteristics of the participants across healthy volunteers (HV), Alzheimer’s 

disease (AD), Parkinson’s disease (PD), and Huntington’s disease (HD) groups included 

in the study 

Condition 

Tissue samples of the cerebral cortices 
Age 

(Years) 

Analysis 

time Frontal Temporal Parietal Occipital 

Healthy 

Volunteer 

(HV) 

Male Male Male Male 57 12.6 

Male Male Male Male 76 22.2 

Male Male Male Male 67 12.3 

Female Female Female Female 73 18.5 

Female Female Female Female 55 19.7 

Female Female Female Female 75 15.4 

Alzheimer’s 

disease 

(AD) 

Male Male Male Male 76 9.8 

Male Male Male Male 76 13.8 

Male Male Male Male 81 15.8 

Female Female Female Female 78 19.3 

Female Female Female Female 66 15.7 

Female Female Female Female 45 16.2 

Parkinson’s 

disease (PD) 

Male Male Male Male 82 13.0 

Male Male Male Male 87 11.2 

Male Male Male Male 73 30.6 

Female Female Female Female 72 14.7 

Female Female Female Female 64 16.2 

Female Female Female Female 81 14.8 

Huntington’s 

disease 

(HD) 

Male Male Male Male 37 7.3 

Male Male Male Male 77 15.3 

Male Male Male Male 49 12.7 

Female Female Female Female 68 11.0 

Female Female Female Female 79 16.0 

Female Female Female Female 69 8.6 
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Figure 4.8 represents the various classes of lipid species identified across the 

different brain regions and their corresponding multivariate analyses. The analysis of 

brain tissue samples from the frontal, parietal, occipital, and temporal regions identified 

a total of 291 lipid species across multiple lipid classes, as shown in Figure 4.8A. Among 

these, 40 were identified as FAs, followed by 38 PCs, 35 PEs, 22 PSs, 19 CLs, 18 PGs, 

15 PIs, 13 Cer, 11 TGs, 10 SMs, 14 HexCer, and AHexCer. The multivariate PCA score 

plot of annotated lipid species from the different regions of brain tissue samples across 

HV, HD, PD, and AD groups is illustrated in Figure 4.8B. Principal components 1 and 2 

together accounted for 80.8% of the total variance, with component 1 explaining 52.2% 

and component 2 contributing 28.6% of the variance. 

The PCA analysis revealed minor separation between the HV and AD groups, 

indicating relatively subtle lipidomic differences. In contrast, a more distinct separation 

was observed between the HV and HD, PD groups. Interestingly, the HD and PD groups 

showed considerable overlap in their lipidomic profiles, suggesting shared alterations in 

lipid metabolism. Appendix Figure 4.7A presents the loading plot of the components 

that influence the group separations observed in the PCA. This plot highlights key lipid 

species, particularly FAs and GPs, that exhibit high positive or negative loading scores, 

contributing significantly to the variance and driving group separation along the first and 

second principal components. These results indicate that specific lipids play a crucial role 

in the observed group separation and in defining the distinct lipidomic profiles of the 

different disease groups. Further, the pairwise OPLS-DA analysis was performed to 

evaluate the lipidomic differences between the HV and each of their disease groups (AD, 

PD, and HD), allowing for individual assessment of disease-specific lipidomic alterations. 

The OPLS-DA score plot revealed a clear group separation between the HV and AD 

patients, as illustrated in Figure 4.8C. The two components of the T scores, T score 1 and 

T score 2, accounted for 28.6% of the total variance in the model, with T score 1 

contributing 21.4% of the variance. This separation reflects significant alterations in lipid 

composition associated with AD pathology. Furthermore, the VIP plot shows that SPs and 

GPs are responsible for this clear group separation with a VIP score of >2, indicating a 

high VIP score for the identification of plausible biomarker candidates (Appendix Figure 

4.7B). The OPLS-DA score plot in Figure 4.8D illustrates the clear group separation 

between the HV and HD patients.  The model accounted for a total variance of 30.8%, 
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with T score 1 explaining 20.8% variance, respectively. This variation is driven by FAs 

and GPs, as identified in the corresponding VIP plot (Appendix Figure 4.7C). The 

OPLS-DA score plot depicted in Figure 4.8E reveals a clear group separation between 

the HV and PD patients, with the model accounting for a total variance of 43%, with T 

score 1 explaining 19.4% of the variance. The VIP plots highlight that FAs and GPs were 

the major metabolite contributors to this group separation (Appendix Figure 4.7D). 

 

Figure 4.8: A. Different classes of lipid species were identified in brain tissue samples 

from HV, AD, HD, and PD patients. B. PCA score plot of the brain tissue samples from 

the HV, AD, HD, and PD groups of neurodegenerative patients. C. OPLS-DA score plot 

of the brain tissue samples from the HV and AD groups. D. OPLS-DA score plot of the 
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brain tissue samples from the HV and HD groups. E. OPLS-DA score plot of the brain 

tissue samples from the HV and PD groups.  

4.3.2.2 Disease-specific alteration in brain lipidome across AD, PD, and HD 

The volcano plot displays the distribution of significantly altered lipids between 

the HV and disease groups (AD, HD, and PD) of brain lipidome by plotting a graph of 

−log10(p-value) against log2(fold change), thereby highlighting lipids with both statistical 

significance and substantial fold changes (Figure 4.9A). Lipid species that are 

significantly upregulated in the disease group are represented in red on the right side, 

while those that are significantly downregulated appear in blue on the left side, reflecting 

group-specific alterations in lipid abundance. In the comparison between HV and AD 

groups, the volcano plot revealed a distinct upregulation of AHexCer (d(O-

18:1)18:1/15:0;O) and PS (16:1/24:0;O) in the AD group compared to the HV group. 

However, several lipid species, such as LPC 17:2, PG (24:0/18:1;O2), LPC 18:2, PI (O-

16:1/17:1), PC (O-22:5/19:3), and FA 22:4;(2OH), were found to be significantly 

decreased in the brain tissue samples of AD group. In the comparison between the HV vs 

HD groups, the volcano plot revealed a distinct upregulation of lipid species, including 

PC (O-22:5/17:3), PS (O-17:0/22:6), FA 18:0, and many other lipid species in the HD 

group. Conversely, lipids such as AHexCer (d(O-18:1)18:1/15:0;O), AHexCer (d(O-

18:1)18:2/24:1;O), AHexCer (d(O-18:1)18:3/26:1;O), and many other lipid molecular 

species are downregulated in the HD group compared to the HV group. A similar lipidome 

alteration was observed in the comparison between HV vs PD groups. The volcano plot 

revealed significant upregulation of several lipid species in the PD group, including PS 

(O-17:0/22:6), PC (O-22:5/17:3), and FA 18:0, along with other differentially expressed 

lipids. In contrast, a marked downregulation of specific lipids, such as AHexCer (d(O-

18:1)18:1/15:0;O), and AHexCer (d(O-18:1)18:3/26:1;O), along with several other lipid 

molecular species, was observed in the PD group compared to HV group. Significantly 

altered lipid molecular species (p < 0.05) based on their fold change and p-value across 

HV vs AD, HD, and PD patients are shown in Appendix Tables 4.1-4.3. 

The heat map depicting the top 30 significantly altered lipid species (based on p-

value significance) across the HV, AD, HD, and PD groups is shown in Figure 4.9B. 

Lipid abundance is represented by a color gradient, with intense red indicating higher 
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concentrations and deep blue representing lower concentrations within each group. 

Compared to the HV group, the AD group displayed pronounced alterations in the brain 

lipidome. Notably, lipids such as AHexCer (d(O-18:1)18:1/15:0;O), AHexCer (d(O-

18:1)18:2/24:1;O), AHexCer (d(O-18:1)18:3/26:1;O), and SM (d18:1/16:1) were 

significantly elevated in AD patients. In the HD group, a distinct increase was observed 

in lipid species including PS (18:0/22:4), PC (O-22:5/19:3), PC (O-22:5/17:3), FA 18:0, 

CL 70:0, and CL 74:5. In the case of the PD group, lipid species such as CL 70:0 and PC 

(O-22:5/19:3) exhibited similar trends to those observed in the HD group. In addition, 

several other lipid molecules, including FAs and CLs species exhibited in the top of the 

heatmap, were found to be increased in the PD group compared to the HV group. 

ROC curve analysis was conducted to assess the diagnostic potential of the 

significantly altered lipid species in the AD, HD, and PD groups, as shown in Figure 

4.9C. To further illustrate their discriminatory power, a bar graph representing the mean 

± SEM of the relative concentrations of these lipids across the respective groups is also 

presented. Among the altered lipid metabolism in brain tissue samples of AD, HD, and 

PD groups, AHexCer (d(O-18:1)18:1/15:0;O) demonstrated the strongest diagnostic 

performance, showing an AUC value of 0.8125 in the AD group and a perfect 1.000 in 

both HD and PD groups. The bar graph depicting the relative abundance of this lipid 

revealed a significant increase in the AD group, whereas a marked decrease was observed 

in both HD and PD groups compared to the HV group. Another key lipid, PS (O-

17:0/22:6), exhibited excellent diagnostic potential for HD (AUC = 1.000) and PD (AUC 

= 0.9167), but not for AD (AUC = 0.5126). Consistently, its levels were significantly 

increased in HD and PD groups, with no notable change observed in the AD group. 

Similarly, PC (O-22:5/19:3) showed a robust diagnostic performance across all three 

neurodegenerative disorders, with AUC values of 0.7465, 0.9479, and 0.8785 for AD, HD, 

and PD groups, respectively. However, its abundance displayed an inverse pattern- 

significantly decreased in AD but markedly increased in both HD and PD groups 

compared to HV. These findings suggest that while certain lipid species may be broadly 

altered across neurodegenerative disorders, their directionality and diagnostic relevance 

vary depending on the specific condition. 
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Figure 4.9: A. Volcanic plot representing significantly altered lipid levels (p < 0.05) in 

the brain samples of HV vs AD, HV vs HD, HV vs PD. B. Hierarchical cluster correlation 

analysis of the top 25 significantly altered lipids (p < 0.05) in HV, AD, HD, and PD groups. 

C. Bar graph and ROC analysis of significantly altered lipids in AD, HD, and PD groups 

(Ordinary one-way ANOVA, #p< 0.0001, ***p<0.001, **p<0.01, *p<0.05, 0.1(ns)). All 

data are represented as mean ± SEM. 

4.3.2.3 Sex-specific brain lipid fingerprinting across AD, PD, and HD 

To explore sex-specific lipidome variations associated with neurodegenerative 

disorders, we analyzed brain tissue samples from both male and female participants, 

stratified into HV, AD, HD, and PD groups. Figure 4.10A presents volcanic plots 

illustrating sex-specific lipid alteration in the HV and disease groups (AD, HD, and PD) 

of brain lipidome by plotting a graph of −log10(p-value) against log2(fold change). The 

volcano plot for HV vs AD groups reveals significant upregulation of AHexCer (d(O-

18:1)18:1/15:0;O), and HexCer (d18:1/23:0;O) in the male participants of the AD group 
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compared with the HV group (Figure 4.10A). However, a few lipid molecules, such as 

PG (24:0/18:1;O2), LPC 17:2, PI (O-16:1/17:1), LPC 18:2, CL 81:6, PI (O-16:1/17:1), 

and PC (O-22:5/19:3), are downregulated in the male participants of the AD group 

compared with the HV group. In the case of female participants, AHexCer (d(O-

18:1)18:1/15:0;O), AHexCer (d(O-18:1)18:2/24:1;O), SM (d18:1/18:1), and many other 

lipid molecular species were upregulated in the AD group. In contrast, the lipids LPC 

18:2, LPC 17:2, LPC 22:6, and many other lipid molecules were downregulated in the 

AD group compared to the HV group, as described in Figure 4.10A.  

In the comparison between the HV vs HD groups, the volcano plot revealed a 

distinct upregulation of lipid species, including PC (O-22:5/17:3), PS (O-17:0/22:6), FA 

18:0, and several other lipid molecular species in the HD group of male participants. 

Conversely, lipids such as AHexCer (d(O-18:1)18:1/15:0;O), AHexCer (d(O-

18:1)18:2/24:1;O), AHexCer (d(O-18:1)18:3/26:1;O), and many other lipid molecular 

species are downregulated in the HD group compared to the HV group Figure 4.10A). In 

female participants, a similar trend of upregulation was observed, with elevated levels of 

PC (O-22:5/19:3), PC (O-22:5/17:3), PS (O-17:0/22:6), FA 18:0, and many other lipid 

molecular species in the HD group compared to the HV group. In contrast, the lipids 

AHexCer (d(O-18:1)18:1/15:0;O), AHexCer (d(O-18:1)18:2/24:1;O), AHexCer (d(O-

18:1)18:3/26:1;O), PC (O-22:5/19:2), and many other lipid molecules were 

downregulated in the HD group compared to the HV group, as described in Figure 4.10A.  

Similarly, in the comparison between the HV vs PD groups, the volcano plot 

revealed a distinct upregulation of lipid species, including PC (O-22:5/17:3), PS (O-

17:0/22:6), CE 18:1, FA 18:0, and many other lipid species in the PD group of male 

participants compared with the HV group. Conversely, lipids such as AHexCer (d(O-

18:1)18:1/15:0;O), AHexCer (d(O-18:1)18:2/24:1;O), AHexCer (d(O-18:1)18:3/26:1;O), 

and many other lipid molecular species are downregulated in the PD group compared to 

the HV group (Figure 4.10A). In the case of female participants, the lipidomic alterations 

paralleled those in males, with upregulation of PC (O-22:5/17:3), PS (O-17:0/22:6), and 

many other lipid molecular species in the PD group compared with the HV group. 

Interestingly, AHexCer (d(O-18:1)18:1/15:0;O), and many other lipid molecular species 

showed marked downregulation in the PD group compared to the HV group, as described 

in Figure 4.10A.  
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To further elucidate the significant lipid alterations between the HV and disease 

groups (AD, HD, and PD), we investigated sex-specific changes in the relative 

concentrations of upregulated and downregulated lipid molecular species in brain tissue 

samples, as illustrated in Figure 4.10B. The bar graphs represent the mean ± SEM of the 

significantly altered lipid species across male and female participants. 

In the AD group, AHexCer (d(O-18:1)18:1/15:0;O) was significantly elevated in female 

participants compared to the HV group, while no significant difference was observed in 

males. In contrast, SM (d18:1/18:1) was significantly increased in both male and female 

participants of AD group compared to the HV group (Figure 4.10B). In the HD group, 

AHexCer (d(O-18:1)18:1/15:0;O) was significantly decreased in both sexes compared to 

the HV group. On the other hand, PS (O-17:0/22:6) showed a significant upregulation in 

the HD group of both sexes compared to the HV group (Figure 4.10B). In the PD group, 

AHexCer (d(O-18:1)18:1/15:0;O) demonstrated a similar downregulation trend as 

observed in HD, being significantly decreased in the PD group of both sexes compared 

to the HV group. Conversely, PC (O-22:5/19:3) was significantly upregulated in both 

sexes within the PD group compared to the HV group (Figure 4.10B). 

 

Figure 4.10: A. Volcanic plot representing significantly altered lipid levels (p < 0.05) in 

the brain samples of HV vs AD, HV vs HD, HV vs PD in male and female participants. 
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B. Bar graph representing significantly altered lipids in AD, HD, and PD groups in male 

and female participants (Ordinary one-way ANOVA, #p< 0.0001, ***p<0.001, **p<0.01, 

*p<0.05, 0.1(ns)). All data are represented as mean ± SEM. 

4.3.2.4 Region-specific brain lipidome alterations in AD, PD, and HD 

To investigate the spatial distribution of significantly altered lipid species across 

different brain regions, we constructed brain lobe-specific heatmaps complemented by 

bar graphs showing the relative abundances of these lipids in control (HV), AD, HD, and 

PD groups. As illustrated in Figure 4.11, the heatmaps highlight the differential 

expression of lipid species in distinct brain lobes (frontal, temporal, parietal, and 

occipital) for AD, HD, and PD groups. The bar graphs show the mean ± SEM of its 

concentration in each brain region, enabling direct comparison between disease and 

control groups.  

The results revealed a disease-specific and region-specific alteration pattern for 

AHexCer (d(O-18:1)18:1/15:0;O). This lipid was markedly elevated in the AD group, 

particularly in the parietal lobe, showing the highest concentration, followed by a 

significant increase in the occipital lobe. In contrast, in both HD and PD groups, this lipid 

was significantly downregulated, with the occipital lobe being the primary region 

exhibiting a decrease. The spatial abundance of AHexCer (d(O-18:1)18:1/15:0;O) is 

illustrated as a brain lobe-specific heatmap in Figure 4.11. 

For PS (O-17:0/22:6), a distinct pattern of upregulation was observed predominantly in 

the HD and PD groups, with no alterations detected in AD. Regional distribution analysis 

revealed a strong increase in HD, particularly in the parietal and occipital lobes 

(****p < 0.0001), followed by a moderate increase in the temporal lobe (***p < 0.001) 

and a mild elevation in the frontal lobe (**p < 0.01). In the PD group, this lipid showed 

the most prominent increase in the occipital lobe (****p < 0.0001), followed by the 

parietal lobe (***p < 0.001). In contrast, the AD group exhibited no statistically 

significant change in PS (O-17:0/22:6) levels across any of the brain regions examined. 

The spatial abundance of PS (O-17:0/22:6) is illustrated as a brain lobe-specific heatmap 

in Figure 4.11. 

The expression pattern of PC (O-22:5/19:3) revealed marked elevation in both HD 

and PD groups compared to controls, with no significant alterations observed in the AD 



88 
 

group, although its levels were relatively lower. Region-wise analysis demonstrated a 

pronounced upregulation of PC (O-22:5/19:3) in the occipital lobe of HD participants (*p 

< 0.0001), followed by elevated levels in the temporal, parietal, and frontal lobes (***p 

< 0.0001). In the case of PD, this lipid also showed a significant increase in the occipital 

and parietal lobes (****p < 0.0001), while no significant differences were observed in 

the frontal and temporal lobes. This region-specific pattern underscores the potential 

involvement of PC (O-22:5/19:3) in the pathophysiology of HD and PD. The spatial 

abundance of PC (O-22:5/19:3) is illustrated as a brain lobe-specific heatmap in Figure 

4.11. Appendix Figure 4.8 shows the heatmaps of the top 50 altered lipid molecular 

species in region-specific groups across the brain tissue samples of HV, AD, HD, and PD 

participants.  

 

Figure 4.11: Top cluster view and bar graph representing significantly altered lipids in 

various brain lobes of AD, HD, and PD groups. (Ordinary two-way ANOVA with Tukey’s 
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multiple comparisons test, #p< 0.0001, ***p<0.001, **p<0.01, *p<0.05, 0.1(ns)). All 

data are represented as mean ± SEM. 

4.4 Discussion 

Lipids are essential components of cellular membranes and play pivotal roles in 

maintaining neuronal structure, membrane fluidity, and synaptic function. Dysregulation 

in lipid metabolism has been implicated in various neurodegenerative disorders such as 

AD, PD, and HD [35]. Among various NDs, AD has become the most common and 

extensively studied NDs, especially due to its cognitive manifestations across stages from 

MCI to dementia. Similar to AD, PD and HD are the second most common and rare NDs, 

characterized by motor dysfunction and cognitive decline, respectively [36]. CI is a 

debilitating NDs that involves a steady decline in cognitive ability. The current methods 

for diagnosing CI at an early stage rely primarily on biomarkers related to amyloid 

accumulation, tau protein abnormalities, and signs of neurodegeneration [37]. Despite 

their use, these biomarkers do not offer sufficient specificity to accurately predict the 

course of the disease or the likelihood of progression in individual patients [38]. Recently, 

there has been a notable emergence of MS-based lipidomic techniques as significant 

technological platforms for characterizing system-level changes in lipids for NDs, which 

is critical for understanding the biological basis of AD, PD, and HD pathogenesis and 

suggests a potential discovery platform for identifying novel lipid biomarkers for the early 

diagnosis of disease progression [22]. While many studies have explored the lipidomics 

landscape in the pathogenesis of AD, PD, and HD, these analyses have been limited to 

invasive sample types and the type of disease [39-40].  

To address these gaps, the present study applied a comprehensive untargeted 

lipidomics approach by combining both invasive and non-invasive sample types. We 

examined lipidomic alterations in saliva, plasma, and fecal samples across control, MCI, 

and dementia stages of AD to identify stage-specific lipid perturbations in older adults. 

Additionally, we also conducted in-depth region-specific lipidomic analysis of brain 

tissues from AD, PD, and HD patients, revealing both shared and disease-specific 

alterations. This integrative framework enhances our understanding of lipid involvement 

in neurodegeneration and may facilitate the identification of accessible biomarkers and 

potential therapeutic targets. 
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The results of this study are visualized in a lipid biosynthesis pathway analysis as 

depicted in Figure 4.12, based on Kyoto Encyclopedia of Genes and Genomes (KEGG) 

pathways. Acetyl coenzyme A (Acyl-CoA) plays a central role as a precursor molecule in 

the synthesis of various lipid classes. Acyl-CoA contributes to the formation of FAs, 

which are fundamental building blocks in lipid biosynthesis, along with CE, which 

belongs to the sterols subclass of lipids. Furthermore, FAs facilitate the synthesis of 

FAHFAs and SFAHFAs. Acyl-CoA, in combination with dihydroxyacetone phosphate 

(DHAP), and glycerol-3-phosphate (G3P), initiates the production of lysophosphatidic 

acid (LPA), which subsequently forms phosphatidic acid (PA), DG, and TG. PA interacts 

with cytidine diphosphate diacylglycerol (CDP-DG) to generate PLs and GPs. 

Additionally, Acetyl-CoA can be converted to palmitoyl-CoA. Palmitoyl CoA in 

combination with the amino acid serine (Ser) leads to the formation of 3-dehydro-

sphinganine and dihydrosphingosine. These intermediates are used to produce Cer, a key 

component of the SPs class. Furthermore, Cer aids in the synthesis of HexCer and SM.  

 

Figure 4.12: Analysis of lipid biosynthesis pathways was conducted across stage-specific 

cognitive impairment (CI) groups (MCI, dementia) and healthy individuals in saliva, 
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plasma, and fecal samples, as well as disease-specific neurodegenerative disorder groups 

(AD, PD, and HD) and healthy volunteers in the brain tissue samples. The data are 

represented as mean ± SEM. The Y-axis represents the concentration of the lipid subclass 

in ng/µL and ng/mg for saliva, plasma, fecal, and brain tissue samples. The X-axis 

represents control, MCI, and dementia as well as HV, AD, PD, and HD.  

Our lipidomic analysis revealed variations in the specific lipid biosynthesis 

pathways between the stage-specific groups of saliva, plasma, and fecal samples of older 

adults, as well as distinct regional and disease-specific alterations in the brain lipidome 

of individuals with AD, PD, and HD. For example, the increasing and decreasing trend 

of FAs in stage-specific groups of older adults may be due to the dysregulation of the FAs 

metabolic pathway. Notably, FAs levels were significantly elevated in the brains of 

individuals with HD and PD, indicating disease-specific perturbations in lipid metabolism 

(Figure 4.12). This increase in FAs levels aligns with a previous study that reported 

dysregulated fatty acid metabolism in these NDs. Elevated FA levels in plasma and CSF 

samples, particularly saturated FAs, have been implicated in mitochondrial dysfunction 

and altered membrane dynamics in PD and HD, potentially contributing to mitochondrial 

dysfunction and altered membrane dynamics [41, 42] 

FFAs are considered promising therapeutic agents that play key roles in 

neurogenesis, reducing neuronal inflammation and supporting neurotransmitter 

production, which are crucial for proper brain development [43]. As depicted in Figure 

4.3B, SFA levels did not exhibit any significant differences among the control, MCI, and 

dementia groups across saliva, plasma, and fecal samples. However, most studies did not 

include saliva and fecal sample analyses. Our results on plasma samples are aligned with 

those of a previous study by Cunnane et al., which reported no significant changes in the 

total SFA levels between the control, MCI, and dementia groups of plasma samples [44]. 

A recent meta-analysis by Hosseini et al., reported no significant changes in most fatty 

acids between control and MCI groups in plasma/serum samples [45]. Furthermore, a 

previous study mentioned that maintaining dietary FAs intake may be an effective and 

precise prevention strategy for cognitive decline and may improve older adults' 

physiological and pathological status [46]. In the case of the brain lipidome, elevated 

levels of saturated fatty acid (FA 18:0) were observed in both PD and HD brain tissues 

(Figure 4.9A). These results are consistent with earlier findings showing increased FA 
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18:0 in the frontal cortex of PD patients, likely reflecting reduced n9-desaturase activity, 

which can disrupt membrane fluidity and impair neuronal signaling [47]. 

FFAs, such as MUFAs alternation, are associated with brain development, anti-

inflammation, and cognitive preservation and are key components of neuronal 

membranes and influence membrane fluidity, receptor function, and signal transduction 

[48].  However, in our study, the levels of MUFAs and PUFAs were not significantly 

different between the saliva, plasma, and fecal samples of the control, MCI, and dementia 

groups. These findings agree with the results of a prior study, which indicated no 

significant differences in the total MUFA levels between the control and MCI groups 

across different sex categories in blood samples [49]. PUFAs appear to be crucial for 

normal brain function and cognitive health. Impairments in PUFA metabolism contribute 

to neuronal apoptosis, leading to the neuropsychological deficits commonly observed in 

dementia patients [50]. It has been found that patients with high ω-6 to ω-3 PUFA ratios 

are usually described as having a high risk of cognitive impairment [51]. A recent study 

found that lower ω-6 to ω-3 PUFA ratios predict better spatial memory and cognitive 

status in older adults [52]. Our study shows that the saliva samples display a significantly 

low ω-6 to ω-3 ratio in the MCI group, whereas fecal samples display a significantly 

higher ratio in the dementia group (Figure 4.3C). The elevated ratio in the fecal can be 

attributed to the dysregulation of PUFA metabolism in dementia patients, leading to 

increased excretion of these fatty acids [50]. This finding is consistent with another study 

that reported higher ω-6 to ω-3 PUFA ratios in blood samples, which were associated with 

accelerated cognitive decline and greater risk of dementia in elderly individuals [53]. 

Among all detected PUFAs, we found upregulation of ω-6 (FA 20:4) and ω-3 (FA   

20:5, and FA 22:5) PUFAs in the MCI group compared to the control group of saliva and 

plasma samples (Figure 4.4). These results are consistent with previous studies that 

reported increased levels of FA 18:3 and FA 20:4 in the serum and plasma samples of AD 

patients [54, 55]. Another study suggested that a diet rich in ω-3 fatty acids may increase 

the levels of FA 20:5 and FA 22:5 in plasma samples of AD patients [56]. The upregulation 

of ω-3 PUFA in the MCI group of saliva and plasma samples may be influenced by diet, 

which is not considered in our study. Further, FA 20:5 was found to be upregulated in the 

brain tissue samples of PD patients (Figure 4.9A). These results are consistent with a 
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previous study on diet supplementation of FA 20:5, which increases the levels of FA 20:5 

in the brain of rats exposed to the PD model [57].  

FAHFAs are a new endogenous class of lipids involved in glucose homeostasis, 

insulin resistance, and anti-inflammatory functions [58]. SFAHFAs, that were previously 

identified in our laboratory [59]. In our study, FAHFAs and SFAHFAs (2:0/20:0;O) levels 

were lower in the MCI group than in the control group of the fecal samples. A previous 

study on brain tissue samples demonstrated a significant increase in the FAHFA levels for 

the dementia group [60]. Our results also showed similar observations in the fecal samples 

of the dementia group compared to the MCI group (Figure 4.4). This discrepancy in fecal 

samples may be attributed to differences in sample types, suggesting that the 

dysregulation of FAHFAs and SFAHFAs may vary across different samples or stages of 

AD pathology. 

SPs were discovered to be structural components of cell membranes in the brain 

and act as cellular messengers [61]. Changes in sphingolipid metabolism have been linked 

to the development of various NDs, including AD and metabolic syndrome [62]. 

Interestingly, increased levels of serum ceramide were associated with an increased risk 

of AD [63]. In our study, dihydroxy Cer species comprising FA 18:0 and FA 18:1 were 

upregulated in fecal and plasma samples of the MCI group. However, HexCer 

(d18:0/21:0;O) and HexCer (d18:0/15:0;O) were upregulated in the plasma samples of 

the dementia group (Figure 4.4). These findings are consistent with those of a previous 

study that demonstrated the upregulation of Cer and HexCer in the plasma samples of AD 

patients [64]. The observed upregulation of Cer in brain tissue samples from AD patients 

may be attributed to the loss of tight regulation typically observed under normal 

conditions during Cer biosynthesis. In healthy individuals, Cer biosynthesis is tightly 

controlled. However, this regulation is disrupted during neurodegeneration in AD, leading 

to increased Cer levels (Figure 4.12) [65]. Elevated SM levels have been reported in the 

CSF of patients with prodromal AD [66], supporting our findings of notably high SM 

levels in the brain tissue samples of AD patients and confirming the relationship between 

sphingomyelins and AD CI (Figure 4.12). Additionally, the identified   AHexCer (d(O-

18:1)18:1/15:0;O) showed elevated levels in AD patients, whereas decreased levels were 

observed in both HD and PD patients, suggesting its potential as a differential biomarker 

among these disorders (Figure 4.9C).  This finding is consistent with previous studies 
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reporting elevated HexCer levels in plasma and postmortem brain tissues of AD patients, 

indicating a positive association between HexCer accumulation and AD pathology [67, 

68]. Another study reported the level of Hex1Cer (m19:0/21:2) was significantly higher 

and the total amount of Hex1Cer tended to higher, in AD urine indicating they are highly 

abundant in the vertebrate brain [69], and these results are consistent with our study on 

elevated level of AHexCer (d(O-18:1)18:1/15:0;O) in brain tissue samples of AD patients 

compared to HV. As ceramide accumulation is known to disrupt mitochondrial function 

and promote oxidative stress, the reduced AHexCer levels in HD and PD may reflect 

distinct pathological mechanisms in these diseases. 

GPs are amphiphilic molecules that actively contribute to the function of ion 

channels, transporters, and receptors and regulate neuronal membrane activities, transport, 

and cellular proliferation [70]. A recent study reported that dysregulation of GPs 

metabolism in the brain is associated with AD progression [71]. In our study, GPs such 

as lysophospholipids (LPs) and PLs were upregulated in the fecal and saliva samples of 

the dementia group compared to those of the control and MCI groups, while for plasma 

samples, both LPs and PLs were upregulated in the MCI and dementia groups compared 

with those in the control group (Figure 4.4). These results are consistent with previous 

studies showing that higher levels of plasma PLs species are correlated with post-stroke 

CI [72]. An earlier examination of plasma samples revealed increased levels of PL species 

in AD patients [30]. The two most abundant classes of LPs, such as LPC and LPE are 

associated with brain inflammation. Our results are consistent with those of a previous 

study that reported increased levels of LPs in human and mouse AD brains. Accumulation 

of these LPs species is correlated with astrocytic activation and oxidative stress [73]. This 

can explain the upregulation of LPs in the plasma samples of the MCI group. A recent 

study highlighted the accumulation of GPs in brain samples of female AD mice. This 

finding can be attributed to various physiological and developmental factors, including 

changes in hormone levels, alterations in dietary habits, metabolic shifts associated with 

growth and development, and other biological processes that occur during puberty [74]. 

Abnormal PLs composition is a hallmark of NDs and primarily affects the cortical regions 

of the brain [75]. In our study, we observed a significant reduction in PC and LPC levels 

in the brain tissue samples of AD patients compared to HV. Conversely, in PD and HD 

brain tissues, PC levels were similarly decreased, while LPC levels were elevated relative 
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to HV (Figure 4.12). These findings are consistent with previous reports showing reduced 

PC levels in the plasma of AD patients and in post-mortem substantia nigra samples of 

PD patients [76, 77]. Another study reported that lower PC levels predict future cognitive 

impairment most acutely, but do not adequately discriminate between AD patients and 

cognitively normal controls [78]. Recent studies have reported elevated levels of PS and 

LPS in human parkin-mutant fibroblasts and in the plasma samples of PD patients [79, 

80]. Our findings are in line with earlier research suggesting that increased levels of PS 

and its derivatives may be associated with impaired mitochondrial turnover and disrupted 

endoplasmic reticulum organization in PD and HD patients. Such alterations in membrane 

lipid composition could reflect broader dysregulation of cellular homeostasis in the 

pathogenesis of the disease. CLs are another GPs, mainly localized in the inner 

mitochondrial membrane, that play a crucial role in maintaining membrane fluidity and 

supporting the activity of mitochondrial electron transport chain enzymes [81]. In our 

study, elevated levels of CLs were observed in the brain tissue samples of both HD and 

PD patients compared to HV. These findings are consistent with previous reports 

demonstrating increased levels of PUFA-containing CLs in the plasma of rotenone-

treated rats during the later stages of PD, suggesting a potential link between CL 

accumulation and mitochondrial dysfunction in neurodegeneration [82]. 

GLs, including TGs and DGs, play a central role in the maintenance of energy 

homeostasis and the stability and functionality of cell membranes, particularly in neurons 

and myelin sheaths [83]. Increased DG levels have previously been reported in the frontal 

cortex and plasma samples of AD patients, highlighting the potential link between DG 

dysregulation and AD pathology [30, 84]. Consistent with these findings, our analysis of 

fecal samples revealed a significant increase in the DG levels in the MCI group, 

suggesting a possible early disruption of DG metabolism (Figure 4.4). However, our data 

showed no significant upregulation of DGs in the saliva or plasma samples of stage-

specific groups of older adults, in contrast to previous plasma-based findings [84]. This 

discrepancy may be due to the dynamic and compartment-specific nature of DG 

metabolism.  

A recent investigation also revealed that increased levels of TG molecular species 

in CSF samples of AD patients are associated with an increased risk of severe obstructive 

sleep apnoea. Consistent with this finding, our analysis of saliva samples showed an 
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upregulation in the MCI group compared to the control group [85]. However, in fecal 

samples, TGs were significantly dysregulated in both MCI and dementia groups. Previous 

studies have also reported the accumulation of TGs in the blood circulation of AD mice, 

suggesting that severe hyperlipidemia is- a key vascular risk factor for AD development 

[18]. This accumulation precedes amyloid deposition in mouse models, further 

establishing the potential role of TGs in AD [86]. TG-MCFAs serve as a source of ketone 

bodies and are hydrolyzed by the lipases to produce MCFAs [87]. TG-MCFAs have been 

shown to support brain energy metabolism and potentially delay neuronal dysfunction in 

AD patients [88]. Furthermore, medium-chain triglyceride oil supplementation improves 

working memory in AD patients, emphasizing the therapeutic potential of TG-MCFAs 

[89]. In our study, TG-MCFAs (especially TG (10:0/10:0/12:0) were significantly higher 

in the MCI group than in the control group of fecal samples. However, these levels were 

lower in the MCI and dementia group than in the control group of saliva samples (Figure 

4.5B). These results highlight the potential of TG-MCFAs as biomarkers of the early 

stages of cognitive decline, such as MCI. Similarly, DG-MCFAs have been reported to 

play a role in lipid metabolism, and a recent meta-analysis emphasized their role in 

postprandial lipid control [90]. Our results showed that DG-MCFAs were significantly 

increased in the fecal samples of the MCI group compared with the control group. 

However, no data are available on the implications of these mediators in CI stages. In the 

present study, TG levels were significantly lower in the brain tissue of AD patients 

compared to HV, with no notable changes in PD and HD (Figure 4.12). This aligns with 

previous reports showing reduced TG levels in urine samples from AD patients relative 

to controls, implying dysfunction in GLs metabolism in AD patients [91]. 

Cholesterol and its esters play important roles in amyloid genesis [92]. A recent 

investigation revealed that high cholesterol levels are positively correlated with an 

increased risk of dementia [93]. Meta-analyses have consistently reported that circulating 

and brain cholesterol levels are higher in AD patients compared to control groups [94].  

Conversely, Zondermann et al. observed lower total cholesterol levels in serum samples 

from MCI and dementia-free participants than in those with dementia [95]. Consistent 

with these findings, our results demonstrated increased levels of CE 18:1 and CE 18:2 in 

the dementia group compared to the control group in the plasma samples. However, CE 

18:2 levels were lower in the MCI group than in the control group of plasma samples. 
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This variation may reflect the dysregulation of cholesterol metabolism at different stages 

of cognitive decline (Figure 4.12). A study by Kreilaus et al. reported elevated levels of 

cholesterol ester concentrations in the caudate and putamen regions are positively 

associated with increased risk of HD [96]. These results are consistent with our findings 

on elevated levels of CE in both brain tissue samples of HD and PD patients compared to 

HV (Figure 4.12). The increase was more pronounced in the region-specific lipid 

disturbances in HD and PD patients. 

This study provides valuable insights into the identification of diverse lipid classes 

in saliva, plasma, and fecal samples of older adults, categorized into control, MCI, and 

dementia groups, through a comprehensive analysis of lipid composition. Also, the brain 

lipidomic analysis of HV, AD, PD, and HD participants. However, this study has several 

limitations that must be acknowledged and addressed in future research. First, the lipid 

concentrations reported were semi-quantitative rather than absolute, which may have 

limited the precision of the findings. Second, lipid composition is influenced by various 

factors such as diet, physical activity, genetic predisposition, and family history, which 

were not considered in this study. Additionally, although major lipid molecular species, 

such as FAs, GLs, GPs, SPs, and STs, have been detected in saliva, plasma, fecal, and 

brain tissue samples from healthy and disease groups of older adults, the underlying 

mechanisms governing their metabolism remain unclear. Finally, the small sample size in 

the dementia group limited the ability to compare sex- and weight-specific lipid 

alterations in saliva, plasma, and fecal samples with those in other groups. In the case of 

brain tissue samples, the study was limited to a sample size of n = 3 per brain lobe and 

sex group, which may reduce statistical power and limit the generalizability of the 

findings. 

4.5 Conclusion 

This study presents a comprehensive lipidomic analysis of saliva, plasma, fecal, and brain 

tissue samples from older adults, covering various stages of CI and major NDs. A total of 

266, 217, and 260 lipid metabolites were identified in saliva, plasma, and fecal samples 

from stage-specific groups of CI spanning five major lipid classes. Multivariate analysis 

and percentage distribution of major lipid classes revealed stage-specific lipid profiles in 

saliva, plasma, and fecal samples of older adults. Statistical analysis revealed significant 
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changes in the ω6 to ω3 ratios in the saliva and fecal samples of CI stages. ROC analysis 

identified potential lipid biomarkers with high specificity for FA 18:3, FA 22:5, and CE 

18:2 of the MCI group. Furthermore, elevated levels of TG-MCFAs in fecal samples 

indicate early-stage lipid biomarkers for MCI. Sex- and weight-specific lipid alterations 

in MCI groups have also been studied. Further, the study expanded into a comprehensive 

brain lipidome profiling across region-specific samples from HV and AD, PD, and HD 

patients. A total of 291 lipid molecular species were identified in the brain tissue samples. 

Multivariate OPLS-DA analysis demonstrated clear group separation between HV and 

disease groups, indicating distinct disease-associated lipidomic profiles. Volcano plot 

analysis further highlighted the disease-specific upregulation and downregulation of key 

lipid species, reflecting lipidomic alterations in each disorder. ROC analysis identified 

several lipid species, including AHexCer (d(O-18:1)18:1/15:0;O), PC (O-22:5/19:3), and 

PS (O-17:0/22:6)- as potential biomarkers for the differential diagnosis of NDs in older 

adults. Additionally, statistical analysis revealed significant sex-specific and brain 

region–specific lipid alterations across HV and NDs, underscoring the influence of 

biological sex and anatomical location on disease-related lipid dysregulation. These 

findings emphasize the relevance of these lipid biomarkers across sexes and various brain 

lobes in distinguishing HV from NDs conditions. Together, these findings offer valuable 

insights into lipid dysregulation during early and progressive stages of NDs in older adults 

and provide a strong foundation for developing both non-invasive and disease-specific 

diagnostic markers. 
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5.1 Introduction 

Lipids play essential roles in human health, serving as key components of both 

cellular and extracellular structures. They contribute significantly to cell membrane 

integrity, function, energy storage, thermal insulation, and protection [1]. Lipid 

metabolites also serve as vital mediators in cellular communication and metabolic 

regulation within the body. Disruptions in lipid metabolism are linked to a wide range of 

chronic diseases, including CVD, cancer, and genetic lipid pathway disorders, all of 

which pose significant health risks [2]. In early childhood, lipid metabolism plays a 

crucial role in growth, body composition development, and overall child development, 

with lasting effects on long-term health outcomes [3]. The metabolism of dietary lipids, 

particularly cholesterol, during this critical period can significantly impact children's 

health, potentially influencing rates of morbidity and mortality [4]. To assess disease risk, 

plasma lipid profiles are routinely analyzed by measuring total cholesterol, TGs, high-

density lipoprotein cholesterol (HDL-C), and low-density lipoprotein cholesterol (LDL-

C) levels [5]. 

Human plasma contains a vast array of molecular lipid species, alongside nucleic 

acids, amino acids, and carbohydrates, exhibiting remarkable functional and chemical 

diversity [6]. These lipids are present in concentrations ranging from µM to mM and 

encompass multiple lipid classes, including FAs, GLs, GPs, SPs, STs, and PRs [7]. 

Plasma lipid metabolites are intricately involved in numerous biological pathways and 

are increasingly recognized as biomarkers that reflect disease progression and responses 

to therapeutic interventions [8]. Plasma concentrations of total TG, HDL-C, and LDL-C 

serve as critical indicators and potential causes of cardiometabolic disease risk [9]. 

Consequently, these lipoprotein-related biomarkers are routinely assessed in clinical 

practice, and the associated molecular pathways are key targets of first-line drugs for the 

prevention of cardiometabolic diseases [10]. Beyond traditional lipids, several lipid 

subclasses in plasma- including TGs, GPs, SPs, and CEs- have been identified as 

diagnostic indicators for various diseases. For example, altered levels of these lipids have 

been associated with AD [11], while LPC has been implicated in cancer risk [12], and 

specific SPs species have proven useful in evaluating therapeutic response in genetic 

disorders such as Niemann-Pick C1 disease [13]. Alterations in plasma lipid metabolism 

are modulated by a complex interplay of dietary habits, physical activity levels, and 
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genetic predispositions [14,15]. Supporting this, earlier studies have demonstrated that 

both dietary intake and physical activity can beneficially modify the FFAs profiles in 

plasma, particularly in children aged 6 to 8 years [16]. Additionally, a study by Martin et 

al. revealed a significant upregulation of LPC species in the plasma of obese women 

following physical exercise, underscoring the responsiveness of specific lipid subclasses 

to lifestyle interventions [17]. A study by Zhang et al. demonstrated that structured 

exercise training significantly elevates the levels of ether-linked alkylPC and TGs in the 

plasma of healthy male adolescents [18]. Additionally, genetic variability plays a critical 

role in modulating the plasma lipidome, with specific genetic loci being associated with 

distinct lipid species that contribute to CVD risk [19]. Previous investigations into the 

plasma lipidome of children have primarily concentrated on individual lipid classes. A 

recent cohort-based analysis assessed plasma samples from healthy adolescents by 

quantifying total cholesterol, HDL-C, and TGs levels through standard enzymatic assays. 

The findings revealed a decrease in total cholesterol concentrations between ages 9 and 

16 in girls and a more pronounced reduction from ages 10 to 17 in boys. LC/MS is a 

robust and widely utilized analytical platform in plasma lipidomics. For instance, in one 

study, lipids were extracted from dried blood spot samples obtained from children across 

various age groups (0–10 days, 2–18 months, and 3–13 years) using the Bligh–Dyer 

method and subsequently analyzed via LC/MS. The results identified 16 lipid species 

from multiple lipid subclasses that exhibited statistically significant variations among the 

age groups. Notably, lipid species containing linoleic acid were markedly reduced in 0–

10 days groups, with a progressive increase observed in the 2–18 months and 3–13 years 

cohorts [21]. LC/MS technique has also been employed to investigate plasma lipidomic 

profiles in Chinese male adolescents aged 14–16 years, comparing obese individuals with 

their normal-weight counterparts. In this study, plasma lipids were extracted using a 

modified Folch method. The analysis revealed a total of 328 lipid species spanning 24 

lipid classes and subclasses. A notable finding was the significant reduction in LPCs in 

the plasma of obese adolescents compared to normal-weight controls, indicating a strong 

inverse association between LPC levels and adolescent obesity [22]. 

Existing studies on plasma lipidomics in healthy children provides limited insights 

into how factors such as age, sex, and body weight modulate lipid metabolism and 

contribute to lifestyle-associated health outcomes. To date, no comprehensive lipidomic 
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investigations have been conducted specifically on Japanese preadolescent populations. 

Therefore, it is of particular interest to characterize the plasma lipidome of Japanese 

children and examine its variability in relation to age, sex, and body weight. Hence, in 

the present study, we employed HPLC/LTQ-Orbitrap-MS to perform a comprehensive 

lipidomic profiling of plasma samples collected from preadolescent Japanese children (n 

= 342), aged 9 to 12 years, including both boys and girls. The overall study design is 

illustrated in Figure 5.1A. To our knowledge, this represents the first large-scale 

investigation exploring the plasma lipidome in Japanese preadolescents, with a specific 

focus on variations associated with age, sex, and body weight. 

 

Figure 5.1: A. Overview of study design for plasma lipidomics in preadolescent children. 

B. Schematic representation of total lipid extraction workflow from plasma samples. 
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5.2 Materials and Methods 

5.2.1 Chemicals and reagents 

The materials used in this study, including solvents and internal standards, were 

the same as those described in Chapter 2, Section 2.1. 

5.2.2 Sample information of pre-adolescent children’s plasma samples 

Non-fasting plasma samples were obtained from participants in the Hokkaido 

Study on Environment and Children’s Health, a part of the Hokkaido Cohort [23], and 

stored at -80°C. The participant selection criteria for sample collection were previously 

described in our study [24]. The cohort consisted of 342 healthy preadolescent children 

(n = 181 boys and 161 girls) aged 9 to 12 years, residing in Sapporo City, Hokkaido, 

Japan. Height and body weight measurements were taken on the same day as blood 

collection at pediatric clinics. A summary of the demographic information for the 

preadolescent children is provided in Table 5.1. Written informed consent was obtained 

from all parents, and the children themselves provided assent after being informed of the 

study’s purpose and procedures. 

Table 5.1: Characteristics of participants enrolled in the Hokkaido study (Mean±SD). 

 

 

 

 

 

 

 

 

 

 

 

 Age Height Weight POW 

 (years old) (cm) (kg) (%) 

Boys 9 (n = 68) 134.9 ± 5.0 31.8 ± 6.1 1.40 ± 13.56 

(n = 181) 10 (n = 63) 139.0 ± 6.4 35.0 ± 8.3 2.31 ± 16.90 

 11 (n = 20) 148.3 ± 6.5 41.8 ± 8.1 2.69 ± 18.54 

 12 (n = 30) 150.6 ± 9.4 44.2 ± 9.8 5.12 ± 17.81 

Girls 9 (n = 46) 136.1 ± 5.7 30.2 ± 5.9 -5.18 ± 11.72 

(n = 161) 10 (n = 70) 140.4 ± 7.0 34.6 ± 8.1 0.07 ± 14.04 

 11 (n = 16) 151.0 ± 5.0 39.5 ± 5.8 -6.83 ± 10.05 

 12 (n =29) 151.5 ± 6.5 42.6 ± 8.4 -2.75 ± 12.69 
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5.2.3 Lipid extraction from plasma samples 

Non-fasting plasma samples (n = 342) from pre-adolescent boys and girls aged 9 

to 12 years were subjected to total lipid extraction. The detailed extraction workflow is 

shown in Figure 5.1B. The samples were collected and stored at -80°C for subsequent 

analysis. A 100 μL of plasma sample was used for the lipid extraction using the modified 

Folch technique, as described previously in Chapter 2, Section 2.2.4.  

5.2.4 LC/MS analysis of plasma samples 

The LC/MS conditions employed for lipid analysis in both negative and positive 

ion mode in this chapter were identical to those previously described in Chapter 2, 

Section 2.2.5. 

5.2.5 Lipid annotation and quantification 

The processing of LC/MS data, lipid identification, and quantification were 

performed using MS-DIAL software (version 4.9), with peak processing and integration 

further refined using Xcalibur 2.2 software (Thermo Fisher Scientific Inc.), as described 

previously in Chapter 4, Section 4.2.6. 

5.2.6 Statistical analysis 

The data processing and visualization have been done, as described previously in 

Chapter 2, Section 2.2.7. Statistical analyses, including OPLS-DA and ordinary two-

way ANOVA, were conducted as described in Chapter 4 section 4.2.6. Further, sparse 

partial least squares discriminant analysis (sPLS-DA) was performed using the web 

platform MetaboAnalyst 5.0 (https://www.metaboanalyst.ca, accessed on January 4, 

2024). Power analysis was performed using G*Power version 3.1.9.7 software. All data 

are presented as mean ± SEM. 

5.3 Results 

5.3.1 Multivariate analysis and sex-specific lipid profiling of plasma samples from 

pre-adolescent children 

In this study, pre-adolescent children were grouped by gender, and plasma 

samples were collected for lipid extraction. An untargeted lipidomic analysis was carried 

out using HPLC/LTQ-Orbitrap-MS. Figure 5.2 displays the lipid classes identified in the 

plasma samples from the pre-adolescent children, along with their corresponding 

https://www.metaboanalyst.ca/
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multivariate analysis. Power calculations were performed to assess the adequacy of the 

sample size. The analysis comparing the bodyweight-based groups showed a power value 

of 0.99, supporting the sufficiency of the sample size for this comparison. In contrast, the 

comparison between boys and girls yielded a low power value of 0.15, suggesting that 

the sample size for gender-based comparisons may be inadequate.  

Analysis of plasma samples from pre-adolescent children identified a total of 219 

lipid species across several lipid classes (Figure 5.2A). The lipid species included 53 TGs, 

35 PEs, 31 FAs, 18 PIs, 18 PCs, and 14 Cer. Multivariate analysis using OPLS-DA 

revealed similar lipid profiles in both boys and girls, as shown in Figure 5.2B. The OPLS-

DA models, T score [1] and T score [2], accounted for 23.4% of the total variance in the 

data, with T score [1] explaining 20.5%. Score plots and the corresponding feature 

importance box plot (S-plot) were used to assess the variable influence within the OPLS-

DA model. Lipid species with larger positive or negative loading scores have a greater 

influence on the orthogonal components. Figure 5.2C highlights that specific TG 

molecular species, such as TG (10:0/16:0/18:1), TG (12:0/12:0/18:1), TG 

(16:0/16:0/18:1), and TG (16:0/18:1/18:1), show higher positive loading scores in boys. 

A volcano plot was generated to illustrate the relationship between -log10(p-value) 

and log2(fold change), highlighting the lipid molecular species that were significantly and 

markedly altered between the plasma lipidomes of boys and girls (Figure 5.2D). The 

results reveal that certain lipid species exhibited notably higher concentrations in boys 

compared to girls. Specifically, lipids such as PE (16:0/20:5), PE (15:1/20:5), TG 

(10:0/12:0/18:1), TG (10:0/10:0/18:1), and TG (10:0/12:0/18:2), which are prominently 

marked in red on the right side of the plot, were significantly elevated in boys. Conversely, 

no significant downregulation of lipid molecules was observed in the plasma between 

boys and girls. 

The lipid biosynthesis pathway analysis, based on KEGG pathways 

(https://www.genome.jp/kegg/pathway.html), is presented in Appendix Figure 5.1. The 

biosynthetic origins of the identified lipid classes have been described in the previous 

Chapter 4, Section 4.4. Our lipidomic profiling revealed differences in specific lipid 

biosynthesis pathways between the plasma lipidomes of boys and girls. Notably, there 

were no significant differences in FFAs levels between the two groups. However, a 

decrease in HexCer and SM levels was observed in girls compared to boys, which may 

https://www.genome.jp/kegg/pathway.html
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be attributed to the downregulation of the SPs biosynthesis pathway in females. A similar 

pattern was noted for GPs and GLs. These findings offer valuable insights into sex-

specific lipid metabolism and the regulatory mechanisms involved. 

 

Figure 5.2: A. Distribution of lipid classes detected in plasma samples of preadolescent 

children. B. Orthogonal partial least squares discriminant analysis (OPLS-DA) score plot 

showing group separation between boys and girls based on plasma lipid profiles. C. 

Loading plot illustrating key lipid contributors differentiating the sexes. D. Volcano plot 

highlighting significantly dysregulated lipids (p < 0.05) between male and female 

preadolescent groups. 

5.3.2 Variation in plasma fatty acyl levels across different age groups in pre-

adolescent children 

Figure 5.3 illustrates significant changes in FAs levels across different age groups 

in the plasma lipidomes of both boys and girls. The violin plots represent the average 
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concentrations of SFAs, MUFAs, and PUFAs, including ω-3 and ω-6 PUFAs for each 

group. Interestingly, there were no statistically significant differences in the overall levels 

of SFAs, MUFAs, and PUFAs between boys and girls (Figure 5.3A). Despite the known 

benefits of PUFAs on metabolic health, no significant changes were observed in the levels 

of ω-3 and ω-6 PUFAs in either sex (Figure 5.3B). However, distinct variations in FAs 

levels were noted when examining different age groups (9, 10, 11, and 12 years). Notably, 

a significant increase in SFA levels was observed in the plasma of 9-year-old boys, with 

a greater rate of increase compared to other age groups. Conversely, a marked decrease 

in SFA levels was observed in boys aged 11 years, indicating age-dependent changes in 

FAs profiles. 

Notably, no significant changes were observed in the levels of MUFAs and PUFAs 

(both ω-3 and ω-6 PUFAs) in either boys or girls (Figure 5.3C and 5.3D). In the girls' 

group, a significant increase in SFA levels was observed in the 9-year-old cohort when 

compared to the other age groups.  Remarkably, the rate of increase in SFA levels for the 

9-year-old girls was notably higher than that observed in the other age groups, similar to 

the pattern seen in the boys' group. However, aside from the 9-year-old group, no 

significant variations were found in SFA, MUFA, or PUFA levels among the other age 

groups of girls. The MUFA and PUFA levels showed no significant changes across the 

different age groups of girls (Figures 5.3E and 5.3F). Overall, SFA levels in the 9-year-

old group, regardless of sex, were higher compared to the other age groups. Nevertheless, 

no significant changes were observed in MUFA or PUFA levels across age groups in either 

boys or girls. 
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Figure 5.3: A. Changes in SFA, MUFA, and PUFA levels between boys and girls. B. 

Distribution of ω-3 and ω-6 PUFAs by sex. C. Age-related changes in SFA, MUFA, and 

PUFA levels among boys. D. Age-related changes in ω-3 and ω-6 PUFAs in boys. E. Age-

related changes in SFA, MUFA, and PUFA levels among girls. F. Age-related changes in 

ω-3 and ω-6 PUFAs in girls. (Ordinary two-way ANOVA, ∗∗∗∗p < 0.0001, ∗∗p < 0.01, 

*p < 0.05, 0.1 (ns), saturated fatty acids (SFAs), monounsaturated fatty acids (MUFAs), 

and polyunsaturated fatty acids (PUFAs)). 
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5.3.3 Age-dependent variations in plasma lipidome at the subclass levels in pre-

adolescent children 

Lipid molecular species were categorized according to their subclass levels, and 

the relative abundances of lipidomic alterations by age in both sexes are shown in Figure 

5.4. The line graph displays the mean ± SEM of the individual concentrations of each 

molecular species across the age groups, representing the concentration of each lipid 

subclass. SPs, including Cer, HexCer, and SM, were significantly elevated in the 10-year-

old group of both sexes compared to other age groups. GPs, such as PE, were notably 

increased in the 11-year-old group in both boys and girls, while no significant changes 

were found in the 9-, 10-, and 12-year-old groups. Similarly, PI levels were significantly 

higher in the 10-year-old age group in both sexes. PS lipids were significantly elevated in 

the 12-year-old children, with lower levels observed in the 9-year-old group of both boys 

and girls. No significant changes were noted in LPC, lysophosphatidylethanolamine 

(LPE), or PC levels across the different age groups. 

Furthermore, GLs, particularly TG, showed a significant increase in the 12-year-

old age group in both boys and girls compared to the other age groups. As illustrated in 

Figure 5.4, significant variations in lipid subclasses were observed in the 10- and 12-

year-old age groups for both boys and girls.  In summary, elevated levels of Cer, HexCer, 

SM, and PI are distinctive markers for the 10-year-old group of children across both sexes, 

while elevated TG and PS levels serve as potential indicators for differentiating boys and 

girls within the 12-year-old age group. Appendix Figure 5.2 and 5.3 show volcano plots 

that represent the relationship between -log10(p-value) and log2(fold change), helping to 

highlight significantly altered lipid molecular species within the plasma lipidomes of boys 

and girls across different age groups. Specifically, in the 10-year-old group, Cer 

(d18:1/23:1) was notably upregulated in both boys and girls, while HexCer (d18:1/16:0) 

levels decreased in the 11- and 12-year-old groups for both sexes. 
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Figure 5.4: Age-associated changes in plasma lipid subclasses among preadolescent 

children. Lipidomic variations are illustrated across the 9-, 10-, 11-, and 12-year age 

groups for both sexes. Data for girls are represented in red, and boys in blue. Statistical 

significance was assessed using ordinary two-way ANOVA (p < 0.05 considered 

statistically significant). Significant differences in lipid subclasses are as follows: Cer: 

girls (a1–b1, b1–d1), boys (f1–h1); HexCer: girls (a2–b2, b2–d2), boys (f2–h2); PE: girls 

(a6–c6, b6–c6), boys (e6–g6, f6–g6); PI: girls (a7–b7), boys (e7–f7, f7–g7, f7–h7); PS: 

girls (a8–d8), boys (e8–h8, f8–h8); SM: boys (e9–f9). No significant differences were 

observed in LPC, LPE, PC, TG, and CE levels (p > 0.05, ns). 

5.3.4 Impact of percentage of overweight (POW) status on the plasma lipidome of 

pre-adolescent children 

The percentage of overweight (POW) is determined using age- and sex-specific 

bodyweight-for-height standards, which are utilized to define childhood obesity in Japan 

[25]. POW is calculated using the formula: [measured weight (kg) - standard weight (kg) 

/ standard weight (kg)] × 100. Children were classified into three groups based on POW: 

UW for POW ≤ -20%, normal range (NR) for POW between -20% and +20%, and OW 
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for POW ≥ +20% (Table 5.2). The cluster correlation analysis of the top fifty significantly 

altered lipids across the UW, NR, and OW groups is presented in Figure 5.5A. Compared 

to the UW and NR groups, the OW group showed higher levels of most TGs. Notably, 

TG (10:0/10:0/18:1) exhibited a significant increase in the OW group. 

In Figure 5.5B, the multivariate sPLS-DA score plot displays the distribution of 

annotated lipids across different weight categories. Components 1 and 2 together account 

for 23.5% of the total variance, with Component 1 explaining 19.1%. This analysis 

highlights the separation of lipid profiles among the sample groups. Notably, the UW and 

NR groups show overlapping clusters, indicating that there are minimal differences in 

lipid composition between these two groups. However, the OW group forms distinct 

clusters, suggesting significant lipidomic differences compared to both the UW and NR 

groups. Figure 5.5C shows volcano plots for the plasma lipidome of NR and OW children, 

illustrating the significant and large alterations in lipid molecular species based on -

log10(p-value) versus log2(FC). The analysis reveals that most TGs, particularly those 

composed of capric acid chains, such as TG (10:0/10:0/18:1), are upregulated in the OW 

group. To assess the diagnostic potential of these lipids in distinguishing OW from NR, 

ROC curve analysis was performed. Among all the discriminatory lipids, TG 

(10:0/10:0/18:1) exhibited the highest AUC value of 0.7279 (95% confidence interval 

(CI): 0.6377–0.8181), as shown in Figure 5.5D. 

Table 5.2: Classification of children based on POW (%) 

POW, percentage of overweight. Underweight: Children with POW < -20%; Normal range: Children with 

POW between -20% and 20%; Overweight: Children with POW ≧ +20%. 

 

 Boys (n = 181) Girls (n = 161) 

Age               POW (%) POW (%) 

(years 

old) 

Under 

weight 

Normal  

Range 

Over 

weight 

Under 

weight 

Normal  

Range 

Over 

weight 

9 2 57 9 3 42 1 

10 0 53 10 3 60 7 

11 0 16 4 2 14 0 

12 1 24 5 1 26 2 
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Figure 5.5: Plasma lipidomic alterations across underweight (UW), normal range (NR), 

and overweight (OW) preadolescent children. A. Hierarchical cluster correlation heatmap 

of the top 50 significantly altered lipid species (p < 0.05) among UW, NR, and OW groups. 

Red indicates higher, and blue indicates lower lipid abundance. B. Sparse partial least 

squares discriminant analysis (sPLS-DA) score plot showing group separation based on 

plasma lipid profiles. C. Volcano plot depicting differentially expressed lipids between 

NR and OW groups (t-test, p < 0.05). D. Receiver operating characteristic (ROC) curve 

highlighting TG (10:0/10:0/18:1) as a potential discriminator between NR and OW 

groups, showing the highest area under the curve (AUC) 

4.4 Discussion 

Human blood plays a critical role as a biomarker in both clinical and research 

settings [26]. Plasma, a self-renewing biological fluid, is easy to collect and poses 

minimal health risks [27,28]. In recent years, MS-based lipidomics techniques have 

become widely adopted for the identification and quantification of hundreds to thousands 

of lipid species in plasma [29]. However, before investigating lipidomic changes related 

to disease, it is important to first understand the natural variability of the lipidome in 
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healthy individuals, taking into account factors such as age, sex, and body weight. Several 

studies have demonstrated that these factors, including sex, age, and weight, play 

significant roles in shaping the plasma lipid profile over time [30]. The findings of this 

study are represented in a lipid biosynthesis pathway, as shown in Appendix Figure 5.1. 

The biosynthetic origins of the identified lipid classes have been described in Chapter 4 

Section 4.4.  

SFAs are known to play critical roles in regulating protein activation, protein-

membrane interactions, and gene transcription, which are essential for metabolism and 

various biological functions [31]. As shown in Figure 5.3, no significant differences in 

SFA levels were observed between boys and girls in the study. However, a distinct pattern 

emerged when the data were stratified by age groups. Notably, the 9-year-old group 

exhibited significantly higher levels of SFAs compared to the other age groups in both 

boys and girls. In contrast, SFA levels showed a decreasing trend with advancing age 

across both sexes. Previous research has demonstrated that FFAs, are elevated in plasma 

samples from younger age groups, such as newborns, and also tend to be higher in females 

[32-34]. In a study focusing on various age groups, from newborns to young adults, 

plasma samples revealed elevated levels of SFA levels in younger age groups compared 

with other age groups [32]. Our results from plasma samples of pre-adolescent children 

are consistent with earlier studies. Additionally, in line with a previous analysis of serum 

samples, no significant difference in SFA levels was found between boys and girls [35]. 

The higher SFA levels observed in younger individuals compared to older ones can be 

linked to several factors, such as differences in diet, metabolism, hormonal changes 

associated with growth and development, and variations in physical activity levels [36]. 

These factors likely contribute to the elevated plasma SFA levels seen in younger 

individuals. On the other hand, MUFAs play an important role in improving cholesterol 

levels, reducing inflammation, regulating blood sugar, supporting weight management, 

and enhancing the absorption of fat-soluble vitamins. PUFAs, particularly ω-3 and ω-6, 

are beneficial for cognitive function, mood regulation, TGs levels, blood pressure, blood 

clot prevention, and overall eye and skin health [37]. In our study, there were no 

significant differences in the levels of total MUFAs and PUFAs, including ω-3 and ω-6, 

between boys and girls, or across different age groups in children (Figure 5.3). These 

results are consistent with previous studies that reported similar PUFAs levels in blood 
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samples from a large cohort of 160,000 individuals ranging from 10 to 99 years of age 

[38]. The consistency in FAs profiles across demographic categories can likely be 

attributed to common physiological factors, similar hormonal influences, stable dietary 

habits, genetic predispositions, and methodological aspects that affect FA metabolism and 

distribution [39]. While the exact cause of this consistency remains unclear, multiple 

factors could contribute to the stable FAs composition observed in previous studies. 

Additionally, when compared to blood samples from adults and newborns, the total levels 

of MUFAs in children's samples were significantly lower [40]. 

GPs are essential components of cell membranes and serve as precursors for 

signaling molecules that play a critical role in various cellular and physiological functions 

[6]. Plasmalogens, a specific type of GPs, are known for their antioxidant properties, 

providing protective effects on cells, plasma, and tissues by reducing oxidative stress [41]. 

Our analysis revealed distinct differences in lipid classes across age groups for both boys 

and girls (Figure 5.4). PEs, which are the second most abundant PLs class in cells and 

biofluids [42], played a significant role in differentiating age groups in both sexes. 

Specifically, PE molecular species were elevated in the 11-year-old group, while PSs 

species showed an increase in the 12-year-old group compared to the 9-year-old group 

across both sexes. Notably, PE (O-17:1/20:4) and PE (O-18:2/20:5) displayed patterns 

similar to those observed in previous studies of blood samples from children aged 0–13 

years [21]. Previous research on serum samples from healthy individuals revealed an 

increase in specific molecular species of PE in elderly and young Japanese individuals of 

both sexes [35]. Moreover, a recent study identified a sex-dependent, age-related increase 

in PLs, including PC and PE, with a more pronounced rise in females compared to males. 

This age-related increase may be attributed to a combination of physiological and 

developmental factors, such as hormonal changes, shifts in dietary habits, metabolic 

adjustments associated with growth, and biological processes occurring during puberty 

[33]. Additionally, genetic and environmental factors could further influence the distinct 

lipid profiles observed in different age groups [43]. 

SPs are essential components of cell membranes and function as signaling 

molecules within cells [44]. Notably, low levels of certain SM molecular species have 

been associated with an increased risk of T2D, CVD, and NDs [45,46]. Age was also 

strongly correlated with Cer and HexCer species, which are produced via an alternative 
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de novo sphingolipid synthesis pathway [3]. Cer and HexCer play a vital role in 

maintaining the integrity, function, and adaptability of cell membranes, which are critical 

for cellular and tissue health [47]. In our study, we observed that the levels of Cer, SM, 

and HexCer were elevated in the plasma samples of 10-year-old boys and girls (Figure 

5.4). A previous study observed that SM levels were higher in elder females compared to 

elder males, while the levels between young and elderly females remained similar. The 

study also found that young children with lower sex hormone levels displayed sex-related 

differences in plasma SM concentrations. In contrast, Cer species showed age-related 

increases in serum samples from male subjects [48]. Additionally, certain SM molecular 

species, such as SM 32:1, were found to be reduced in individuals with T2D [45]. 

TG that contains SFAs are metabolized through β-oxidation in the mitochondria, 

a process that becomes less efficient with age due to the impaired activity of β-oxidation 

enzymes [49]. A recent study has highlighted that higher levels of certain TG molecular 

species are associated with an increased risk of type 2 diabetes (T2D) [35,50]. It was also 

found that elder individuals tend to have higher serum levels of these TG species 

compared to younger individuals, which aligns with the results observed in this study. 

Additionally, the plasma concentrations of TG species, particularly TG (10:0/10:0/18:1), 

were found to be higher in boys compared to girls. Despite this, the precise role of lipid 

species in obesity-related metabolic changes is still not fully understood [51]. In this study, 

samples were categorized based on their POW. The data showed that the majority of TG 

species, such as TG (10:0/10:0/18:1), were significantly higher in the OW group 

compared to the NR and UW groups (Figure 3.5). These findings are in agreement with 

previous studies linking increased TG levels to overweight status [52], reinforcing the 

strong connection between TG levels and body weight. 

The choice between fasting and non-fasting samples for lipid measurements is largely 

dependent on the clinical context. For example, non-fasting samples are preferred when 

diagnosing metabolic syndrome or assessing initial risks in untreated primary prevention 

patients. On the other hand, fasting samples are typically required for patients with a 

family history of genetic hyperlipidemia [53]. Non-fasting lipid measurements offer 

several advantages, including simplifying blood sampling for both patients and clinicians, 

which can lead to improved patient compliance with lipid testing. Nordestgaard et al.. 

conducted a study that showed fasting is not routinely necessary for determining lipid 



127 
 

profiles. They suggested that non-fasting blood samples can be effectively used for 

assessing plasma lipid profiles [54]. A study by de Vries et al. further supported the use 

of non-fasting lipid profiles, indicating that they are acceptable for determining lipid-

lowering therapy, assessing CVD risk, and addressing discrepancies between primary and 

lipid disorders [55]. Additionally, a prospective study involving 26,509 healthy women 

in the United States found that non-fasting blood TG levels were more strongly associated 

with cardiovascular events than fasting TG levels [56]. Szternel et al. conducted a study 

that established reference values for non-fasting lipid parameters in healthy children aged 

9-11 years, underscoring the significance of non-fasting lipid measurements for assessing 

CVD risk in pediatric populations [57]. Similarly, a study of 356 French-Canadian 

children aged 6 to 13 years provided reference intervals for lipid markers, taking into 

account age, sex, and puberty stage, further supporting the use of non-fasting plasma 

samples for screening purposes [58]. These studies collectively emphasize the importance 

of obtaining non-fasting blood lipid levels, highlighting their relevance in clinical 

assessments compared to fasting samples. Therefore, despite the relatively small sample 

size, our study presents the first report on non-fasting plasma lipid profiles in a Japanese 

pediatric population. 

This study provides important insights into the lipid classes present in plasma samples 

from pre-adolescent children, categorized by sex, age, and weight groups, along with a 

detailed analysis of lipid composition. However, several limitations must be 

acknowledged. One such limitation is the semi-quantitative nature of the reported lipid 

concentrations, which are not absolute values. Additionally, the use of non-fasting plasma 

samples in this study may introduce variability in lipid profiles. The lipid composition in 

plasma can be influenced by various factors, including diet, physical activity, genetic 

predispositions, and family history, none of which were accounted for in this study. 

Additionally, while a range of molecular species from SPs, GLs, and FAs were identified 

in the plasma samples from both boys and girls, the exact mechanisms driving their 

metabolism remain unclear. Despite these limitations, this study provides a thorough lipid 

profiling of plasma from preadolescent children, highlighting variations across sex, age, 

and percentage of overweight groups. A key strength of this research is the use of 

untargeted LC/MS, which enabled the identification of capric acid-containing TG as a 
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potential plasma biomarker for childhood obesity. However, further validation is needed 

to establish the clinical significance and reproducibility of these findings. 

4.5 Conclusion 

In this study, lipid profiles in plasma samples from pre-adolescent children were 

compared across different sexes, age groups, and weight categories. The findings revealed 

unique lipid composition patterns within the 9-12-year-old age range for both boys and 

girls. Significant differences in SFA levels were observed, particularly between the 9-

year-old children and those in other age groups. Moreover, certain SPs such as Cer, 

HexCer, and SM, and PLs like PI were found to be more abundant in the plasma of 

children aged 10 compared to other age groups. In addition, plasma TG and PS levels 

were found to increase within the 9 to 12-year age range. Notably, children classified as 

OW showed elevated TG levels compared to those in the NR, with TG (10:0/10:0/18:1) 

emerging as a potential biomarker for childhood obesity. In summary, this study revealed 

significant lipidome variations, demonstrating the utility of untargeted lipid profiling 

using HPLC/LTQ-MS for comprehensive lipid analysis in pre-adolescent plasma samples. 

The findings provide valuable insights into sex, age, and weight-specific lipid metabolism 

patterns in pre-adolescent children. 
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6.1 Introduction  

Obesity has emerged as a global epidemic and a major public health burden, primarily 

due to its strong association with a wide spectrum of chronic metabolic disorders, 

including T2D mellitus, CVD, non-alcoholic fatty liver disease, and various cancers [1]. 

The World Health Organization WHO estimates that more than 650 million adults 

worldwide are classified as overweight or obese, accounting for one in eight individuals 

living with obesity (https://www.who.int/news-room/fact-sheets/detail/obesity-and-

overweight). Despite the availability of lifestyle interventions and pharmacological 

therapies, the global prevalence of obesity continues to rise, highlighting the urgent need 

for novel, safe, and effective therapeutic strategies. Emerging evidence indicates that 

dysregulation of lipid metabolism plays a crucial role in the development of obesity and 

related metabolic disorders. SPs are a major class of lipids, comprising diverse 

metabolites that play a key role in regulating various cellular processes and physiological 

functions [2]. Alterations in sphingolipid metabolism have been linked to various 

metabolic disorders such as obesity, abnormal lipid profiles, insulin resistance, CVD, and 

T2D [3]. One of the key enzymes involved in sphingolipid metabolism is sphingomyelin 

synthase (SMS), which catalyzes the conversion of Cer and PC into SM and DG [4].  

In mammals, SMS is expressed in three isoforms: SMS1, SMS2, and SMSr [5]. 

Although SMS1 and SMS2 share approximately 57% sequence similarity and have 

identical enzyme activities, but different subcellular locations [6]. SMS1 functions 

predominantly in the Golgi apparatus, whereas SMS2 operates at the plasma membrane 

[7,8]. Recent studies in a murine model have shown that SMS deficiency inhibits the 

progression of atherosclerosis [9], insulin resistance [10], and obesity [11], whereas in 

vitro SMS suppression attenuates endotoxin-mediated macrophage inflammation and 

atherosclerosis [12]. Therefore, targeting SMS represents a potential therapeutic approach 

for treating metabolic disorders, including obesity, and the identification of effective SMS 

inhibitors offers a promising strategy for discovering novel anti-obesity agents. The 

discovery of potent SMS inhibitors remains in its nascent phase, with only a limited 

number of both natural and synthetic molecules reported so far [13]. Among natural 

sources, ginkgolic acid (GA) from Ginkgo biloba leaves [14], and malabaricanes A-C and 

E, derived from the fruits of M. cinnamomea [15], have demonstrated potent SMS-

inhibitory activity. However, GA is associated with toxicity concerns, limiting its 

https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
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potential for further development as a therapeutic drug [16]. These limitations emphasize 

the urgent need to discover new, safer, and more efficacious SMS inhibitors, especially 

those derived from natural products.  

Marine organisms, particularly seaweeds, constitute a largely underexplored but 

promising source of novel SMS inhibitors. Seaweed has been an essential part of 

traditional diets, particularly in East Asia, where it is consumed in various forms. It has 

also been used in traditional medicine to address various disorders, owing to its rich 

nutrient profile and bioactive compounds [17]. Recent studies suggest that seaweed 

consumption is associated with a reduced risk of CVD and plays a crucial role in 

promoting longevity, particularly in Japanese populations where seaweed is a regular 

component of the diet [18, 19]. Although seaweed offers various health benefits, its 

therapeutic potential in obesity management, especially through the regulation of lipid 

metabolism, remains limited. 

In this study, we aim to investigate the bioactive potential of Undaria pinnatifida 

(wakame), a brown seaweed, by specifically assessing the anti-obesity properties of its 

bioactive compounds, with a particular focus on their ability to inhibit SMS. The results 

were further validated through in-silico molecular docking and dynamics simulation 

studies. This study underscores the potential of wakame-derived bioactive compounds as 

natural SMS inhibitors, offering new insights into the development of functional foods 

and nutraceuticals for obesity management and other metabolic disorders. 

6.2 Materials and Methods 

6.2.1 Materials 

Dried wakame seaweed was sourced from a commercial vendor based in Sapporo, 

Japan. LC/MS-grade solvents, including isopropanol, chloroform, and methanol, were 

procured from Wako Pure Chemical Industries, Ltd (Osaka, Japan). Ammonium acetate 

(1 mol/L, eluent additive for LC/MS) was purchased from Sigma-Aldrich (St Louis, MO, 

USA). Deuterated chloroform (CDCl₃) was purchased from Kanto Chemical Co., Ltd. 

C6-Cer (d18:1/6:0) and C6-SM (d18:1/6:0) were purchased from Avanti Polar Lipids, Inc. 

(Alabaster, USA). The protease inhibitor cocktail (EDTA-free) was sourced from Nacalai 

Tesuque, Inc. (Kyoto, Japan), while bovine serum albumin (BSA) was purchased from 



139 
 

Thermo Fisher Scientific (Tokyo, Japan). Thin-layer chromatography (TLC) silica gel 

plates of 0.2 mm thickness were purchased from Merck KGaA, Darmstadt, Germany. 

6.2.2 NMR and LC/MS analysis 

NMR spectra of the purified compound were acquired using a JEOL 400 MHz 

spectrometer maintained at 25 °C, utilizing CDCl₃ as the solvent and tetramethylsilane 

(TMS) as the IS. Chemical shift values (δ) are reported in parts per million (ppm), and 

coupling constants (J) are given in Hertz (Hz), referenced to CDCl₃ (¹H at δ 7.26 ppm) 

and TMS. The LC/MS analysis of the purified compound employed for HRMS analysis 

in negative ion mode as described in Chapter 2, Section 2.2.5. 

6.2.3 Extraction of Undaria pinnatifida (wakame) 

The extraction protocol applied to U. pinnatifida (wakame) was adapted from a 

conventional method previously employed for isolating daurichromenic acid from the 

traditional Chinese medicinal plant Rhododendron dauricum [20]. One kilogram of 

commercially procured dried wakame was finely ground using a mechanical mill and 

transferred into a 2-liter beaker. The powdered seaweed was subjected to three successive 

extractions with 2 L of methanol at room temperature, each lasting 24 hours. The 

combined methanol extracts were then concentrated under reduced pressure. The 

resulting residue was dissolved in 500 mL of 20% MeOH in Milli-Q and subsequently 

partitioned three times with 200 mL each of hexane, diethyl ether (Et₂O), and ethyl acetate 

(EtOAc). Following solvent evaporation, the residues from hexane, Et₂O, EtOAc, and 

water were evaluated for SMS activity. Further assessment of their activity was conducted 

using an SMS inhibition assay. The active fraction was further purified through column 

chromatography using Silica Gel 60 N (spherical, neutral) with a particle size of 40–50 

µm (Kanto Chemicals) to isolate the purified SMS inhibitor. 

6.2.4 Cell culture and protein assay 

HeLa cells stably expressing human SMS1 or SMS2 (hSMS1 or hSMS2) were 

cultured in Minimum Essential Medium supplemented with 10% (v/v) fetal bovine serum 

and 1% penicillin-streptomycin-neomycin antibiotic mixture, with all components 

obtained from Thermo Fisher Scientific (Tokyo, Japan). These cells were kept at 37 °C in 

a moisture-controlled atmosphere with 5% carbon dioxide. To determine cellular protein 
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content, cells were collected by centrifugation at 1000 rpm for 10 min and stored at –

80 °C until further analysis. For protein quantification, the cell pellet was resuspended in 

1 mL of 20 mM Tris buffer (pH 7.5) and vortexed thoroughly. An aliquot of 25 µL from 

the resulting lysate was dispensed into a 96-well microplate in triplicate. The assay 

reagent was prepared by mixing reagents A and B from the Bicinchoninic Acid Protein 

Assay Kit (Thermo Fisher Scientific) in a 50:1 ratio, and 200 µL of this reagent was added 

to each well. The plate was incubated at 37 °C for 30 min, after which absorbance was 

measured at 562 nm using a Wallac 1420 ARVO Mx microplate reader. A standard curve 

was created using serial dilutions of bovine serum albumin from a 2000 µg/mL stock to 

concentrations of 2000, 1000, 100, 10, 1, and 0.1 µg/mL in phosphate-buffered saline. 

The absorbance values of these standards were measured under the same conditions and 

used to estimate the protein concentrations of the cell lysates. All cell handling and protein 

assay procedures were conducted following previously published protocols without 

modification [21]. 

6.2.5 In-vitro SMS assay 

The in vitro SMS activity assay was carried out based on a previously reported 

LC-MS/MS-based method developed by our team [21]. For the assay, HeLa/hSMS1 and 

HeLa/hSMS2 cells were lysed in a buffer containing 20 mM Tris-HCl (pH 7.5) 

supplemented with a Complete™ protease inhibitor cocktail, followed by sonication for 

5 seconds, and the resulting lysates were adjusted to a protein concentration of 0.1 µg/µL. 

Briefly, 100 µL of an aliquot of each cell lysate with a known protein concentration was 

transferred into a 1.5-mL Eppendorf tube in quadruplicate, and 1 µL of the inhibitor 

(initial concentration: 10 mg/mL in DMSO) was added. These mixtures were incubated 

at 37 °C for 30 min, followed by the addition of 1 µL of C6-Cer (5 µM solution in ethanol). 

The enzymatic reactions were allowed to proceed for an additional 60 min at 37 °C. To 

stop the reaction, 350 µL of a chloroform: methanol mixture (2:1, v/v) was added. The 

samples were vortexed at 1300 rpm for 10 min and centrifuged at 15,000 rpm for 5 min. 

The lower chloroform phase, containing lipids, was carefully transferred to a new 

Eppendorf tube. The organic solvents were evaporated under reduced pressure at 4 °C. 

The dried lipid residues were redissolved in 100 µL of methanol, vortexed for 5 min, and 

centrifuged again at 15,000 rpm for 10 min. The resulting supernatants were transferred 
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into LC vials and analyzed on a TSQ Quantum Access triple quadrupole MS (Thermo 

Fisher Scientific, Waltham, MA, USA) operating in positive electrospray ionization mode. 

Data acquisition and processing were performed using Xcalibur 2.2 software to extract 

ion chromatograms and quantify signal intensities for C6-Cer and C6-SM. All procedures 

followed the established assay protocol without any modifications [21]. 

6.2.6 In-silico molecular docking studies 

Molecular docking studies were conducted using previously optimized structural 

models of the SMS1 and SMS2 enzymes developed by our research group. The purpose 

of this analysis was to evaluate the interaction between the EPA and the refined SMS1 

and SMS2 protein structures, employing AutoDock Vina version 1.5.6 [22]. The 2D 

molecular structure of EPA was first constructed using the Marvin JS tool and 

subsequently converted into PDB format. Ligand preparation was carried out in 

AutoDock Vina, and the structures were saved in PDBQT format for docking analysis. 

The optimized SMS1 and SMS2 proteins were accessed in PDB format, with associated 

molecules eliminated during the protein configuration enhancement procedure. Hydrogen 

atoms were added to the protein structures using AutoDock Vina 1.5.6. A defined grid 

box was established to target the active site of each receptor. For SMS1, the grid center 

was set at x = 3.16, y = 1.03, and z = 11.48; for SMS2, the coordinates were x = 12.25, y 

= 4.58, and z = –6.05. Molecular docking analysis was carried out with AutoDock Vina, 

and the binding affinities were expressed in kcal/mol [22]. The binding interactions were 

evaluated and visualized using Biovia Discovery Studio 2021 software [23]. 

6.2.7 In-silico molecular dynamic studies 

To further validate the binding stability of the protein-ligand complex, molecular 

dynamics (MD) simulations were performed using the Desmond module from the 

Schrödinger software suite (version 2020-2) [24]. These simulations aimed to assess the 

conformational stability of EPA within the binding sites of SMS1 and SMS2 proteins. The 

simulation system was built by embedding the protein-ligand complex in a cubic 

simulation box solvated with TIP3P water molecules and solvating it using a simple point 

charge model. The OPLS3 force field was applied to prepare the protein-ligand complex 

and to examine the molecular interactions [25]. To neutralize the system, a small number 

of sodium ions (Na⁺) and salt molecules were incorporated. The entire system was then 
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subjected to energy minimization, applying a convergence threshold defined in 

kcal·mol⁻¹·Å. Following this, equilibration was carried out under an NPT ensemble for a 

duration of 100 ns. A subsequent 20 ns MD simulation was conducted under NPT 

ensemble conditions. The pressure was maintained at 1 bar using the Martyna-Tobias-

Klein barostat, while temperature control at 300 K was achieved with a Nose-Hoover 

thermostat. The focus of the analysis was on evaluating the stability of the protein-ligand 

interactions, as well as assessing the root mean square deviation (RMSD), root mean 

square fluctuations (RMSF), and the occupancy of hydrogen bonds with the residues [26, 

27]. 

6.3 Results 

6.3.1 Extraction of Undaria pinnatifida (wakame) 

The extraction of U. pinnatifida (wakame) was performed using the method 

described earlier. The initial methanol extraction yielded 29.6 g of crude extract. To 

assess its potential as an inhibitor of SMS, an SMS inhibition assay was conducted at a 

concentration of 100 µg/mL. The extract demonstrated substantial inhibitory activity 

against both SMS1 and SMS2, with more than 90% inhibition observed in each case. The 

methanol extract was further fractionated using liquid-liquid partitioning with solvents of 

varying polarity, including hexane, ethyl acetate, diethyl ether, and water. The resulting 

solvent fractions were concentrated, yielding 9.8 g of hexane extract, 3.3 g of ether extract, 

2.8 g of ethyl acetate extract, and 3.0 g of water extract. Each of these fractions was then 

assessed for SMS inhibition activity. Notably, the hexane fraction displayed the most 

potent inhibitory effect, achieving more than 90% inhibition for both SMS1 and SMS2. 

A summary of the methanol extraction, solvent partitioning, and initial SMS inhibition 

assay results is shown in Figure 6.1. 
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Figure 6.1: Methanol extraction and liquid-liquid partition of Undaria pinnatifida 

(wakame) with weights and SMS inhibition assay results. 
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6.3.2 Separation and Isolation of the active compound 

To obtain the bioactive compound from the potent hexane fraction of wakame, 

silica gel column chromatography was utilized, a widely applied technique for separating, 

fractionating, and purifying natural compounds. A silica-packed column was prepared 

using hexane as the mobile phase, and the separation process was guided by TLC with a 

hexane-to-ethyl acetate solvent system (4:1 v/v). The initial separation resulted in ten 

subfractions, each comprising a mixture of compounds. These subfractions were then 

subjected to SMS inhibition assays to determine their bioactivity. Among the ten, Fraction 

7 demonstrated the most significant inhibitory effect, achieving more than 90% inhibition 

for both SMS1 and SMS2. The detailed isolation and separation of the hexane fraction 

are shown in Appendix Figure 6.1. The separation details, inhibition assay results, and 

corresponding TLC profiles of ten subfractions are presented in Appendix Figure 6.1A. 

Despite its strong inhibitory activity, fraction ten remained a mixture of compounds. 

Therefore, it was further purified through a second round of column chromatography 

under the same solvent conditions, which resulted in four distinct subfractions: 7a, 7b, 7c, 

and 7d. SMS inhibition assay performed on this purified subfraction revealed that fraction 

7c exhibited the highest inhibitory activity against both SMS1 and SMS2. However, 

subfraction 7c remained a mixture of compounds. The separation of compounds in 

subfraction 7c through conventional column chromatography was challenging due to the 

similar polarity of the compounds, revealed by TLC analysis. To overcome this limitation 

and achieve better separation, preparative TLC (PTLC) was employed using a 

chloroform-to-methanol solvent system (9.8:0.2 v/v) as the mobile phase. The PTLC 

results in the successful separation of subfraction 7c-1. TLC analysis confirmed that 

subfraction 7c-1 contained a single spot, indicating a purified compound. The detailed 

separation process, inhibition results, and TLC profiles of subfractions of fraction 7 are 

shown in Appendix Figure 6.1B. From 1 kg of wakame, 4 mg of purified subfraction 7c-

1 was obtained, corresponding to an overall yield of 0.004%. This stepwise purification 

process successfully led to the identification of a potent SMS inhibitor from wakame. The 

structure of this bioactive compound was further characterized using various analytical 

techniques. 
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6.3.3 Identification and characterization of the purified compound 

The identification of the potent compound responsible for SMS inhibition in the 

purified compound from wakame was carried out using UHPLC-LTQ Orbitrap MS. The 

analysis was performed in negative ion mode, allowing the detection of [M−H]⁻ precursor 

ions for subsequent analysis. Comprehensive mass spectral analysis revealed that the 

active fraction was a mixture of long-chain FFAs, with FA 20:5 as the major isomer. High-

resolution mass spectra confirmed the presence of these compounds, while the MS/MS 

spectra confirm their fragmentation behaviors, are represented in Figure 6.2. In the 

purified compound, FA 20:5 eluted at an RT of 12.61 min, closely matching the retention 

time of the standard EPA eluting at 12.50 min. FA 20:5 in the purified compound was 

detected and ionized to yield an [M-H]- ion at m/z 301.2144. Furthermore, MS² analysis 

revealed a characteristic fragment ion at m/z 257, corresponding to the loss of CO₂ (44 

Da), consistent with the fragmentation pattern observed for the standard EPA. These 

confirm the presence of EPA as a major isomer in the purified compound. The EIC and 

mass spectra of both the standard and purified compound, represented in Figures 6.2A 

and 6.2B, respectively. Additionally, HRMS analysis identified the presence of other 

long-chain FFAs, specifically FA 20:4 and FA 18:4, in the purified mixture. Similar CO₂ 

loss fragmentation patterns were observed in the MS² spectra of these FFAs, confirming 

their identities. Based on peak intensities, the relative ratio of FA 18:4, FA 20:5, and FA 

20:4 in the mixture was approximately 1:2:1. Structural confirmation was further 

achieved through 1H NMR spectra are represented in Appendix Figure 6.2. Both the 

purified compound and standard EPA were analyzed at 400 MHz. The 1H NMR spectrum 

of the purified compound exhibited the following chemical shifts and coupling constants: 

δ 5.39 (10H, m), 2.82 (8H, m), 2.38 (2H, t, J = 8 Hz), 2.09 (4H, m), 1.73 (2H, m), and 

0.98 (3H, t, J = 8 Hz) (Figure S2A). In comparison, the 1H NMR spectrum of the standard 

EPA showed the following chemical shifts: δ 5.39 (10H, m), 2.82 (8H, m), 2.37 (2H, t, J 

= 8 Hz), 2.13 (4H, m), 1.72 (2H, m), and 0.98 (3H, t, J = 8 Hz) (Figure S2B). Although 

the purified fraction was a mixture of long-chain FFAs, the NMR spectral analysis 

confirmed that FA 20:5 was the predominant isomer, indicating its major contribution 

within the mixture. 
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Figure 6.2: Extracted ion chromatogram (EIC), MS1 and MS2 spectra of A. Standard 

eicosapentaenoic acid (EPA) B. FA 20:5 C. FA 20:4 D. FA 18:4 in the purified compound. 

6.3.4 In-vitro SMS inhibition assay for the purified compound. 

To assess the inhibitory potential of the purified compound, which was confirmed 

to be a mixture of long-chain FFAs with FA 20:5 as a major isomer. The SMS inhibition 

assay was performed for the purified compound at different concentrations. The 

inhibitory potential of the purified compound was determined by its half-maximal 

inhibitory concentrations (IC50) for both SMS1 and SMS2. These values were calculated 

using a cell-based assay coupled LC-MS/MS technique previously developed and 

reported by our group. This method allows for accurate quantification of Cer and SM 

levels and provides a detailed analysis of enzyme inhibition at various concentrations of 

purified compound. As shown in Figure 6.3A, the calculated IC50 for the purified 

compound was 10 µM for SMS1 and 6.5 µM for SMS2, indicating that the mixture of 

essential FFAs shows a potent inhibition for both enzymes. These results are compared 

with the standard EPA by calculating their IC50 value for both SMS and SMS2, as shown 

in Figure 6.3B. 
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Figure 6.3: In-vitro SMS assay results and their IC50 for both hSMS1 and hSMS2 of A. 

Purified compound. B. Standard eicosapentaenoic acid 

6.3.5 In-silico molecular docking analysis of FA 20:5 with SMS1 and SMS2  

To validate the in-vitro findings, in-silico molecular docking studies were 

performed using the optimized protein structures of SMS1 and SMS2, as previously 

reported by our group. The docking analysis revealed that FA 20:5 exhibited strong 

binding affinities toward the active sites of both SMS isoforms. The calculated binding 

energies were -7.1 kcal/mol for SMS1 and -6.4 kcal/mol for SMS2, indicating favourable 

and stable interactions. The binding interaction modes were further visualized using 

Discovery Studio Visualizer, and the docking results are presented in Figure 6.4A. 

Notably, FA 20:5 was found to form conventional hydrogen bonds with key amino acid 

residues ALA325 and Pi–alkyl interaction with HIS 285, PHE 184, PHE 242, and HIS 

274 in the active site of SMS1. For SMS2, FA 20:5 exhibited a conventional hydrogen 

bond with ARG286 and multiple non-covalent interactions, including alkyl and Pi–alkyl 

interactions, suggesting a stable and specific binding configuration (Figure 6.4B). 
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Figure 6.4: In-silico molecular docking analysis of eicosapentaenoic acid with hSMS1 

and hSMS2 proteins indicates A. EPA binding to the surface of SMS1 and SMS2 proteins. 

B. Two-dimensional interaction of EPA with the SMS1 and SMS2 proteins. 

6.3.6 In-silico molecular dynamics simulation analysis of FA 20:5 with SMS1 and 

SMS2 

6.3.6.1 Root Mean Square Deviation (RMSD) Analysis 

To evaluate the stability of the protein–ligand complexes, MD simulations were 

performed, and the root-mean-square deviation (RMSD) of the protein Cα atoms was 

analyzed. In the FA 20:5–SMS1 complex, RMSD values ranged from 2.0 Å to 3.2 Å. The 

system achieved initial stability after approximately 25 ns and exhibited minor 

fluctuations between 40–50 ns. Thereafter, the complex regained and maintained stable 

conformational behavior from 55 ns up to 100 ns. A final stable trajectory was observed 

beyond 100 ns, indicating strong ligand binding and overall system stability. In the case 
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of the FA 20:5–SMS2 complex, RMSD values ranged from 2.0 Å to 4.5 Å. The system 

showed consistent stability from 0 to 40 ns, followed by a phase of divergence between 

45–80 ns. Stability was re-established between 80–90 ns, and despite a slight deviation 

towards 100 ns, the complex ultimately stabilized again beyond 100 ns. Both complex 

systems demonstrated acceptable fluctuations in RMSD throughout the simulation period, 

indicative of dynamic yet stable protein–ligand interactions. The average RMSD profiles 

of both systems are depicted in Figure 5A. 

6.3.6.2 Root Mean Square Fluctuation (RMSF) Analysis 

To assess residue-level fluctuations within the protein–ligand complexes, root 

mean square fluctuation (RMSF) analysis was performed. In the FA 20:5–SMS1 complex, 

the average RMSF value was approximately 2.5 Å, with increased flexibility observed at 

specific residue ranges—namely, residues 30–40, 100–125, 130–140, and 215–230. 

Similarly, in the FA 22:1–SMS2 complex, a higher average RMSF of approximately 5.0 

Å was recorded. Distinctly elevated fluctuations were detected in the residue ranges 40–

50, 110–160, and 195–210. Both complexes demonstrated characteristic fluctuation 

profiles, as depicted in Figure 5B. The comparative RMSF analysis indicates that ligand 

binding significantly affects the dynamic behavior of specific protein regions. These 

findings suggest that the binding of FA 20:5 contributes to the overall structural 

stabilization of SMS1 and SMS2, respectively, which demonstrated favourable docking 

results. 

6.3.6.3 Occupancy of Hydrogen bond interaction 

In the FA 20:5–SMS1 complex, a consistent hydrogen bond was observed with 

the HIS285 residue, occurring in approximately 25% of the simulation trajectory. In 

contrast, the FA 20:5–SMS2 complex exhibited a more persistent hydrogen bond 

interaction with ARG311, present in over 100% of the simulation frames, indicating that 

multiple hydrogen bonds were formed and maintained concurrently throughout the 

simulation period.  The persistence of these interactions across a significant portion of the 

simulation trajectory reinforces the ligand’s stabilizing effect on the protein structures. 

Additional amino acid interactions contributing to complex stabilization are illustrated in 

Figure 5C. Collectively, these findings confirm the crucial role of hydrogen bonding in 
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mediating the high binding affinity and stability of the FA 20:5- SMS1 and SMS2 

complexes. 

 

Figure 6.5: Molecular dynamics simulation of A. Root mean square deviation (RMSD) 

analysis of SMS1 and SMS2 with EPA complexes. B. Root mean square fluctuation 

(RMSF) analysis of SMS1 and SMS2 with EPA complexes. C. Occupancy of hydrogen 

bond analysis of SMS1 and SMS2 with EPA complexes. 

6.4 Discussion 

The present study aimed to explore the anti-obesity potential of U. pinnatifida (wakame) 

by identifying natural inhibitors of SMS, a key enzyme involved in lipid metabolism and 

implicated in the development of metabolic disorders. SMS is the last enzyme involved 

in the SM biosynthesis and plays a crucial role in signal transduction and protein sorting 

within lipid raft domains [28]. Dysregulation of SMS activity has been associated with 

several metabolic abnormalities, including insulin resistance and hepatic steatosis [29]. 

Previous studies have shown that SMS inhibition in mouse models can significantly 
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improve liver steatosis, positioning SMS as a viable therapeutic target for treating obesity-

related metabolic syndromes [30]. Therefore, targeting SMS represents a promising 

strategy for modulating sphingolipid-mediated metabolic dysfunctions associated with 

obesity and related syndromes. Prior studies have primarily focused on synthetic SMS 

inhibitors, such as tricyclodecan-9-yl-xanthogenate (D609) and other selective 

compounds targeting SMS1 and SMS2 isoforms [31, 32]. Although these synthetic 

inhibitors have demonstrated efficacy in reducing SMS activity, their clinical translation 

has been hindered by high cytotoxicity and unfavourable safety profiles [32]. In light of 

these limitations, naturally derived SMS inhibitors have garnered attention as potentially 

safer alternatives; however, research in this area remains limited. 

A prior study reported daurichromenic acid, a potent SMS inhibitor isolated from 

the hexane fraction of the traditional Chinese medicinal plant Rhododendron dauricum 

[20].  These findings are consistent with our results, where the hexane fraction of wakame 

exhibited notable SMS inhibitory activity, underscoring the effectiveness of this 

extraction approach for identifying bioactive compounds. Wakame, a staple in traditional 

Japanese cuisine, is known to be rich in essential minerals, vitamins, and dietary fibers 

[33]. Furthermore, previous studies have shown that consumption of EPA-rich fish oil 

and wakame significantly lowers serum and liver triacylglycerol levels compared to 

standard diets [34]. Our study shows that subfraction 7c-1, containing a bioactive 

compound, exhibits potent SMS inhibition activity, indicating that subfraction 7c-1 may 

contain EPA.  

Based on subsequent purification, SMS assay, and structural characterization of 

subfraction 7c-1 (the most active subfraction), revealed active compound is a mixture of 

FFAs, with EPA as the major bioactive compound responsible for SMS inhibition.  

Although earlier studies had identified similar compounds through total lipid extraction, 

they lacked in-depth structural characterization [35]. In contrast, our study utilized 

comprehensive LC-MS and NMR techniques, supported by direct comparisons with 

authentic standards, to confirm the structure and identity of the bioactive components. 

Furthermore, the SMS inhibition assay was performed on the purified EPA-rich fraction, 

and the results align well with previously reported results for Gingkolic acid, which was 

evaluated using the same SMS inhibition assay method [21] 
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EPA is a well-known ω-3 bioactive lipid which are well recognized for its anti-

inflammatory and cardioprotective effects [36]. Recent rodent model studies have 

demonstrated EPA’s efficacy in improving metabolic outcomes in both type 1 and type 2 

diabetes [37-39]. Another study also revealed the beneficial effect of EPA supplements 

on metabolic parameters, including glucose and glycosylated haemoglobin in type 2 

diabetic patients [40]. Additionally, studies have demonstrated that combined intake of 

ω-3 and ω-6 FFAs has been linked to improved outcomes in obesity-related comorbidities, 

such as atherosclerotic cardiovascular disease and mental health disorders [41, 42]. 

Recent cross-sectional data analysis revealed a linear relation between ω-3 and ω-6 FFAs 

intakes, which significantly lowers the body fat percentage [43]. These collective findings 

are in line with our observations regarding SMS inhibition of purified compound. 

To our knowledge, this is the first study reporting the identification of anti-obesity 

bioactive compounds from wakame targeting SMS. Nevertheless, several limitations 

must be acknowledged. The presence of multiple FFAs species in the active fraction posed 

challenges for chromatographic separation and structural elucidation, especially in 

identifying double bonds in highly unsaturated compounds. Additionally, the limited 

availability of commercial standards constrained definitive compound identification for 

some constituents. 

6.5 Conclusion 

This study highlights Undaria pinnatifida (wakame) as a promising natural source 

of SMS inhibitors, with FA 20:5 identified as the major bioactive compound exhibiting 

potent inhibitory activity against both SMS1 and SMS2 isoforms. Utilizing a 

multidisciplinary approach- comprising in-vitro enzymatic assays, in-silico molecular 

docking and dynamics simulations, and advanced structural characterization through 

LC/MS and NMR- we confirmed the efficacy of FA 20:5 in modulating sphingolipid 

metabolism. These findings offer valuable insights into the potential development of 

functional foods or nutraceuticals derived from wakame for the management of lipid-

related metabolic disorders. However, further in-vivo studies and targeted formulation 

strategies will be essential to substantiate the therapeutic potential of FA 20:5 as a dietary 

intervention for obesity and associated metabolic diseases. 
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Conclusion remarks 

This thesis utilized untargeted lipidomics as a powerful platform for investigating diverse 

physiological and pathological conditions, like alcohol-associated gut dysbiosis, 

neurodegenerative diseases, childhood obesity, and the discovery of bioactive lipids from 

marine resources. The detailed analyses of diverse sample types through the application 

of high-resolution HPLC/LTQ-MS, coupled with advanced data processing, enabled the 

identification of novel lipid species, elucidation of metabolic signatures, and discovery of 

potential diagnostic and therapeutic lipid biomarkers.  

Chapter 2 was focused on the impact of ethanol consumption on gut lipid metabolism 

using colon flush samples from both male and female mice. Distinct sex-specific 

alterations in lipid classes such as FFAs, SPs, and GPs were observed, with specific 

upregulation of PG (O-15:1/15:0) and PE (O-18:2/15:0) in EF mice. The reduction of 

FAHFAs in female mice highlighted the vulnerability of anti-inflammatory lipid 

pathways under alcohol-induced stress. These findings emphasize the intricate sex-

dependent mechanisms governing gut lipid regulation and suggest new leads for 

understanding the pathophysiology of alcohol-related gastrointestinal disorders. 

Building upon the exploration of gut lipidome diversity, Chapter 3 delved into the 

identification of novel FAHFA-derived lipid species in human fecal samples. Using 

advanced LC/MS techniques, this work reported for the first time the presence of 

MFAHFAs, specifically EA and CLA esters of long-chain hydroxy fatty acids, in the 

human gut. These lipids likely originate from microbial or host-microbe interactions and 

may hold physiological or diagnostic relevance. The detection of both abundant and rare 

SFAHFAs and MFAHFAs sheds light on the complexity of gut-associated lipid 

metabolism and expands the lipidome landscape relevant to intestinal and metabolic 

health. 

Chapter 4 focused on lipid dysregulation in NDs. In the first part, untargeted lipidomics 

of saliva, plasma, and fecal samples from older adults across stages of cognitive 

impairment revealed distinct alterations in lipid class distributions and ω6/ω3 fatty acid 

ratios. Lipid species such as FA 18:3, FA 22:5, and CE 18:2 emerged as promising stage-

specific biomarkers, while increased TG-MCFAs in fecal samples were indicative of early 
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cognitive decline (MCI). Further stratification by sex and body weight provided 

additional insight into lipidomic variability in MCI patients. In the second part, deep 

lipidomic profiling of postmortem brain tissue from patients with AD, PD, and HD 

revealed strong disease-specific signatures. A total of 291 lipid species were profiled 

across different brain regions, with clear group separation observed via OPLS-DA 

analysis. Volcano plot and ROC analyses identified AHexCer (d(O-18:1)18:1/15:0;O), 

PC (O-22:5/19:3), and PS (O-17:0/22:6) among the top differentiators of disease states. 

The sex- and brain region-specific lipid alterations further emphasized the influence of 

biological variables in lipid-mediated neurodegeneration and provided molecular insight 

into the heterogeneous nature of these disorders. 

In Chapter 5, the lipidomics of pre-adolescent children explained how sex, age, and 

weight status influence plasma lipid metabolism. Differences in SPs and PLs were 

observed across age groups, with a notable rise in TG and PS levels between ages 9 and 

12. Children classified as overweight exhibited elevated TG levels, particularly TG 

(10:0/10:0/18:1), which emerged as a potential lipid biomarker for early-onset obesity. 

This study contributes to the understanding of early metabolic shifts during childhood 

and supports the use of untargeted lipidomics in pediatric populations to monitor and 

predict metabolic health trajectories. 

Chapter 6 described the discovery of a potent SMS inhibitor from the edible seaweed U. 

pinnatifida (wakame), highlighting the translational potential of lipidomics in therapeutic 

discovery. Using a multidisciplinary approach combining in-vitro SMS assay, LC/MS, 

and NMR-based structural elucidation, and in-silico molecular docking and dynamics 

simulations, FA 20:5 was identified as the principal bioactive molecule with strong 

inhibitory effects on SMS1 and SMS2 isoforms. Given the pivotal role of SMS in SPs 

metabolism and obesity pathogenesis, these findings provide a basis for developing 

functional foods or nutraceutical interventions targeting obesity. 

Overall, this thesis illustrates the versatility of untargeted lipidomics in capturing 

biologically relevant lipid changes across tissues, fluids, species, and diseases. It 

highlights novel lipid biomarkers, identifies new bioactive lipid species, and demonstrates 

the relevance of lipidomic profiling in both basic and translational research. The 
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integration of sex-, age-, disease-, and tissue-specific lipid data across studies not only 

enriches our understanding of lipid metabolism but also emphasizes the potential of 

lipidomics in precision medicine. Future studies should focus on the targeted validation 

of candidate biomarkers and functional elucidation of novel lipid species, with an 

emphasis on integrating lipidomics with genomics, proteomics, and metabolomics for a 

more holistic view of disease mechanisms and therapeutic potential. 
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Appendix 

Supplementary information for Chapter 1 

Figure 2.1: PLS-DA score plot (up) and their variable importance in projection (VIP) 

scores (down). 

 
Figure 2.2: Hierarchical cluster correlation analysis of TG (clustering method: ward, 

distance measure: Euclidean) 
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Supplementary information for Chapter 4 

 

Figure 4.1: Multivariate analysis of all lipid molecular species identified in saliva, plasma, 

and fecal samples of control, MCI, and dementia groups of older adults. A. OPLS-DA 

loading plot of the saliva samples representing: (i) control vs MCI groups, (ii) control vs 

dementia groups, (iii) MCI vs dementia groups. B. OPLS-DA loading plot of the plasma 

samples representing: (i) control vs MCI groups, (ii) control vs dementia groups, (iii) 

MCI vs dementia groups. C. OPLS-DA loading plot of the fecal samples representing: (i) 

control vs MCI groups, (ii) control vs dementia groups, and (iii) MCI vs dementia groups.  
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Figure 4.2: Heatmaps of the top 50 altered lipid molecular species in control, MCI, and 

dementia groups of saliva, plasma, and fecal samples of older adults. 
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Figure 4.3: Sex-specific lipidome alternation in control and MCI groups of saliva, plasma, 

and fecal samples. A. OPLS-DA loading plot analysis of control and MCI groups of saliva 

samples for: (i) male participants, (ii) female participants, B. OPLS-DA loading plot 

analysis of control and MCI groups of plasma samples for:(iii) male participants, (iv) 

female participants, C. OPLS-DA loading plot analysis of control and MCI groups of 

fecal samples for: (v) male participants, and (vi) female participants. 
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Figure 4.4: Heatmaps of the top 50 altered lipid molecular species in both the sex groups 

of control and MCI groups across saliva, plasma, and fecal samples of older adults. 
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Figure 4.5: Weight-specific lipidome alternation in control and MCI groups of saliva, 

plasma, and fecal samples. A. OPLS-DA loading plot analysis of control and MCI groups 

of saliva samples for: (i) NW participants, (ii) OW participants, B. OPLS-DA loading plot 

analysis of control and MCI groups of plasma samples for:(iii) NW participants, (iv) OW 

participants, C. OPLS-DA loading plot analysis of control and MCI groups of fecal 

samples for: (v) NW participants, and (vi) OW participants. 
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Figure 4.6: Heatmaps of the top 50 altered lipid molecular species in both the weight 

groups of control and MCI groups across saliva, plasma, and fecal samples of older adults. 
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Figure 4.7: Multivariate analysis of all lipid molecular species identified brain tissue 

samples of HV, AD, HD, and PD samples of NDs. A. sPLS-DA loading plot of the brain 

tissue samples from the HV, AD, HD, and PD groups B. OPLS-DA loading plot of the 

brain tissue samples representing HV vs AD groups. C. OPLS-DA loading plot of the 

brain tissue samples representing HV vs HD groups. D. OPLS-DA loading plot of the 

brain tissue samples representing HV vs PD groups. 

 

 

 

 

 

 

 

 

 



169 
 

 

Figure 4.8: Heatmap of top 50 significantly altered lipids (p < 0.05) in region-specific 

groups across the brain tissue samples of HV, AD, HD, and PD participants.  

Table 4.1: Significantly altered lipids between HV vs AD (p <0.05). 

Top candidates Fold change (FC) Log
2
FC 

PS (16:1/24:0;O1) 4.2471 2.0865 

AHexCer (d(O-18:1)18:1/15:0;O) 2.4862 1.3139 

PG (24:0/18:1;O2) 0.42552 -1.2327 

PI (O-16:1/17:1) 0.42397 -1.238 

PC (O-22:5/19:3) 0.40122 -1.3175 

LPC 18:2 0.35891 -1.4783 

FA 22:4;(2OH) 0.33439 -1.5804 

LPC 17:2 0.28541 -1.8089 
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Table 4.2: Significantly altered lipids between HV vs HD (p <0.05). 

Top candidates FC Log
2
FC Top candidates FC Log

2
FC 

PC (O-22:5/17:3) 24.698 4.6263 PS (18:0/22:4) 2.0137 1.0098 

PS (O-17:0/22:6) 23.477 4.5532 LPI 18:1 0.49703 -1.0086 

CE 18:2 4.8147 2.2675 PC (O-14:0/16:0) 0.49674 -1.0094 

CE 20:4 3.8571 1.9475 PI (O-19:0/20:3) 0.48787 -1.0354 

SPB 18:1;O2 3.5467 1.8265 LPI 18:0 0.47298 -1.0802 

FA 18:0 3.4213 1.7745 PC (O-22:5/18:3;O1) 0.43017 -1.217 

FA 20:4;(2OH) 3.3708 1.7531 PI (18:1/18:1) 0.42766 -1.2255 

PC (14:1/21:5) 3.3003 1.7226 PC (21:1/20:5) 0.38622 -1.3725 

CE 18:1 3.2335 1.6931 PI (18:0/20:3) 0.3833 -1.3834 

PC (O-22:5/19:3) 2.6206 1.3899 PC (18:1/14:1;O1) 0.32845 -1.6063 

CE 22:6 2.4435 1.2889 PC (O-22:5/19:2) 0.31871 -1.6497 

CL 74:5 2.3006 1.202 PI (20:4/17:1;O1) 0.31799 -1.6529 

CL 78:8 2.1146 1.0804 PS (22:6/22:6) 0.28796 -1.7961 

CL 82:12 2.0989 1.0696 CL 75:6 0.24127 -2.0513 

PE (O-18:2/22:4) 2.0334 1.0239 
AHexCer (d(O-

18:1)18:2/24:1;O) 
0.16811 -2.5726 

CL 72:7 2.0265 1.019 
AHexCer (d(O-

18:1)18:3/26:1;O) 
0.080106 -3.642 

CL 70:0 2.0194 1.0139 
AHexCer (d(O-

18:1)18:1/15:0;O) 
0.012992 -6.2662 
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Table 4.3: Significantly altered lipids between HV vs PD (p <0.05). 

Top candidates FC Log
2
FC Top candidates FC Log

2
FC 

PS (O-17:0/22:6) 15.437 3.9483 CL 78:10 2.1314 1.0918 

PC (O-22:5/17:3) 7.4632 2.8998 FA 14:0 2.1251 1.0875 

CE 18:2 4.5912 2.1989 CL 70:4 2.0452 1.0322 

CE 20:4 3.9017 1.9641 Cer (d18:1/18:1) 0.47897 -1.062 

PC (14:1/21:5) 3.7333 1.9004 

HexCer 

(t18:1/23:1(2OH)) 0.47645 -1.0696 

CE 18:1 3.4768 1.7978 PC (O-22:5/19:1) 0.46526 -1.1039 

CE 22:6 3.2248 1.6892 PI (20:4/17:1;O1) 0.46478 -1.1054 

FA 20:4;(2OH) 2.9519 1.5616 PS (22:6/22:6) 0.44092 -1.1814 

FA 18:0 2.7426 1.4555 PE (18:1/16:1;O2) 0.40791 -1.2937 

FA 20:5 2.633 1.3967 PC (18:1/14:1;O1) 0.38417 -1.3802 

SPB 18:1;O2 2.5011 1.3225 

AHexCer (d(O-

18:1)18:2/24:1;O) 0.38339 -1.3831 

PC (O-22:5/19:3) 2.4466 1.2908 PC (O-22:5/19:2) 0.36559 -1.4517 

PG 

(18:0/18:1;O1) 2.4416 1.2878 HexCer (d18:0/25:0) 0.35277 -1.5032 

CL 82:10 2.3214 1.215 PC (21:1/20:5) 0.32255 -1.6324 

FA 18:0;(2OH) 2.222 1.1518 

AHexCer (d(O-

18:1)18:3/26:1;O) 0.23321 -2.1003 

PS 

(18:1/22:4;O4) 2.2125 1.1457 

AHexCer (d(O-

18:1)18:1/15:0;O) 0.020291 -5.623 

PS (18:0/18:0;O) 2.1963 1.1351    
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Supplementary information for Chapter 5 

 

Figure 5.1: Analysis of lipid biosynthesis pathways in boys and girls. The data is 

represented as mean ± SEM. The Y-axis represents the concentration of the lipid sub-class 

in ng/µL and the X-axis represents different sex groups.  Where the abbreviations are as 

follows: Acetyl Coenzyme A (Acetyl Co A), Fatty Acids (FAs), Dihydroxyacetone 

Phosphate (DHAP), Glycerol-3-Phosphate (G3P), Lysophosphatidic Acid (LPA), 

Phosphatidic acid (PA), Cytidine Diphosphate Diacylglycerol (CDP-DAG), 

Phosphatidylinositol (PI), Phosphatidylethanolamine (PE), Lyso- 

phosphatidylethanolamine(LPE), Phosphatidylcholine(PC), Lyso- 

phosphatidylcholine(LPC), Phosphatidylserine(PS), Diacylglycerol (DAG), 

Triacylglycerol (TG), Serine (Ser), Ceramide(Cer), Hexosylceramide(HexCer) and 

Sphingomyelin (SM). 
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Figure 5.2: Volcanic plot representing significantly altered lipids (t-test, p < 0.05) in the 

plasma samples of boys A. Boys in the 9 vs. 10 years age group. B. Boys in the 9 vs. 11 

age group. C. Boys in the 9 vs. 12 age group. D. Boys in the 10 vs. 11 age group. E. Boys 

in the 10 vs. 12 age group. F. Boys in the 11 vs. 12 age group. 
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Figure 5.3: Volcanic plot representing significantly altered lipids (t-test, p < 0.05) in the 

plasma samples of girls A. Girls in the 9 vs. 10 age group. B. Girls in the 9 vs. 11 age 

group. C. Girls in the 9 vs. 12 age group. D. Girls 10 vs. 11 age group. E. Girls in the 10 

vs. 12 age group. F. Girls in the 11 vs. 12 age group. 
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Supplementary information for Chapter 6 

 

Figure 6.1: Detailed separation, purification, and SMS assay results of wakame: A. 

Isolation, separation, and SMS assay results of the hexane fraction. B. Isolation, 

separation, and SMS assay results of fraction 7. 
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Figure 6.2: 1H-NMR of A. Eicosapentaenoic acid (EPA). B. Purified compound  

 


