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ABSTRACT 

Metabolomics is an interdisciplinary field that combines advanced 

analytical chemistry techniques with biology to comprehensively identify 

and quantify metabolites present in cells, tissues, and biofluids. It serves as 

a powerful tool for understanding the biochemical underpinnings of various 

physiological and pathological processes. By capturing the dynamic 

changes in the metabolome, this approach offers a snapshot of the 

functional state of biological systems. Over the past decade, metabolomics 

has been extensively employed in the search for novel biomarkers that are 

clinically relevant, aiding in early diagnosis, prognosis, and therapeutic 

monitoring. Recent advancements in technologies such as mass spectrometry 

and nuclear magnetic resonance spectroscopy have significantly enhanced 

the sensitivity, accuracy, and throughput of metabolomic studies. These 

developments have contributed to a deeper understanding of the roles 

metabolites play in human pathophysiology. This review presents an 

updated overview of the latest techniques and analytical strategies used 

in metabolomics research. It also highlights the application of metabolomics 

in exploring metabolic alterations associated with neurological conditions, 

cancer, and lifestyle diseases including diabetes and coronary heart 

disease. The broad impact and growing utility of metabolomics hold great 

promise for driving innovation in disease prevention, personalized 

treatment strategies, and improved healthcare outcomes. 
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Liquid Chromatography Mass Spectrometry, Nuclear Magnetic Resonance, 
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Abbreviations: 
AD: Alzhiemer disease 

CI: Chemical ionization 

CHD: Coronary heart disease 

EI: Electron ionization 

GMS: Gas chromatography-mass spectrometry 

LC-MS: Liquid chromatography-mass spectrometry 

NMR: Nuclear magnetic resonance 

PCA: Principle component analysis 

PLS-DA: Partial least square discriminant analysis 

sPLS-DA: Sparse partial least square discriminant 
analysis 

OPLS-DA: Orthogonal partial least square discriminant 
analysis 

PD: Parkinson disease 

T2DM Type 2 diabetese mellitus 

 

Introduction 
The rapidly developing field of metabolomics applies 
cutting-edge analytical chemistry and intricate statistical 
methods to define the metabolome 1. This field, which 
emerged after genomics, proteomics, and transcriptomics, 
employs high-throughput techniques and bioinformatics to 
investigate cellular metabolism 2,3. Focusing on 
metabolites—key metabolic intermediates and 
products—this field covers both quantitative and 
qualitative analyses 3. Metabolites, essential for energy 
production, cell signaling, and programmed cell death, 
act as precursors and by-products 4. They may be 
endogenous or exogenous, derived from the organism or 
from external sources like food or environmental 
chemicals 5. Metabolites include molecules such as sugars, 
amino acids, and fatty acids and can extend to 
xenobiotics like pharmaceuticals and pollutants 6. 
Metabolomics precise molecular phenotyping has led to 
its successful application in various scientific domains such 
as chemistry and medicine. It is considered as a leading 
technique in biomarker discovery 4,7-9. 
 

People often overlook the extensive regulatory functions 
of metabolites, viewing them merely as gene and protein 
products 10. Metabolomics aims to track metabolism 
changes over time to pinpoint physiological or disease 
outcomes 11,12 and profiles a vast array of small 
molecules across different samples like serum and urine 
13. This article first outlines the state-of-the-art in high-
throughput metabolomics, analysis types, and data 
processing. Later sections explain its application in 
understanding and addressing complex diseases such as 
diabetes and cancer, thus revolutionizing healthcare via 
the "P4" approach—prediction, prevention, 
personalization, and participation 14. 
 

To date, metabolomics has enhanced research in 
biomarker identification, nutrition, drug development, 
and pharmacology 15. This article talks about breaking 
down the metabolome to learn more about the individual 
metabolites and how they work together for therapeutic 
purposes, which can help with diagnosing diseases, 
predicting their prognoses, and creating personalized 
treatments 16. Metabolomic studies also help identify 
biomarkers for various diseases. 
 

1. Metabolomics and Types of analysis  
The term "metabolome" describes all low-molecular-
weight compounds vital for cellular functions and 
metabolic processes in organisms. Metabolomics is 
valuable for biomarker discovery in disease research 10. 
It detects changes due to diseases, drug reactions, or 
environmental factors like diet and lifestyle, offering 
insights into the mechanisms of complex diseases and 
aiding in the development of diagnostic and prognostic 
biomarkers 17. Early detection of metabolomic changes 
could allow diagnosis in asymptomatic stages, which 
could lead to better treatment outcomes and a lower 
mortality rate 18. 

 
In metabolomics research, teams employ either an 
untargeted or targeted approach. Untargeted 
metabolomics aims to identify as many metabolites as 
possible to discern phenotypic patterns, aiding in 
biomarker discovery 19. Targeted metabolomics focuses 
on specific metabolites or classes, such as lipids or 
tricarboxylic acid cycle metabolites 19. Advancements in 
metabolomic biomarker analysis could revolutionize 
diagnosis and treatment strategies, enhancing patient-
specific therapies 20. Metabolomics typically uses 
complex biological matrices like blood or urine, requiring 
careful sample preparation and analytical techniques to 
ensure comprehensive metabolite detection despite their 
physicochemical diversity  21. Combining different 
methods is essential to overcome analytical biases and 
achieve extensive metabolite coverage. 

 
i. GAS CHROMATOGRAPHY-MASS SPECTROMETRY  
Gas chromatography-mass spectrometry (GC-MS) is a 
widely utilized tool in metabolomics. Due to the need for 
volatile and thermally stable analytes in the high-
temperature oven environment of GC-MS, derivatization 
is often necessary to prepare samples for analysis. This 
additional step can result in metabolite loss, a significant 
disadvantage of the method 22. When samples enter the 
source of GC-MS, they are ionized either by electron 
impact (EI) or chemical ionization (CI). This allows for both 
untargeted and targeted metabolomics through full scan 
and selected ion monitoring modes. The unique spectrum 
patterns of substances and the extensive online spectral 
libraries make GC-MS highly effective 23. Also, the fact 
that GC retention times are the same on all machines 
makes it easier to search databases for unknown 
metabolites, even though there are some problems, such 
as a limited mass range and frequent non-detection of 
molecular ions due to fragmentation. 

 
Scientists are now using two-dimensional GC (GC-GC) 
and combining GC with time-of-flight (TOF) mass 
analyzers to find and separate complex metabolite 
mixtures more easily. This makes chemical identification 
more accurate 24. Various detectors, including triple 
quadrupoles and quadrupole-time of flight, are 
employed in GC-MS, facilitating a range of applications 
from sample preparation to data processing in 
metabolomics. Moreover, in the study of primary 
metabolites with high boiling points, such as glucose, 
latate, etc., it is important to use methods such as 
trimethylsilylation and changing carbonyl groups into 
oximes 21. 
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Gas chromatography/electron ionization-mass 
spectrometry mostly uses TOF mass analyzers and 
quadrupole instruments for quick identification rather 
than high-mass resolution. High-resolution TOF-MS is 
crucial for finding unknowns. The TOF-MS instruments, for 
example, offer rapid data acquisition at moderate mass 
resolution. However, mainstream metabolomic research 
has not widely adopted ion trap devices 25. 
 
ii. LIQUID CHROMATOGRAPHY-MASS SPECTROMETRY  
Metabolomics is the study of finding and measuring small 
molecules that are important for metabolic processes. 
Researchers are increasingly using LC-MS due to its high 
throughput, soft ionization techniques, and ability to 
analyze a wide range of metabolites 20. The success of 
LC-MS-based metabolomic studies often hinges on a 
combination of experimental, analytical, and 
computational procedures. Its popularity has grown 
because of its high sensitivity, adaptability, the 
avoidance of chemical derivatization, and the 
introduction of new ionization methods 26. This study 
focuses on untargeted metabolomics, which is considered 
hypothesis-generating due to its potential for discovering 
novel metabolites in research settings. 
 
Mass spectrometry provides highly sensitive and selective 
quantitative analysis and the potential for compound 
identification. Various atmospheric pressure ionization 
(API) methods, such as electrospray ionization (ESI), 
atmospheric pressure chemical ionization (APCI), and 
atmospheric pressure photoionization (APPI), facilitate the 
ionization of different metabolite classes in both positive 
and negative modes 27. ESI is often preferred for 
profiling unknown metabolites because it generally 
results in intact molecule ions and helps in their initial 
identification. Similarly, APCI and APPI, which usually 
cause little to no fragmentation, are robust and handle 
high buffer concentrations well. These ionization 
techniques are also useful for studying non-polar and 
thermally stable substances, like lipids. Configurations 
combining ESI with APCI or APPI have recently become a 
trend 28. The LC-MS has been applied in various studies, 
such as analyzing urine samples in toxicity studies, genetic 
research, plasma analyses, and detecting new substrates 
of fatty acid amide hydrolase in metabolic fingerprinting 
of brain and spinal cord extracts 28-30. 
 

iii. NUCLEAR MAGNETIC RESONANCE  
Nuclear magnetic resonance spectroscopy, which is based 
on the energy absorbed and re-emitted by certain 
atomic nuclei in a magnetic field, has detection limits 
ranging from µM to nM. It can non-destructively quantify 
and identify a diverse array of substances and is 

capable of automated, rapid analyses of small molecules 
in the metabolome 31. The NMR data provide 
reproducible metabolite profiles and can offer 
additional structural insights, including information on 
chemical functional groups and their spatial arrangement. 
This technique helps elucidate biological processes and 
biochemical pathways, although its relatively low 
sensitivity limits its ability to detect scarce metabolites 
compared to mass spectrometry (MS) 32. Recent 
technological improvements have enhanced NMR's 
sensitivity and system hardware. Unlike MS, NMR's 
sensitivity is unaffected by metabolites' acid-base 
properties or hydrophobicity, allowing broader 
metabolome coverage in a single analysis 33. Moreover, 
NMR is advantageous for high-throughput, untargeted 
metabolomics due to simple sample preparation and 
rapid processing, but it is less commonly used than MS. It 
is particularly effective in identifying organ-specific 
toxicity, monitoring toxicological progression, and 
identifying toxicity biomarkers 34. Various biospecimens-
including tissues, biofluids, and different cell types can be 
analyzed using NMR, making it a versatile tool for 
investigating cellular processes 35. Metabolomics 
frequently analyzes blood serum/plasma, urine, and 
saliva, which are easily obtained and rich in biological 
information 36. 
 

2. Data analysis approach for mass 
spectrometry-based metabolomics: 

The data export process in metabolomics aims to 
standardize metabolite profiling formats. Some 
important preprocessing steps are noise reduction, peak 
detection, and data alignment to identify and label 
metabolites 21. Various software, both free and paid, 
supports data export and analysis. Databases provide 
access to retention time, mass, and MS/MS data, aiding 
compound detection. For instance, GC-MS data can be 
found in the NIST MS database, and LC-MS data in the 
METLIN database, which houses over 10,000 MS/MS 
spectra 37. 
 
Post-extraction, metabolomics data undergo univariate 
and multivariate statistical analyses 38 (Figure 1). Before 
multivariate analysis, data must be preprocessed through 
normalization, transformation, and scaling. Depending on 
the number of metabolite features, we apply techniques 
like quantile normalization39. Data transformations 
include logarithmic, square, and cube root adjustments. 
Common scaling methods include mean centering, auto, 
Pareto, and range scaling 40. These extensive data sets 
from mass spectrometry necessitate multimodal statistical 
methods for thorough analysis 41. 
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Figure 1. A schematic showing the procedures for analyzing targeted and untargeted metabolomic data using GC-MS, LC-MS, and 
NMR.  

 
Univariate analysis involves statistical tests using a single 
independent variable, often applied in omics studies. We 
include techniques like correlation analysis, fold change, 
t-test, ANOVA, and regression analysis 38,42. Procedures 
exist to assess association degrees between data sets, 
with results often shown as a heatmap 42. When normal 
distribution assumptions fail, we use non-parametric tests 
like the Kruskal-Wallis to determine significance 43. In 
metabolomics, fold change studies analyze the ratio of 
mean metabolite abundances between two groups 44,45. 
Two-sample t-tests are deployed tocompare these 
means, rejecting the null hypothesis where p-value is 
below 0.05 37,46. The Tukey HSD post-hoc test is used for 
both multivariate and one-way ANOVA. The FDR 
approach by Benjamini and Hochberg is used to fix p-
values for multiple testing. Univariate regression can 
identify phenotype-related signals in full resolution or 
binned spectra 47. 
 
Multivariate analyses like principal componenr 
analysis (PCA), partial least square discriminant 
analysis (PLS-DA), sparse partial least square 
discriminant analysis (sPLS-DA), and orthogonal partial 
least square discriminant analysis (OPLSDA) clarify 
metabolomics data by identifying key spectral 
features 48. Data dimensionality can be reduced using 
PCA, an unsupervised method that preserves 
information crucial for understanding underlying 
patterns 49,50. Longitudinal studies often use PCA to 
analyze intra- and inter-subject variance and identify 
systematic changes across different research phases 
51,52. Despite its wide use, PCA's limitations include 

lacking predictive capability and difficulty handling 
missing data 53,54. Due to its robustness in handling 
large, noisy datasets, metabolomics increasingly uses 
PLS-DA to optimize sample segregation by correlating 
two data matrices 55,56. It also allows for feature 
selection and classification, essential for food 
authentication and clinical diagnosis 57-60. However, its 
misuse in discriminant analysis calls for careful cross-
validation to avoid overfitting 61. Sparse partial least 
squares-discriminant analysis extends PLS for 
classification purposes, ensuring model generalization 
and appropriate variable selection 62,63. It integrates 
into a generalized linear model for handling uneven 
class sample sizes, enhancing sparse variable selection 
and dimension reduction in survival data analysis 64,65. 
Orthogonal partial least square discriminant analysis 
models differentiate experimental groups in 
metabolomics by analyzing spectrum-based 
metabolite variations and identifying biologically 
significant changes 50,66. 
 
1. METABOLOMICS AS THE DRIVER OF BIOMARKER 

ANALYSIS: 
Metabolomics analyzes small molecules, or metabolites, 
in biological samples like blood, urine, or tissue to 
understand metabolic states 19,35. It is a potent tool for 
biomarker analysis, identifying molecules that indicate 
disease presence or severity 67. Metabolomics provides 
insights into metabolic changes due to disease, treatment, 
or environmental factors 68. We can identify metabolites 
related to disease or treatment by comparing metabolite 
profiles between groups, such as healthy versus diseased 
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or treated versus untreated 69. These metabolites are then 
validated as biomarkers for disease diagnosis, prognosis, 
and monitoring. Used in diseases like cancer, 
cardiovascular diseases, diabetes, and 
neurodegenerative diseases, metabolomics offers 
advantages like higher specificity and sensitivity 
compared to traditional biomarkers 16,35. Metabolomics 
is instrumental in personalized medicine, facilitating early 
detection and tailored treatment of diseases. 
 
2. METABOLOMICS APPLICATION IN DISEASE 

BIOMARKER DISCOVERY: 
i. Cancer:  
Metabolic alterations in cancer cells are crucial for their 
growth and development (Figure 2). Cancer cells alter 
their metabolic pathways to meet the increased demands 
for bioenergetics and biosynthesis and mitigate reactive 
stress 70. Fluorodeoxyglucose-positron emission 

tomography (PET) and other metabolites in biological 
samples are recognized for their potential in tumor 
detection and treatment monitoring 71. Metabolomic 
profiling effectively assesses tumor metabolism dynamics 
and therapeutic outcomes 72. Advanced spectrometric 
methods enable the detection of metabolic characteristics 
in metastatic cancer cells, revealing changes over time 
and space 73. Combined genomic, transcriptomic, and 
proteomic analyses with metabolomics have identified 
potential diagnostic metabolic markers in various cancers 
74-76. Otto Warburg first highlighted the importance of 
cellular metabolism in cancer in the early 20th century, 
noting higher lactate in tumors 77. Recent studies challenge 
the universal applicability of the Warburg effect; for 
example, glioblastoma cells exhibit both glutamine 
metabolism and the Warburg effect and rely on 
pyruvate carboxylase for development 78,79. 

 

 
Figure 2. An illustration depicting the shift in metabolic pathways that occurs when cancer cells exhibit aberrant metabolism. HK: 
Hexokinase; GPI: Phosphoglucoisomerase;  PFK: Phosphofructokinase; GAPDH: Glyceraldehyde 3-phosphate dehydrogenase; PGK: 
Phosphoglycerate kinase; PGAM: Phosphoglycerate mutase; PK: Pyruvate kinase; IDH: Isocitrate dehydrogenase; 2-HG: 2-
hydroxyglutarate. 

 
Drug-resistant and metastatic cancers upregulate 
oxidative phosphorylation, indicating its therapeutic 
potential 80-82. Fatty acid oxidation is vital for the 
survival of some lymphomas 83. Enhanced pentose 
phosphate pathway (PPP) activity is needed to make 
nucleotides and NADPH, which helps tumors grow quickly 
and gets rid of superoxide radicals 84. The amounts of N-
acetyl-histidine, phospholipids, and dehydroascorbic 
acid were altered in triple-negative breast cancer 
patients 85. Prostate cancer studies reveal 
abnormalities in citrate, choline, and amino acids 86. 
Gastric cancer patients' fasting lipid profiles show lower 
levels of cholesterol and apolipoproteins compared to 
healthy controls 87. Elevated levels of amino acids are 
associated with bladder cancer progression 88. These 
studies demonstrate how metabolism interacts with 

cancer immunity, influencing immunological responses 
through nutrient metabolism. 
 

ii. Coronary heart diseases:  
Research has highlighted metabolites differentially 
expressed in individuals with and without CHD, 
underscoring metabolomics potential in pinpointing 
obstructive CHD biomarkers through differential analysis 
89,90 (Figure 3). Metabolomics techniques have successfully 
identified altered amino acids, fatty acids, and lipid 
levels in CHD patients, which can serve as early detection 
biomarkers 91. Additionally, this approach helps predict 
CHD risk and monitor disease progression by analyzing 
blood or urine for metabolites linked to higher CHD risks, 
facilitating personalized treatment strategies 92. 
Metabolomics' identified increased homocysteine levels 
have been correlated with higher CHD risk 93.  
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Figure 3. Metabolomics shows increased accumulation of fatty acid and BCAAs in coronary heart diseases patients. BCAAs: Branched 
chain amino acids. 

 
Moreover, recent metabolomics research has extended to 
understanding biochemical pathways underlying CHD, 
aiming at biomarker identification for early detection 
and severity assessment, notably in special populations 
like those with type 2 diabetes or obesity 94-96. These 
studies have uncovered metabolites like branched-chain 
amino acids and acylcarnitines, significantly associated 
with increased CHD risk in obese individuals 96. In 
summary, as metabolomics evolves, its significant 
contributions to CHD management, including biomarker 
identification, disease monitoring, and therapy 
customization, become increasingly vital in addressing 
cardiovascular health challenges. This advancement 
promises enhanced management of CHD and potentially 
other cardiovascular conditions. 
 
iii. Neurological diseases:  
This research delves into the metabolomics of 
neurodegenerative disorders such as amyotrophic lateral 
sclerosis (ALS), tethered cord syndrome, spina bifida, 
stroke, Alzheimer's, Parkinson's, glioblastoma, and 
disorders with metabolic defects 97. In this review we have 
mainly focused on Alzheimer's and Parkinson's disease. 

a. Alzheimer's disease (AD): Metabolic anomalies, 
both centrally and peripherally, mark AD by 
metabolic anomalies, both centrally and 
peripherally (Figure 4). Numerous studies have 
employed various materials and methods to 
identify AD biomarkers. Cerebrospinal fluid (CSF) 
is commonly used in AD metabolomics, serving as 
a central nervous system barrier and nutrient 
delivery system 98. The CNS's influence on CSF 
makes metabolic changes due to the disease more 
detectable 99. Researchers have found that 
people with Alzheimer's have higher amounts of 
glycerolipids, amino acids, and acylcarnitines in 
their brains and blood 100. Brain hypometabolism 
has been observed to start about 20 years before 
the clinical symptoms of AD, pointing the 
metaboliclic dysfunction could contribute to its 
development 101-103. The brain, while constituting 
only about 2% of body weight, consumes 
approximately 20% of total glucose. In conditions 
of reduced glucose availability, there may be a 
shift to alternative energy sources such as 
lipids.104. 
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Figure 4. Changes in metabolomics in Alzheimer’s disease (AD). ADP: Adenosine diphosphate; ATP: Adenosine triphosphate; CPT I: 
Carnitine palmitoyltransferase I; FATP: Fatty acid transporter protein; GLUT: Glucose transporter; MCT1/2: Monocarboxylate 

transporters; NADH: Nicotinamide adenine dinucleotide; PPP: Pentose phosphate pathway; TCA: Tri carboxylic acid cycle; α-KG: 

Alpha ketoglutarate; βOHB: β-Hydroxybutyrate. 

 
b. Metabolomics show AD's metabolic instability and 

decreased glucose utilization. Glycolytic 
impairment may lead to the utilization of ketones 
and fatty acids 105. Changes in the levels of amino 
acids and acylcarnitine have been seen in 
metabolic and other large-scale data from 
people with AD, mild cognitive impairment (MCI), 
and healthy controls 106. There are different 
amounts of sphinganine-1-phosphate, ornithine, 
and other compounds in the saliva of AD patients 
compared to healthy controls 107. Metabolomics 
also supports changes in bioenergetic pathways, 
cholesterol metabolism, neuroinflammation, and 
osmoregulation in AD 108. Metabolites linked to 
tau phosphorylation, amyloid-beta metabolism, 
and other processes reveal genotype-phenotype 
relationships through metabolomic studies 109,110. 
Both targeted and untargeted studies provide 
quantitative data on metabolites implicated in 
AD, aiding the identification of reliable diagnostic 
biomarkers. 

c. Parkinson’s Disease: Parkinson's Parkinson's 
disease (PD), a prevalent neurodegenerative 
disorder of the central nervous system (CNS), 
mainly affects the elderly, with its incidence 
increasing due to the expanding aging population 
111. The lack of reliable biomarkers currently 
challenges diagnosis and treatment. Notably, 
metabolites are considered promising candidates 
for revealing disease phenotypes, closely 
reflecting physiological and pathological states 
112. Studies in PD patients have found significant 
metabolic variations in purine, fatty acid 
metabolism, and dopamine metabolite 
homovanillic acid in plasma and CSF 113 (Figure 
5). Urinary metabolomics revealed differences in 
the metabolism of branched-chain amino acids, 
glycine, tryptophan, phenylalanine, and steroid 
hormones 114. The CSF studies linked PD-specific 
metabolic changes to antioxidative responses, 
glycations, and inflammation, with increased 3-
hydroxykynurenine and decreased oxidized 
glutathione levels observed 115,116. 
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Figure 5. A review of the metabolic pathway dysregulations in Parkinson's disease. Pathways such as downregulation of 
catecholamine, tryptophan, bile acid metabolism and increased oxidative stress mainly reported in multiple studies. 
 

Clinical and experimental data underscore the impact on 
lipid, energy metabolism (TCA cycle, glycolysis, PPP, 
BCAA, acylcarnitines), fatty acids, bile acids, polyamines, 
and amino acids in PD, highlighting the importance of 
conducting validation studies and large-scale population 
studies to confirm these findings and identify effective 
biomarkers 117. Sebum analysis showed alterations in 
lipid-related pathways, including carnitine shuttle and 
sphingolipid metabolism 118. In PD patients, metabolomic 
profiles showed lower amounts of free fatty acids and 
caffeine metabolites but higher amounts of bile acids and 
harmful microbiota-derived metabolites 119. These results 
show that oxidative stress, which changes 
bilirubin/biliverdin ratios and ergothioneine levels 120. 
Metabolomic research has repeatedly highlighted 
connections between metabolic alterations and four key 
biological processes in PD: neurological diseases, 
inflammation, ATP concentration, and metabolic disorders 
121. Additionally, studies have highlighted the role of 
polyamine pathways in neurodegeneration 122,123. N8-
acetyl spermidine levels were higher in fast-progressing 
PD patients than in controls or slow-progressing cases 124. 
Disruptions in amino acid metabolism and a shift from the 
tricarboxylic acid (TCA) cycle to glycolysis were noted, 
alongside changes in other pathways like the urea cycle 
125,126. The onset of PD involves decreased PPP enzyme 
activity and a lack of antioxidant reserves 127. Neurons in 
Parkinson's disease can't speed up glycolysis because 
their mitochondria aren't working right. Instead, it get 
lactate from astrocytes, and astrocytic PDH 
phosphorylation slows down glucose flow in TCA cycle 128.  

 
iv. Diabetes:  

The increasing prevalence of diabetes globally poses 
significant health challenges. Tailored prevention and 
treatment of diabetes can be enhanced through 
biomarker discovery, which aids in early detection, 

diagnosis, and disease management 129. Metabolomics 
has identified potential biomarkers for type 2 diabetes 
(T2DM), such as branched-chain amino acids (BCAAs), 
aromatic amino acid metabolites, and molecules related 
to energy and lipid metabolism 130. These biomarkers, 
including BCAAs, aromatic amino acids, and 
acylcarnitines, correlate strongly with insulin resistance in 
T2DM 131. The large neutral amino acid transporter 
(LNAA) facilitates the cellular transport of these amino 
acids. In contrast, BCAAs can inhibit the uptake of 
aromatic amino acids, elevating their plasma levels and 
affecting neurotransmitter synthesis. This process is linked 
to obesity and depression due to neurotransmitter 
alterations 132,133. Additionally, BCAA metabolite 

accumulation may negatively impact pancreatic islet β-

cells or adipocytes, activating the mTOR kinase, and is 
associated with increased risks of renal and hepatic 
dysfunction 134,135. 
 

Research on β-oxidation dysregulation has advanced the 

understanding of the dysglycemic phenotype 136. 
Elevated fatty acid levels are associated with type 2 
diabetes mellitus (T2DM) and reduced glucose tolerance, 
mirroring patterns observed in genetic rat models 137. 
Lipid classes such as glycerolipids, (lyso) 
phosphatidylethanolamines, and ceramides have been 
linked to a higher diabetes risk 138. Dyslipidemia in 
diabetes is characterized by high plasma triglycerides, 
low HDL cholesterol, and elevated small dense LDL 
cholesterol, not associated with higher total cholesterol 
levels, likely due to increased free fatty acid release 
from insulin resistance 139,140. Acetoacetate production 
from free fatty acids is also linked to insulin resistance 
and diabetes 130. Untargeted metabolic studies have 
further identified changes in glucose, fat, and bile acid 
metabolism in T2DM, possibly contributing to coronary 
artery disease 141. Similar metabolic shifts were observed 
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in insulin-resistant T2DM mice on a high-fat diet 142. 
 
Identifying metabolomic profiles in obese individuals at 
risk for metabolic diseases like T2DM could facilitate 
early intervention and treatment. More research is 
necessary to ascertain the predictive value of these 
metabolic biomarkers for diabetes development and 
their causal relationships with insulin resistance. 
 
Future Perspectives in Metabolomics: Integration, 
Standardization, and Clinical Application 
Metabolomics is experiencing rapid growth, with 
significant implications for clinical prognosis and 
diagnosis. One of the key challenges in the field is the 
lack of standardized protocols in sample collection, 
preparation, and analysis. Developing comprehensive, 
standardized methods is crucial to ensure consistent, 
reliable results and to facilitate cross-study comparisons, 
which are essential for advancing clinical applications. 
 
Integrating metabolomics with broader omics 
technologies such as genomics, proteomics, and 
transcriptomics promises a more holistic understanding of 
biological systems and disease mechanisms. This multi-
omics approach is expected to enhance the precision of 
biomarker discovery, improve diagnostics, and facilitate 
personalized therapeutic strategies. Additionally, 
integrating metabolomics data with clinical data, 
imaging, and other omics data could enable the 
development of more accurate diagnostic and prognostic 
models. 
 
Technological advancements will likely improve 
metabolomic analyses' sensitivity, specificity, and 
throughput. The development of more sophisticated high-
throughput screening methods and advances in machine 
learning and artificial intelligence will enable more 
effective handling and interpretation of large-scale 
metabolomic data sets. These innovations will refine the 
accuracy of metabolomic profiling and expand its 
applicability across various biological samples and 
conditions. 
 
The clinical applications of metabolomics are set to 
broaden, particularly in the realms of early disease 
detection, real-time monitoring of disease progression, 
and evaluation of treatment responses. Developing non-
invasive techniques for metabolomic profiling, such as 
advanced breath analysis and enhanced biofluid 
sampling, will likely increase the clinical utility of 
metabolomics, making it a routine part of disease 
diagnosis and monitoring. 
 
Furthermore, establishing comprehensive, standardized 
global metabolomics databases will be crucial for 
enhancing the comparability and reproducibility of 
metabolomics studies worldwide. Such databases would 
facilitate collaborative research, allowing for faster and 

more widespread scientific discoveries and clinical 
innovations. 
 
Addressing metabolomics research's ethical, legal, and 
social implications will also be vital, especially concerning 
data privacy, informed consent, and the implications of 
personalized medicine. As metabolomics moves closer to 
the forefront of clinical practice, these considerations will 
play a crucial role in shaping policies and protocols to 
safeguard patient interests while promoting scientific 
advancement. 
 
Metabolomics in clinical diagnosis and prognosis appears 
promising. Research and development in the field are 
predicted to transform medical research and clinical 
practice by improving diagnosis, treatment, and patient 
outcomes.  
 

Conclusion: 
Metabolomics has emerged as a transformative force in 
clinical diagnosis and prognosis, providing a 
comprehensive view of an individual's health status 
through detailed metabolic profile analysis. This 
approach is revolutionizing the field of precision medicine 
by enabling the identification of novel biomarkers and 
facilitating the monitoring of disease progression across 
a spectrum of conditions, including cancer, diabetes, and 
neurological diseases. One of the major strengths of 
metabolomics is its ability to provide a real-time, dynamic 
snapshot of metabolic changes in response to disease, 
treatment, or lifestyle alterations. Unlike genomics or 
proteomics, which offer a more static view of genetic or 
protein statuses, metabolomics captures the fluxes in 
metabolic pathways, thereby providing actionable 
insights into disease pathogenesis and response to 
therapy.  Metabolomics enables the precise identification 
of metabolic disturbances, paving the way for the 
discovery of novel therapeutic targets and the design of 
personalized interventions that enhance clinical outcomes 
and improve patients’ quality of life. Looking forward, 
the role of metabolomics in clinical settings is set to grow, 
underpinned by ongoing advancements in metabolite 
detection technologies and data integration techniques.  
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