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Preface

Metabolomics is the scientific study of chemical processes involving
metabolites, substrates, intermediates, and namely all reagents and products of
cell metabolism. Metabolomics and Clinical Approach will contribute to the
the large-scale scientific study of small molecules within cells, biofluids,
tissues or organisms and their interactions within a biological system. Also
this book gives a perspective about study steps of metabolomics, the
relationship of different diseases and metabolites, and the use of metabolomics
in the treatment processes of different clinical pictures and diseases in the light
of current information obtained from the literature. This book aims to describe
all types of contents, effects, and kinetics of metabolite production related with
metabolomics, as well as to summarize from the beginning to the end. Because
the significance of metabolomics science and clinical trials increases day by
day. Some diseases like cancer are an important cause of mortality for which
no definitive treatment has yet been found. Further investigation of the
relationship between metabolomics and diseases will open new horizons for
diagnosis and treatment of many kind of diseases. This book presents all about
metabolomics from the beginning to the end, as many kind of studies, potential
mechanisms, diagnosis techniques, the metabolomics technologies like GC-
MS, LC-MS, and software programmes about metabolomics analysis.
Chapter 1 - Responses provided by living beings to environmental stimuli
and other effects can exhibit variation. Sufficiently convincing explanations
for the physiological reasons for such variation could not be obtained from
studies utilizing transcriptomics or proteomics. The final part of the
physiological cascade of a given mechanism is open to environmental effects.
Metabolites can be used to evaluate such changes. Detailed investigations and
categorizing metabolites are now possible due to the development of analytical
techniques, which pave the way for metabolomic studies. Metabolomics is a
sub-branch in the field of systems biology. Metabolomics defines the
comprehensive categorization of metabolites that are formed by genomic
mechanisms and interactions with environmental stimuli. In recent years,
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novel tools and databases have been developed to enable the confident
analysis, identification, and quantification of metabolites from various sources
(e.g., plants, animals, humans, foods, and environment) and to process large-
scale data sets for easier access. The core of systems biology includes blending
data provided by omics (e.g., transcriptomics, proteomics, nutrigenomics,
lipidomics, glycomics, interactomics, and fluxomics) with bioinformatic
processing. Today, metabolomics is extensively used in various research
areas, including diagnostics, biomarker identification, cancer research, genetic
disorders, metabolic pathway research, pharmaceutical research, toxicity
determination, animal science, and agricultural and nutritional research.

Chapter 2 - Obesity is one of the non-infectious public health problems
that is constantly increasing worldwide. With the results of cardiovascular,
cerebrovascular, and metabolic diseases due to obesity, it is an important
health problem. In the prediction of obesity and its causes of health problems,
it is possible to take measures with the help of metabolomic methods, which
benefit from small molecular markers. A large number of metabolites have
been used in the calculation of personal metabolic BMI, and the most
important of these will be considered. In this chapter, information about the
relationship between metabolomics and BMI and their possible uses is given.

Chapter 3 - Aging is a multifactorial and inexpugnable period of
biological organisms. By age, many biological and metabolic events occur to
destroy organs in the human body. With age, muscle mass starts to decrease,
chronic and neurodegenerative disease diagnoses increase, and response to
infections become weaker. Diet, physical activities, infections, and genetic
factors are the components of how aging will be. The research can be carried
out in both non-mammalian and mammalians subjects and with a sample of
body fluids easily. Investigations with metabolomics will be the future of
many treatment modalities, end of the diseases, and may be the key to a long-
life span.

Chapter 4 - The integrative science of metabolites, metabolomics, today
encompasses life sciences in every aspect, ranging from the discovery of
metabolic pathways in species to the identification of significant biomarkers
for various physiological and pathological conditions. Metabolism is the
foundation of living systems that contains small and low molecular weight
substances called metabolites in its entirety, which is an intricate network of
numerous molecular pathways working seamlessly. As a discipline,
metabolomics studies the metabolome, which is the integrative whole of all
the steps of metabolism and its interactions in a living system. The entire DNA
existence of a living system is called the genome, which contains all the genes
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responsible for functional units of transcripts and proteins. The genome also
has its own set of modifications primarily on genes called the epigenome,
which adds to its complexity. Metabolites as substances differ from gene-
encoded products of transcripts and proteins by their intermediary and
transitive natures, which are not well-defined as the gene-encoded products.
In this chapter, the genetic basis of metabolomics and its possible applications
in the research are reviewed.

Chapter 5 - The development and advancements in technology, artificial
intelligence, and fields of bioinformatics, enabled the use of enormous data
coming from genes, transcripts, and proteins processed by the omics in
medicine as biomarkers. Scientists are improving different methods, such as
stem-cell therapies, applications of regenerative medicine, and enhanced drug
interactions in personalized medicine, using omics technologies in a broad
scope of biology. Thus, the omics can discern functions of individual genes,
proteins, and metabolites; to evaluate drug effects of drugs made or derived
from such substances; and analyze differences in cellular pathways that occur
from these drugs. The combined use of omics with system biology in
regenerative medicine research, and pharmacology fields increases the
information regarding concealed molecular mechanisms of diseases, their
potential therapies, and personalized applications of stem-cell applications.
Improved characterization of living systems along with a detailed evaluation
of clinical and pharmacological data are required aspects for the further
development of studies containing multiple omics methodologies. The
application of data mining on the present data from the literature would enable
to obtain experimental evidence in a cost-effective manner by reducing the
prior experimental research. Metabolomics in pharmacology serves to attain
personalization in medicinal treatments to preserve health and prevent
diseases. Different branches of omics, such as metabolomics, transcriptomics,
proteomics, and toxicogenomics, would lead to improved and easier use of
pharmacometabolites in treatment protocols.

Chapter 6 - Metabolomics detects, identifies, and quantifies small
molecule-containing metabolites in cells, tissues, and physiological fluids
through high-performance yielding technologies. Metabolomics is an integral
part of biotechnology, which includes drug activity investigations, enzyme-to-
substrate interactions, biomarker identifications, and metabolomic pathway
analyses. Metabolite profiling can be achieved cost-effectively in a short time
with high precision and specificity through High-Performance Liquid
Chromatography (HPLC), one of the analytical methods. Metabolomics
research is seen in different fields, including nutrition, toxicology,
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environmental pollution, drug research and development, and a broad
spectrum of biochemical and industrial analyses. Here in this chapter,
fundamental basics about HPLC will be given, and the use and importance of
HPLC in metabolomics will be highlighted.

Chapter 7 - The field of metabolomics is becoming an indispensable part
of clinical research with its potential for the discovery of biomarkers and
diagnostic molecules along with its potential for revealing concealed aspaects
of pathophysiological conditions. Basically, metabolomics aims to objectively
identify and quantify all metabolites present in a living system at a particular
state or point of time. In summary, all metabolomics research contains steps
of sample collection and processing, detection, and analysis of raw data, and
evaluation of the results. A frame of the metabolic state of a eukaryotic living
system can be understood by using various biological samples ranging from
cerebospinal fluid to tissues to blood plasma. Each biological sample contains
a large set of endogenous compounds that are classified under various
compounds, e.g., organic acids, amino acids, peptides, carbohydrates, etc.
Both internal (gender, age, health, physiological state, etc.) and external (diet,
lifestyle, pollution, environment, etc.) stimuli affect the metabolite
composition, sometimes quite strikingly. A large number of variables are
effective in the composition of metabolites, which requires a careful design of
the research and the use of standardized experimental procedures
encompassing all the steps. There are conventional standardized methods for
the individual identification of particular metabolites based on their compound
classes. Metabolomics methods, however, aim to detect and profile the global
metabolite context by applying pattern recognition and profiling on complex
sets of metabolite data. Currently, there is no single approach to achieve such
a daunting task. Therefore, different analytical approaches are used according
to the intended metabolomics study. An analytical method should be both
sensitive and comprehensive to cover large data series of metabolites in a
robust and specific manner. Of the available methods, nuclear magnetic
resonance (NMR) and mass spectrometry are the best instrumental and
analytical methods frequently used for metabolomics research. The high
sensitivity and wide dynamic range provided by mass spectrometry (MS) can
be coupled with chromatography methods to achieve large-scale analysis of
metabolites from biological samples. Mass spectrometry can be coupled with
liquid chromatography (LC) for the metabolite profiling of thermolabile or
involatile compounds. The LC-MS-based metabolomics research that used the
liquid chromatography-mass spectrometry (LC-MS) approach was reviewed
in this chapter.
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Chapter 8 - All biochemical elements that are part of the metabolism are
represented in their entirety as the metabolome. It enables researchers to link
the phenotype to the function provided as a whole from the genome and
environmental variables. Cellular investigations of different components, e.g.,
DNA, mRNA, proteins, and their interactions, are now largely complemented
with metabolomic research for revealing the function and interactions of
individual metabolites. Different repositories for various molecules and
molecular pathways are present for researchers. The metabolism itself'is a vast
network of intricate biochemical interactions, and mathematical models are
required for a detailed analysis of particular pathways. Such a complex
network of interactions can be better assessed using computational algorithms
employing precise mathematical models. Metabolomics is already a
noteworthy field in discovering novel therapeutic agents. In response to the
increased demand for metabolomics research in various fields, different in
silico tools were developed for the integrative analysis of metabolic systems,
which have their own algorithms and pipelines for data simulation and
evaluation. Some of the noteworthy metabolomic databases and associated
software are introduced in this chapter.

Chapter 9 - Metabolomics is a field of omics that developed after
genomics, transcriptomics, and proteomics as an important study area of
systems biology. Metabolomic studies have gained an important place in
various research areas, especially in the early diagnosis and treatment of
diseases. For this purpose, metabolites are identified through software
databanks using various separation and detection methods. Thanks to the
development of software and computer and analytical device technology, new
ones are added to what we know about the metabolome and metabolites every
day. This chapter aims to guide researchers in a sequential manner on the past,
present, and future goals of metabolomics studies.

Chapter 10 - Traumatic brain injury (TBI) is an important pathology that
can cause severe disability and unexpected sudden death. In the pathogenesis
of TBI, many biochemical reactions develop at the cellular level and these
mechanisms can cause significant changes in some of the body’s metabolites.
Clinical, radiological, and biochemical data are used in the evaluation of
traumatic brain injuries due to the complex physiology of the brain. For the
classification of trauma, clinicians often use the Glasgow Coma Scale (GCS).
In addition, radiologically taken MR Spectroscopy evaluations and
biochemical markers made from samples such as blood and cerebrospinal fluid
provide enlightening information about TBI. Metabolomics can be
biochemically detected in body fluids such as blood, cerebrospinal fluid, etc.,
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in sudden traumatic brain injury and can give important information about the
course of the disease and the severity of the trauma and the mortality and
morbidity of the patient.

Chapter 11 - Diabetes mellitus is a chronic metabolic disease in which
hyperglycemia results from insulin resistance and reduced insulin, as in type
2 diabetes (T2D), or destruction of insulin-producing pancreatic B-cells as in
type 1 diabetes (T1D). The mortality rate is higher in the diabetes population
than in the general population, largely owing to cardiovascular and renal
complications. Recent studies have shown that the only essential factor is the
patient, not the disease. The genomic structure of each patient shapes the
disease in its unique way. In this determination, an -omic identity emerges.
The application of metabolomics in diabetes has simplified the identification
of metabolites that can serve as screening and prognostic biomarkers.
Metabolomic studies on diabetic subjects demonstrated many altered
metabolic pathways and variations. Identifying predictive biomarkers
involved in the pathogenesis of diabetes is essential, and avoiding
complications related to personalized phenotyping and individualized drug
response are recent study subjects. So, it is aimed to review the use of
metabolomics and its impacts on diabetes research in this chapter.

Chapter 12 - Metabolomics is the process of detecting, quantifying, and
recognizing metabolites present in the whole organism over a period of time
as biomarkers or by using technologies to study disease pathogenesis. Many
platforms are used for these procedures, including NMR and several MS
technologies. Recently, metabolites have been used in many areas of
orthopedics. Metabolite markers have been identified in many orthopedic
diseases. An understanding of the pathogenesis of diseases was achieved.
First, a metabolomic study of osteoarthritis was conducted. Additionally,
metabolites show us an important way in many cases such as the diagnosis of
diseases, treatment, fusion of bone fractures, and biomaterials used in
orthopedics.

Chapter 13 - It is essential to select the best embryos to transfer in any in
vitro fertilization (IVF) treatment. Human embryos could only be assessed
morphologically in the clinical setting until recent times. However, since this
assessment is observation-based, it is open to both interpersonal and
variability between observations made by the same person at different times.
Preimplantation embryo metabolism demonstrates distinctive features
associated with the developmental potential of embryos. On this basis, it has
been assumed that the metabolite content of the culture medium reflects the
implantation potential of individual embryos. The need for a non-invasive,
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reliable, and rapid embryo assessment strategy has promoted IVF
metabolomic studies to increase the success rates of single embryo transfers.
It is crucial to assess glucose, protein, or oxygen utilization according to the
metabolism of human embryos.

Metabolomic profiling is an analysis of cell-free DNA released by the
embryo into the culture medium. Although it is the most promising
technologies developed to date for embryo selection, it is currently not suitable
for clinical use.

Chapter 14 - The pregnancy process is an intricate and unique period that
requires control examinations to ensure the continuity of the well-being of the
mother and the baby. The accompanying changes are also evident biologically,
physiologically, psychologically, and socially. Several factors must be
considered to determine when a woman's pregnancy is at risk and when
unfavorable pregnancy outcomes will occur. Biomedical indicators are critical
in medicine. Studies show that the variables in these indicators are vital in
determining the risk status. Once the metabolic pathways are understood
clearly in healthy and diseased conditions, we can gain more applicable
information on disease mechanisms and precise treatment approaches. The
prenatal medicine practices require the development of novel non-invasive
approaches that cover diverse categories of diseases with lower rates of false-
positives. Metabolomics for this purpose has the potential of great advantage.
Metabolomic studies measure and analyze the biochemistry products of cells.
As a biomarker, metabolomics may uncover new diagnostic and therapeutic
approaches. This chapter reviews the idea and utilization of metabolomics for
maternal health and perinatal medicine, emphasizing the latest developments
in metabolomics studies and the research agenda. In addition, the existence of
studies that will increase our knowledge about the etiopathogenesis of
maternal complications is exciting and promising.

Chapter 15 - Metabolomics has presented specific findings about
metabolite variations in multi-biofluids and tissues and has provided countless
potential biomarkers and therapeutic targets. Metabolomics is significant
when considering the need for diagnostic biopsies of the central neural system
tissues in neurological diseases and difficulties in clinical practice.

Additional metabolic pathways that show involvement in different disease
steps are demonstrated despite the genetic and pathophysiological
heterogeneity of neurological diseases. Metabolic pathways are variable
dynamic systems that are controlled by endogenous circadian mechanisms.
Experimental models on metabolic reprogramming are significantly
informative about the molecular mechanisms underlying metabolic changes.
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These mechanisms and steps are essential in terms of defining the therapeutic
window. Additionally, knowing the next step in the disease progress enables
critical practices for treatment to be applied.

Chapter 16 - Metabolomics is the large-scale study of small molecules
produced from the metabolic activities of the organism, and these molecules
are generally called metabolites. The relationships of these metabolites with
each other and with the biological system are called the metabolome. Unlike
genomics, proteomics and transcriptomics, metabolomics is a field of study
that examines in a broad spectrum of all metabolic activities in organisms.
These metabolites are commonly divided into two groups, targeted and
untargeted: targeted metabolites are based on quantitative methods that allow
the metabolite concentration to be measured; and untargeted metabolites are
those that envisage the simultaneous evaluation of large-scale metabolites
without any prior sample information to form hypotheses. It is also suitable
for describing changes in different pathophysiological conditions. There are
many considerations about the functions of metabolic processes and individual
metabolites, and important information has been recorded. They have
important roles in immune cells. To identify metabolites that explain how the
immune system works, the use of mass spectrometry and NMR spectroscopy-
based platforms provides important biomarkers of how the immune system
functions. This section gives important clues about how metabolomics is used
in the immunology field. In particular, future roles of metabolomics in the
immune system will be discussed.

Chapter 17 - Neurological and psychiatric diseases and disorders remain
great public health hazards. There is a need for research for their early
diagnosis and for developing more effective treatment approaches. In
neurological and psychiatric diseases, which are multifactorial conditions
without a single gene mutation, metabolomics is important for a holistic
assessment. ~ Nuclear  magnetic  resonance  (NMR)-based  and
chromatography/mass spectrometry-based approaches can be clinically
applied to assess the metabolome. MS has become significantly important in
biological and biomedical research in the last 20 years. Ionization sources,
matrix-assisted laser desorption/ionization (MALDI), secondary ion mass
spectrometry (SIMS), and desorption electrospray ionization (DESI), are now
included in the most important mass spectrometry imaging (IMS) studies. The
ability to identify the spatial distribution of hundreds of analytes in a single
imaging study without needing a label or preliminary information is one of the
main advantages of MALDI-IMS over other imaging methods. Studies using
MALDI-IMS have been conducted to better understand the cellular pathology
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and/or severity of the disease in neurology and psychiatry. Moreover,
MALDI-IMS has enabled the matching of specific classes of analytes with
brain regions that may have been lost using more traditional methods. The
clinical uses of mass spectrometry-based approaches in neurology and
psychiatry will be addressed in this section.

Chapter 18 - Metabolomics deals with small molecule metabolites, and
one of their main purposes is to identify those small molecules that make
differences in the metabolic effects of different diets. Thus, deepening our
knowledge of the interactive and regulatory roles of human health and
nutrition. Metabolomics, pharmacology, and toxicology have also been widely
adopted, but they are relatively new to human nutrition. Today, scientists play
an important role in the health status of people by finding new bioactive food
components that prevent cancer, obesity, diabetes, cardiovascular and chronic
diseases, as well as prolong life and improve physical and mental health. In
this context, the use of high-throughput metabolomics techniques contributes
to the development of nutritional models, the benefits of a diet to metabolism,
and the improvement of physiological responses to this diet. That is, it
provides a better understanding of the effects of genes, enzymes, proteins,
metabolites, and microenvironments at the cellular level. Metabolomics can
assist in the design of nutritional programs and improve our understanding of
nutrition and the role of nutrients in promoting and maintaining cellular
functions and overall health. The purpose of this section is to make a general
assessment of nutritional metabolomics, to emphasize the effects of nutritional
metabolomics on clinical studies, and to contribute to the scientific literature
on these issues.

Chapter 19 - Comparing the vast variation in biochemical processes seen
in tumor cells with normal cells can be considered the initiation of
metabolomics research, which is now used in different medical fields.
Currently, there is an undisputed need for clinically relevant biomarkers that
can be used for the diagnosis and prognosis of urologic cancer types, e.g.,
prostate, bladder, and metabolomics can be considered promising at this stage.
Novel and relevant biomarkers are required for specialized diagnosis,
monitoring, and treatment of a particular disease, which would also contribute
to the improvement, enhancement, and personalization of a designed therapy.
While considerable progress has been made in determining important
biomarkers, more challenges remain to be solved for the further integration of
metabolomics into clinical practices. This chapter reviews relevant
metabolomics research conducted in the field urology.
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Chapter 20 - The definition of metabolomics encloses an efficient
description of small molecule metabolites present in different biological
matrices. Metabolomics has shown up as a prominent tool for various areas
including health diseases, drug research, plant science, food science, and
nutrition. The metabolomics has recently been used to investigate some
parameters in particular for food quality, processing, and the safety of both
raw materials and final products. Food metabolomics has also a position in
human nutrition research. This book chapter focuses on the novel and potential
applications of metabolomics in food science and nutrition by summarizing
some metabolomic analysis of food components, metabolomics from the
preferential, presumable, and informative approaches in food processing, food
microbiology, food safety, food quality, and benefits of foodomics in human
nutrition and related health diseases.

Chapter 21 - Recently, many articles and reviews on metabolomics have
been published in the fields of perinatology, obstetrics, and pediatrics.
Metabolomics, which lies at the end point of the “omics cascade,” allows for
the detection of alterations in systems-level metabolites within biological
pathways, thus providing insights into the mechanisms that underlie various
physiological conditions and pathologies. Metabolomics, along with
transcriptomics, has an essential role in discovering connections between
genetic regulation, metabolite phenotyping, and biomarker identification.
Biomarkers discovered through metabolomics may shed some light on the
etiology of certain newborn pathological conditions (such as preterm birth,
intrauterine growth retardation, asphyxia, metabolic diseases, neurological
disorders, organ pathologies, sepsis, nutritional problems) and their adverse
effects on infant development and improve current clinical conditions.

Chapter 22 - Preterm birth is a multi-sided condition affecting more than
15 billion infants and women per year around the world. In the challenges of
dealing with preterm birth and its accompanying morbidities, including
respiratory and neurological disorders, increase the medical and pecuniary
burden due to the increased survival of very preterm infants. Therefore,
prevention and early detection of preterm birth associated mortality and/or
morbidity is crucial to deal with these challenges. Metabolomics are promising
‘clue’ molecules of human metabolism. Maternal, fetal, and neonatal body
fluids include many metabolomics that can be used as either early biomarkers
or targeted therapeutic molecules of major preterm birth-related morbidities,
including respiratory distress syndrome, pulmonary hypertension, and
bronchopulmonary dysplasia. Given the wide range of prematurity associated
disorders and human body fluid bioenvironment, more metabolomics are
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expected to be identified to improve quality of care. Thus, future research on
body fluid metabolomics is expected to bring today’s individualized medicine
closer to predict PTB by providing a better understanding of its underlying
mechanisms.

Chapter 23 - Metabolites are small molecules that are the end products of
enzymatic processes in the human body. Inborn errors of metabolism (IEM)
are inherited, known to have a poor prognosis, generally and luckily rarely
diseases. More than 1000 diseases were defined about metabolite deficiency,
enzymatic dysfunction, or absence (Ferreira & van Karnebeek, 2019). The
first studies on inborn errors of metabolism started in the 1900s with most
popular diseases including albinisim, cystinuria, and alkaptonuria (Vangala &
Tonelli, 2007). From those years, with the help of new technology, new studies
are performed with a few drops of blood and provided to check more than 20
metabolic diseases with one sample. More than 100 years before, diagnosed
metabolic diseases numbers were smaller, but for now the diagnostic ratio of
IEM increased 5 times much more than those years. Thus, an early diagnosis
can be possible with screening all newborns, not only probable patients or
newborns with a family history. So, in many countries it becomes a part of the
routine neonatal screening programme to diagnose in early newborn period
before symptoms occur. By the help of technological systems, the new study
area of the point is metabolomics and the analysing of the metabolite profiles
of the biological system to understand genes’ effects in many metabolic
inherited diseases.

Chapter 24 - Metabolomics is the systematic analysis of the particular
chemical fingerprints of small molecules or metabolite profiles which are
associated with a different cellular metabolic process in a cell, organ, or
organism. Events in a cell are not described completely by messenger RNA
gene expression data and proteomic analyses, but metabolic profiling supplies
direct and indirect physiological insights, which can possibly be measurable
in a broad range of biospecimens. Even though not specific to cardiac
conditions, identification, confirmation, clinical validation, and bedside tests
are a biomarker exploration path to translate metabolomics into cardiovascular
biomarkers. Technological progress in metabolomic tools (such as nuclear
magnetic resonance spectroscopy and mass spectrometry) and more
complicated bioinformatics and analytical techniques help to evaluate low-
molecular-weight metabolites in biospecimens and ultimately supply a unique
insight into determined and novel metabolic pathways. Systematic
metabolomics can provide physiological knowledge of cardiovascular disease
states in addition to traditional profiling and can include the definition of
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Abstract

Responses provided by living beings to environmental stimuli and other
effects can exhibit variation. Sufficiently convincing explanations for the
physiological reasons for such variation could not be obtained from
studies utilizing transcriptomics or proteomics. The final part of the
physiological cascade of a given mechanism is open to environmental
effects. Metabolites can be used to evaluate such changes. Detailed
investigations and categorizing metabolites are now possible due to the
development of analytical techniques, which pave the way for
metabolomic studies. Metabolomics is a sub-branch in the field of
systems  biology. Metabolomics defines the comprehensive
categorization of metabolites that are formed by genomic mechanisms
and interactions with environmental stimuli. In recent years, novel tools
and databases have been developed to enable the confident analysis,
identification, and quantification of metabolites from various sources
(e.g., plants, animals, humans, foods, and environment) and to process
large-scale data sets for easier access. The core of systems biology
includes blending data provided by omics (e.g., transcriptomics,
proteomics, nutrigenomics, lipidomics, glycomics, interactomics, and
fluxomics) with bioinformatic processing. Today, metabolomics is
extensively used in various research areas, including diagnostics,
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biomarker identification, cancer research, genetic disorders, metabolic
pathway research, pharmaceutical research, toxicity determination,
animal science, and agricultural and nutritional research.

Keywords: metabolites, metabolomics, omics, systems biology

Introduction

Living beings display differences in the answers according to the situations
they encounter while continuing their lives, e.g., the prognosis of a given
disease or reactions to a given drug provide differences between organisms.
The Human Genome Project (HGP) was considered effective in interpreting
the individual variations in such responses. In short, the HGP is an
international scientific project to reveal and identify the genomic sequence,
structure, and functions of human genes and map these genes, which was
initiated in 1990 and declared complete in 2003. The project enabled the
deciphering of the entire human genome. The project revealed the existence
of approximately 30k genes with 99.9% sequential similarity with 0.1%
individual variation. Translating these variations to physiology using
transcriptomics and proteomics did not reveal convincing results. Under
physiological conditions, the final parts of any mechanism are susceptible to
environmental stimuli. Metabolites are the biological variables in such
conditions, termed the “clinical phenotype” (Venter, 2003; Bren, 2005).

Metabolites

Metabolites are small chemical compounds with low molecular weights, such
as signal transducers, hormones, intermediaries, or final products, resulting
from biochemical reactions. These compounds are the result of cellular
synthesis and enzymatic processing. They would not aggregate in tissues and
transform into other products. They generally have lower than 1500 Da
molecular weights. Biomolecules of carbohydrates, lipids, proteins, peptides,
amino acids, amines, steroids, nucleosides, oligonucleotides, aldehydes,
ketones, and alkaloids are metabolites. The amount of metabolites in a given
living system is variable. It can amount to several hundred in lower
eukaryotes, several thousand in higher eukaryotes (i.e., mammals), and several
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hundreds of thousands in plants due to their complex sets of metabolic
cascades (Van der Werf et al., 2007; Kaplan & Celebier, 2020).

Plant metabolites are called primary and secondary metabolites according
to how they are synthesized and their functions. The synthesis of primary
metabolites is similar among living systems, and they have essential functions
in maintaining life, reproduction, growth, development, and metabolism.
Secondary metabolites do not have a role in fundamental life functions but are
functional in environmental interactions and adaptiveness. They are
structurally more complex compared to primary metabolites. They are the
biologically active parts of the plant metabolome that would be effective in
pharmaceutical applications. Secondary metabolites have different chemical
groups that are divided into alkaloids, phenolics, terpenes, and steroids (Topcu
& Colgecen, 2015).

The determination and quantification of metabolites have been used for
diagnostics and treatment for years. However, the concept of the metabolite
profile has arisen due to omics integration into systems biology. Metabolite
profiling aims to reveal physiological cascades and their association with
various pathologies by the determination and analysis of metabolites present
in the cellular milieu and bodily fluids. Metabolite profiling has a beneficial
prospect in diagnosing and prognostics of various diseases with their
providence of biomarkers.

Systems Biology
The Concepts of Systems Biology and the Omics

While Systems Biology is an already established field of study, it has been
more pronounced in the scientific community since 2000. Some attribute this
increased visibility to the HGP completed in 2003. Nevertheless, the
insufficient contribution of the data revealed by the HGP to existing problems
leads the scientific community to different approaches. At this point, the field
of systems biology has come into the scene as a discipline of integrative
research on structure, form, and interactions of mechanisms of organisms
(Kasap et al., 2010). The conventional approach to studying cells, tissues, and
organs includes investigations independent of each other, whereas systems
biology includes an integrative approach to all mechanisms of living systems.
There are some agreed-upon definitions for systems biology; (1) it is a
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scientific discipline that aims to understand biological systems as a whole
instead of at the molecular level (Kitano, 2002); and (2) it is a
multidisciplinary novel scientific division that investigates genes, proteins,
and biochemical pathways as a whole with their inter-relations (Institute for
Systems Biology) (Vailati-Riboni et al., 2017).

Researchers embracing this novel concept aim to investigate integratively
system-wide genes, proteins, and all other parts with their relationships and
dependencies instead of at the individual level. It is known that parts that
constitute the organisms are not genuinely functional by themselves but truly
gain their functions together with others. This integrative composition
includes the parts and the biochemical pathways that regulate the interactions
between these parts. Back in 1940, Bertalanffy proposed the idea of integrative
investigations of biological systems instead of investigating separately, but
this idea could not proceed past postulation and remained dormant (Kasap et
al., 2010). Systems biology accumulated more interest starting in 2000 due to
the astonishing developments in genomics and associated technologies. The
developed tools contributed to understanding the flow of information from
genes to proteins and their associated mechanisms of action. In parallel to
these developments, improvements in biochemical techniques have
accelerated the identification of protein-to-enzyme relationships in a
biochemical pathway. The conventional understanding of the investigation of
biological systems, including humans, provided limited data about the
functions of operations and failed to provide convincingly adequate
explanations for various conditions and diseases. The drive behind systems
biology was the idea of an impairment in the primary mechanism in the case
where an integral part becomes hampered (Kitano, 2002).

With the development of imaging methods, a more objective approach
could be put forward by considering the three-dimensional structures of
molecules. It has started to be used in software development, and technologies
that can make experimental models elucidate mechanisms have been used.
The addition of software to systems biology studies contributed to being
multidisciplinary and paved the way for the virtual modeling of living beings.
Such models have started to be used in areas of the formation of disease
mechanisms and the preliminary trials of drugs. In addition, the elucidation of
the mechanisms for the reflection of the information at the gene level by
changing with the environmental conditions has also taken its place among the
objectives of the modeling studies (Kasap et al., 2010).

In systems biology studies, data from sub-disciplines of genomics,
transcriptomics, and metabolomics should be identified with bioinformatics.
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The —omics suffix in the names of the sub-disciplines in question adds the
meaning of “all-to-whole” to the term. The —omics suffix has started to appear
more frequently with the prominence of integrative approaches. Its first use
dates back to the 1920s. Hans Winkler used the word genome on this date. By
the 1980s, the term genomics entered the literature, and after the developments
in the field of genomics, other -omics technologies were encountered
following the 2000s. These technologies are transcriptomics, proteomics,
metabolomics, nutrigenomics, lipidomics, glycomics, interactomics, and
fluxomics. Systems biology is the blending of -omics technologies and
bioinformatics. The non-targeted detection of genes, proteins, and metabolites
in a biological sample is a fundamental issue of systems biology (Budak &
Donmez, 2012).

The main feature of the approach, in which the -omics technologies are
used, is to better understand a complex system by considering it as a whole.
In integrative approaches, all available data are carefully collected and
analyzed with appropriate methods. This approach is practical when the
hypothesis is unknown, unpredictable, and suitable for hypothesis-generating
experiments. When applied to well-constructed models, the -omics approaches
help reveal the connections and interactions between parts of a complex
mechanism (Levin et al., 2016).

The Omics Technologies
Genomics

The gene is an inheritable fundamental element that carries the codes of
enzymes and similar molecules, especially protein structures, controls the
functioning of all biochemical and physiological mechanisms required for the
continuation of life, and ensures the transfer of hereditary characteristics to the
next generations. Genes consist of nucleotide sequences located at a certain
point on the chromosomes. The genome represents all the genetic information
carried by the chromosomes. Regarding the genome, the studies carried out to
identify all genes in a living being, solve their structures and functions, and
understand the mechanisms are called genomics. It is one of the first
developing fields of omics. The Human Genome Project is a vital step in
genomics (Basaran et al., 2010). All data obtained in the project were
processed into a common database with the developed software. In this way,
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a detailed source of information about all genes’ locations, structures, and
functions has been created. With the Human Genome Project, the genetic risk
distribution of various chronic diseases has been determined, and essential
data have been provided to investigate many genetic diseases’ diagnoses and
treatment possibilities. Today, it is known that it is impossible to prevent,
diagnose, or treat diseases with only genomic studies, and other omic
techniques are needed to determine specific individual strategies in the health
field. Genomics is divided into two sub-disciplines: (1) structural genomics,
which aims to discover and comprehend genetic information using gene
mapping and nucleotide sequencing, and (2) transcriptomics, which aims to
discover and elucidate gene functions and relations using genome-wide
analysis of gene expressions, modes and periods of gene expressions, and their
functional reflection to the organism (Horgan & Kenny, 2011; Basaran et al.,
2010; Recber, 2019).

Transcriptomics

All mRNA (messenger RNA) transcripts in a cell for a specific period are
called the transcriptome. An mRNA is responsible for transmitting the genetic
code of the amino acid combination of the protein to be synthesized, which is
formed as a result of the transcription of DNA, to the ribosomes. One of the
mechanisms sought to be elucidated in living beings is understanding how the
same genome can give rise to different cell types and how gene expression is
regulated. Comparing mRNAs at different times in cells and tissues with
transcriptomic analyses is influential in determining how gene expression
changes in different organisms and the emergence of diseases. With these
studies, it is possible to obtain information about which genes are active during
a given disease, but it is not yet possible to know at what rate these genes are
used (Recber, 2019). This situation occurs because an mRNA is not always
translated into a protein; therefore, mRNA levels do not fully reflect the
encoded protein activity. It is known that proteins are much more effective
than genes and transcripts in regulating cell functions (Tyers & Mann, 2003).

Proteomics

Proteins are structures of amino acids linked by peptide bonds. They have
essential functions in many cellular mechanisms, including being structurally
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present in cells, catalyzing their metabolic reactions, DNA replication,
responsiveness to stimuli, and transporting molecules from one location to
another. All proteins encoded by the genome in an organism or system, which
can differentiate between cells and change over time, constitute the proteome.
Proteomics, on the other hand, is the process of determining the structures,
locations, amounts, modifications, functions, and interactions of all proteins
with other proteins and molecules under certain conditions in a particular
biological system or organism. The proteome is a more dynamic structure
compared to the genome and transcriptome. Therefore, proteomic studies are
much more complex in analysis and data evaluation than genomics (Bren,
2005). Genomic studies have determined that there are approximately 30k
genes in the human genome, and there is a 0.1% difference between
individuals in this gene structure. Many transcriptomic and proteomic studies
have been carried out to understand the functions of the genes that cause this
genetic difference and to gain more information about the diseases. However,
the results obtained were insufficient to explain the phenotypes clinically.
Therefore, the information carried by the metabolites in the cell is needed to
explain the clinical phenotypes (Madsen et al., 2010; Recber, 2019). While
genomic, transcriptomic, and proteomic studies can only provide information
about what can happen in the organism, metabolomic studies can directly and
accurately reflect the current state of the organism and provide information
about what exactly is happening in the organism (Madsen et al., 2010).

Bioinformatics

The data obtained as a result of studies in the field of omics are quite large and
complex. Working with large-scale data requires significant resources and
investments in time, finance, and the workforce. There is a need to develop
computational and analytical technologies to deal with large-scale data and
ensure that the data can circulate freely and openly and be used to the
maximum effect by the broader research community. For this purpose,
bioinformatics techniques have been shaped by integrating specially
developed software, algorithms, databases, and statistical techniques with
information from biology databases. Bioinformatics facilitates integration in
the fields of omics and acts as a bridge with other disciplines (Blekherman et
al., 2011). In recent years, with the increasing impact of basic biological
research on medical sciences and clinical fields, it has pioneered the
development of modern epidemiological, diagnostic, diagnostic, and
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therapeutic modules. It is thought that the importance of bioinformatics studies
for clinical sciences will increase even more, and it is suggested that
applications such as including DNA sequence information in patients’ medical
files will be started (Kasap et al., 2010; Levin et al., 2016).

Others

The glycome is the name of all the carbohydrate structures in a cell or tissue.
The sub-discipline that tries to define the locations, amounts and relationships
of carbohydrates is called glycomics. Since carbohydrates are functional in the
receptor structures of cells and the mechanisms of glycosylation that affect the
function of many proteins are crucial considerations in an integrative approach
to the system. In this respect, systems biology draws on the field of glycomics.
Interactomics examines the interactions between cellular molecules, their
effects, and results, especially in terms of proteins, while fluxomics examines
local changes in molecules within the cell over time (Kasap et al., 2010).

Metabolomics

The term “Metabolome” is used to describe all of the metabolites found in the
organism. Metabole roughly means change, and the -om suffix means roughly
total in Greek. The metabolome as a field can be defined as metabolites within
the biological system and their interactions under certain genetic, nutritional,
and environmental conditions. As the metabolome is the end product
downstream, changes and interactions between gene expression, protein
expression, and the environment are directly reflected in the metabolome,
making it physically and chemically more complex than others (Guijas et al.,
2018a; Nalbantoglu, 2019). According to the species, intracellular metabolites
are called the endometabolome, and metabolites secreted into the extracellular
fluid or the external environment are called the exometabolome. The term
metabolome was first defined in 1998 during yeast metabolism studies as a
complete complement of small molecules in a biological system or fluid
(Stephen et al., 1998).

Metabolomics is the detection, quantification, identification, and
comparison of small molecule metabolites from carbohydrates, lipids,
hormones, vitamins, and other cell components in tissues, cells, and
physiological fluids over a specified period, using high-throughput
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technologies. Metabolomics is the closest to the phenotype among other omic
approaches and best modulates the molecular phenotype of health and disease.
Genotype-to-genomics and phenotype-to-metabolomics relationships have
been shown to refer to specific gene variations and metabolite relationships
that inform about genetic, epigenetic, and phenotypic changes. In this sense,
metabolomics is an intriguing resource for biomarker discovery, which has
advantages over other omics approaches. Metabolomic analyses can usually
be performed on body fluids such as serum, urine, cerebrospinal fluid, plasma,
saliva, or tissues (Tsoukalas et al., 2017; Nalbantoglu, 2019).

Different living beings, from single-celled microorganisms to higher
biological systems such as mammals, are investigated using the metabolomics
approach. The number of metabolites is less than the number of proteins,
transcriptomes, and genomes found in humans. Despite this less quantity, the
number of external factors affecting metabolites is high. The metabolome is
dynamic and easily affected by environmental factors and can change. This
variability gives particular clues in the follow-up of an organism’s disease or
health status. Changes in metabolite levels can be considered as the final
response of the organism to genetic modifications, environmental factors,
changes in intestinal microflora, and changes in the kinetic activity of
enzymes. Therefore, this new research platform is considered to be most
closely related to the phenotype among other omic technologies (Klupczynska
et al., 2015).

While genomics, transcriptomics, and proteomics, which are the fields of
omics, give clues about what will happen, metabolomics gives information
about what happens. This aspect comes to the fore, especially in clinical
phenotype studies. There is increasing interest in metabolomics research since
genomics, transcriptomics, and proteomics cannot fully explain the response
of organisms to physiological and pathophysiological stimuli. Metabolomics
defines the comprehensive characterization of small molecules derived from
the genome (endogenous metabolites) and their interaction with the
environment (exogenous metabolites). In recent years, advanced methods
have been developed that allow the reliable identification, detection, and
quantification of new metabolites in food, plant, environmental, animal, and
human research. The combined use of untargeted and targeted metabolomics
has demonstrated many advantages beyond analytical chemistry. Advances in
omics approaches have provided important insights into novel biomarkers and
their potential to generate hypotheses. Advanced data processing systems have
greatly helped characterize metabolic pathways in different biological systems
(Di Minno et al., 2022).
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Metabolomics is a multidisciplinary field that includes biology,
chemistry, mathematics, and biostatistics with its diversity and integrative
approach. Unlike classical biochemical approaches that focus on single
metabolites, single metabolic reactions, their kinetic properties, and defined
linked (i.e., precursor/product, intermediate metabolism) reactions and cycles,
metabolomics collects quantitative data on a more extensive series. It creates
a dynamic picture in which changing environmental conditions are also
reflected in the result (Kristal et al., 2007).

The concept of metabonomics is the term used to describe analyzing and
evaluating metabolites in response to various biological stimuli or genetic
modifications (Nicholson & Lindon, 1999). “Metabonomics” broadly
considers metabolic profiling by examining non-genomic environmental
effects in metabolic disorders. However, while there are scientists who argue
that there are no defining differences in the way both terms are used, there are
also scientists who argue that metabolomics studies should be associated with
metabolite analysis of plants and microorganisms. According to this group,
using the term metabonomics in human studies would be adequate (Robertson,
2005; Lindon & Nicholson, 2008).

The main reason for recent developments in metabolomics studies
compared to other omic fields is that technologically necessary opportunities
were more limited in previous years. It is thought that there are between 3k to
20k metabolites in the human body (Nalbantoglu, 2019). The diversity in the
chemical structures of metabolites also affects the analysis methods. In
addition, the mechanisms associated with these metabolites and other
components in these mechanisms may differ in the disease state. These reasons
affect the dependency on technological developments in metabolite detection
and biomarker discovery studies. Despite this, current developments are
progressing in a promising way. Therefore, with the samples to be produced
from physiological fluids or the breath of living beings, issues such as whether
there is a pathological condition, which diseases the individual has
encountered before, and the effectiveness of the ongoing treatment process
will gradually increase (Kaplan & Celebier, 2020).

Historical Process
Although metabolomics studies within the scope of systems biology are

considered relatively new, the origins of studies on metabolomes date back to
ancient civilizations. It is the first example to be noticed that ants attracted in
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the urine of people with diabetes in ancient China in 2000 BC (Van der Greef
& Smilde, 2005). In the 4™ century BC, Hippocrates associated the sweet-
fruity smell in human breath with diabetes. In 1506, Ullrich Pinder worked on
diagnosing some diseases with the color spectrum modeling known as the
“urea wheel” (Klupczynska et al., 2015).

However, Williams’s idea in the late 1940s can be cited as the beginning
of modern metabolomics studies, with the idea that individuals can have a
metabolic profile that can be reflected in the structure of their physiological
fluids. For this purpose, Williams et al., collected more than 200,000 urine and
saliva samples from mental disorders, alcoholics, schizophrenic patients, and
many different disease groups. They analyzed the samples by paper
chromography and categorized the results according to disease groups,
revealing the first metabolite profiling studies (Kaplan & Celebier, 2020).
Subsequent progress has been made thanks to technological advances. In
1971, Hornings & Horning studied metabolites found in human tissues and
urine by gas chromatography (GC-MS). They were the first to use the term
“metabolic profiling” in the literature (Horning & Horning, 1971). In addition,
Horning & Horning contributed to developing GC-MS methods for analyzing
urinary metabolites. NMR spectroscopy, which was first discovered in the
1940s, started to be used in the field in 1974 with the studies of Seeley et al.,
Accessing the information that 90% of ATP in the muscle cell forms a
complex with Mg using NMR has given the idea that a new analytical tool can
be used in metabolite studies. In 1989, Bell et al., used NMR spectroscopy in
metabolite profiling from physiological fluids (Kaplan & Celebier, 2020).
After Games et al.’s studies of black pepper components with an LC-MS
device, LC-MS started participating in metabolomic studies with NMR in the
1990s. In a study conducted in 1995, CSF analysis was performed in sleep-
deprived mice with GC-MS and LC-MS, and as a result, a component called
oleamide was found. This component was determined to act as a sleep inducer
(Cravatt et al., 2015). This study was recorded as the first study in which GC-
MS and LC-MS were used together. During this period, capillary
electrophoresis and HPLC began in metabolomics studies (Plumb et al., 2004).
Fiehn first mentioned the metabolome in 2002 (Kaplan & Celebier, 2020).

The acceleration of metabolomics studies and the developing technologies
have created a need for a common database in this field. In 2005, METLIN,
the first metabolomic tandem mass spectrometry database, was launched at
the Siuzdak Laboratory of the Scripps Research Institute. METLIN is a mass
spectrometry database repository to aid in metabolite identification. This pool
contains distinctive data such as peak lists and mass ranges of endogenous
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metabolites, pharmaceutical drugs, and some organic compounds. The first
issue of the field-specific journal “Metabolomics” was published in the year
METLIN was launched (Guijas et al., 2018b).

In 2005, which was a busy year in terms of studies in the field, studies
were started by the Canadian Alberta University, Canadian Innovation
Agency, and Genome Canada for the Human Metabolome Project (HMP) to
reveal the unknowns about the human metabolome. This project aimed to
establish a relationship between the metabolome and the disease through
metabolic pathways, to evaluate drug metabolism and toxicology, to establish
a link between human metabolism and the human genome, to develop software
for metabolomics studies in examining the identification, diagnosis, and
treatment of diseases and the response to the treatment process. This purpose
aims to create a freely accessible electronic database containing detailed
information about metabolites that can be used for general applications and
biomarker discovery from physiological fluids and tissues in the human body
(Kaplan & Celebier, 2020). Thus, a database (Human Metabolome Data Base-
HMDB) in which all metabolites found in blood plasma, urine, cerebrospinal
fluid, and leukocytes are defined, their measurement results and reference
value ranges are determined, and an electronic library (Human Metabolome
Library-HML) that will make these data freely accessible in the electronic
environment has emerged. The data is constantly updated within the project
scope and made available to everyone at the web address “www.hmdb.ca.”

The first version of HMDB was released in January 2007, and the last
version, 5.0, was released on January 17, 2022. Chemical data, clinical data,
and metabolite molecular biology/biochemical data are linked in the database.
The database contains data on 220,945 water and fat-soluble metabolites. In
addition, 8,610 protein sequences (enzymes and transporters) depend on these
metabolite entries. Many data domains are linked to other databases (KEGG,
PubChem, MetaCyc, ChEBI, PDB, UniProt, and GenBank) and structure and
pathway imaging applications. The HMDB database supports extensive text,
sequence, chemical structure, and MS and NMR spectral query searches. Four
additional databases, DrugBank, T3DB, SMPDB, and FooDB, are all part of
the HMDB database suite. DrugBank contains equivalent information on
~2832 drugs and 800 drug metabolites, T3DB contains information on ~3670
common toxins and environmental pollutants, and SMPDB contains ~132,335
pathway diagrams for human metabolic drug and disease pathways and
~60,628 pathways for other organisms. The FooDB database also contains
~70,000 food ingredients and additives information (Human Metabolome
Database, 2022).
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Metabolomics in Different Fields of Study

As a result of the standardization and widespread use of metabolomics
techniques, their use in many different fields is increasing. The main ones are
medicine, biology, veterinary medicine, food, plant sciences, drug research,
and toxicology studies.

Diagnostics and Biomarker Identification

Especially in the field of health sciences, metabolomics is used intensively and
is progressing rapidly. Looking at the sub-headings in the field of health, one
of the areas of focus is biomarker studies. The only aim of biomarker studies
is not to find pathways and metabolites that will provide an early diagnosis.
The selection of the therapeutic method, the follow-up of the prognosis, and
the evaluation of the efficacy of the treatment are also among the aims of the
biomarker studies. Obtaining samples with ease in metabolomics and,
generally, non-invasiveness encourages its further use in routine practice.
Again, the possibility of working with many metabolites at once is an essential
factor in preference (Klupczynska et al., 2015).

Cancer Research

One of the areas where metabolomics studies are concentrated in medicine is
cancer research. In cancer cases where early diagnosis is critical, biomarker
research is one of the priority and desired topics. In this way, it will be possible
to detect the disease in advance and reveal the pathophysiological changes that
occur in the biochemical pathways. Different research groups continue their
studies for these purposes by conducting metabolic profiling. In profiling
studies, an effort is made to obtain results by comparing healthy and diseased
groups (Klupczynska et al., 2015). For this purpose, in a study conducted on
kidney cancer patients, both groups were compared regarding urinary
metabolites. It was found that the excretion of a-ketoglutarate, acylcarnitine,
and quinoline differed in the urine samples of the cancer group (Ganti et al.,
2012). Again, metabolite findings affecting metastasis in cancer patients or
metabolome information that can be used in the phase-staging of tumors
continue to be investigated (Vermeersch & Styczynski, 2013).
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Hereditary Diseases

Another goal of the studies that are expected to benefit from the metabolomic
approach is to provide the diagnosis of inherited metabolic disorders with
different methods. It is expected that the methods to be developed will serve
the purpose of early diagnosis and thus enable rapid treatment procedures. The
diagnosis of phenylketonuria with high levels of the phenylalanine metabolite
in newborns is the most typical example in this field (Chace et al., 2002;
Raghuveer et al., 2006).

Metabolic Pathway Investigations

Thousands of chemical reactions occur every second to sustain life in living
organisms. These reactions are constantly connected with the pathways they
belong to and with each other. Even though some of the pathways have been
uncovered as a result of scientific studies, there are still some waiting to be
discovered. The elucidation of these mechanisms is vital as a biological
discovery and to treat the reflection of disorders in the mechanism as a disease.
At this point, metabolomic studies are essential considering environmental and
genetic factors. For these reasons, studies are carried out with sensitive
analytical techniques (Yang et al., 2019).

Pharmaceutical and Toxicology Research

The discovery of biochemical pathways in living beings, which have not yet
been fully elucidated, will both provide an understanding of the structure and
contribute to the emergence of new targets for drugs in terms of disease
treatment. Again, metabolomic methods have been used in drug development
studies to measure efficacy or evaluate toxicity. These directional studies are
called pharmacometabolomics. Metabolomic methods are also used in
research on toxic substances, and biomarker studies are continued for early
diagnosis (Zhang et al., 2012).
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Research in Veterinary Medicine

Veterinary physicians prefer more accessible methods that will not harm
animal health and welfare while screening for diseases or taking samples from
pets and farm animals for diagnostic purposes. Metabolomics is being used
more and more every day with the advantage it provides in this sense. For
example, degenerative mitral valve disease, one of the common cardiopathies
in some breeds of dogs, is being investigated through metabolomic analysis to
improve the early detection of the disease (Li et al., 2015; Ophoff, 2019). With
the increased obesity in pets, non-targeted metabolomics is used for diabetes
(O’Kell et al., 2019). Metabolic methods identify metabolites that differ as
body condition scores increase in obesity in cats. Metabolomics has gained
tremendous popularity in equine diseases, especially since it concerns the
racing industry. Diseases such as equine joint injuries and osteoarthritis are
studied by metabolomics using articular cartilage biopsy samples, joint fluid,
blood, and urine. Metabolomics has highlighted the advantage of biomarker
identification over standard imaging procedures for osteoarthritis cases. The
effects of exercise on muscle health in racing thoroughbreds were examined
by metabolomic methods in muscle, urine, and plasma samples, contributing
to the field. In terms of veterinary medicine, it is a fact that there are many
subjects to be researched in the field of metabolomic methods, which are
considered at the beginning of the road (Ophoff, 2019).

Food and Nutrition Research

Bioactive food studies are one of the pillars of the studies carried out to reduce
the incidence of diabetes, obesity, and the metabolic and cardiovascular
diseases that develop due to these, which are becoming more and more
problems in people with lifestyle changes. Metabolomic methods are used in
studies such as better elucidating the effects of foods on the body according to
their content, creating consumption patterns, and examining the effect of the
applied diet on physiological parameters (Yang et al., 2019). As a result of the
development and practice of metabolomic techniques, composition analysis in
foods can be performed quickly and with more accurate results. Again,
analyzes of food quality and studies on fraudulent product detection also
benefit from metabolomic technologies (Budak & Donmez, 2012).
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Agricultural and Crops Research

Metabolomics-based studies are increasingly used in different scientific fields,
especially agronomy and plant biology, to understand the behavior of plants
under different stress conditions (Do Prado et al., 2018). Plants are affected by
many environmental factors during their development period. Element
composition and amount in the environment are one of them. In the
metabolomics study conducted in plants with regular and excessive
molybdenum exposure, it has been revealed that organic compounds such as
gluconic acid, 2-oxoarginine, D-gluconic acid, L-nicotine, and citric acid are
effective in eliminating the toxic effect of excess molybdenum. This
conclusion was reached by revealing the metabolic status of the roots and
leaves of the plant seedling by UPLC-MS/MS (Xu et al., 2018). Similar
studies can be found frequently in the field. Metabolomics technology is
widely used in agricultural product value measurement and disease diagnosis
fields and contributes to increasing agricultural income (Yang et al., 2019).

Conclusion

The metabolomics approach, which started with the sensory observations of
scientists in ancient times, entered scientific practice in the real sense with the
development of chromatographic methods from the beginning of the 21st
century. Cancer research and biomarker discovery studies, especially in
medicine, continue to gain momentum with each passing day. In terms of other
life sciences, metabolomics approaches have begun to be accepted as more
robust alternatives. Considering that analytical technologies are developing
daily, it can be said that more practical applications will become standardized
soon. One of the most striking factors in these developments is the integration
of bioinformatics and scientific data. The resulting metabolomics databases
and online libraries are very functional in providing ease of access to users.
Through guiding technologies, radical breakthroughs will likely emerge in the
coming period, such as elucidating the processes of fundamental mechanisms
in life sciences, making progress in personalized medicine, creating virtual
models of organisms, and developing biotechnological production methods.
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Abstract

Obesity is one of the non-infectious public health problems that is
constantly increasing worldwide. With the results of cardiovascular,
cerebrovascular, and metabolic diseases due to obesity, it is an important
health problem. In the prediction of obesity and its causes of health
problems, it is possible to take measures with the help of metabolomic
methods, which benefit from small molecular markers. A large number
of metabolites have been used in the calculation of personal metabolic
BMI, and the most important of these will be considered. In this chapter,
information about the relationship between metabolomics and BMI and
their possible uses is given.

Keywords: metabolomics, BMI, mBMI, food, obesity, amino acids, lipids,
nucleic acids

Introduction

Obesity is one of the concerns affecting an increasing number of individuals
each year and threatens public health (World Health Organization, 2021).
Obesity is known to cause proven health problems such as cardiovascular
disease or diabetes mellitus. Also, it has a close association with ischemic
stroke and cancer (Hales et al., 2017). The incidence and prevalence of obesity
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are increasing throughout the world. When the data from 2016 is evaluated,
39% of the world’s population is considered in the overweight category (GBD
2015 Obesity Collaborators, 2017). According to WHO data, the increase in
obesity nearly tripled between 1975 and 2016. Obesity has not only affected
adults but also affected children, and it is estimated that 39 million children
under 5 years of age are overweight or obese. 2.8 billion or more people die
annually from obesity-related causes (World Health Organization, 2021). BMI
(Body mass index) has usually been used to evaluate practically obesity and
its caused risks. As regards the definition of WHO, overweight is >25, and
obesity is over 230 (World Health Organization, 2021). Even though BMI is
commonly used, it is affected by situations such as ethnicity, age, and gender
and could not provide direct knowledge about body fat and muscle.
Furthermore, it is unclear how morbidity progresses, although 20% of patients
with metabolically healthy obesity (MHO) or type 2 diabetes have a normal
BMI (Carnethon et al., 2012).

Various molecule measurements, such as lipid, glucose, and HbAlc
measurements, were used before in research on obesity and its effects.
However, all of these are insufficient to explain obesity or its effects on its
own. Metabolomics involves the detection of carbohydrates, proteins, lipids,
vitamins, or smaller sized metabolites using various advanced techniques and
researching their effects in the organ, tissue, cell, or briefly the whole
organism. Three different and advanced methods are used mainly in
metabolite research, which are mass spectrometry, nuclear magnetic
resonance, and high liquid chromatography. By using these methods,
metabolites can be detected better and their effects can be investigated (Patti
et al., 2012). With metabolomic, healthy individuals can be compared by
analyzing metabolite changes related to obesity in the whole body. In this way,
the metabolic profile of individuals can be created (Badoud et al., 2015), and
the right prediction can be made on obesity and its caused effects with the
created profiles through metabolomic methods (Vijay & Valdes, 2019).

Methods and Aims

In research on metabolomic and obesity (BMI), many biological samples are
used, such as serum, plasma, urine, and exhaled breath. The most commonly
used are serum and plasma samples (Payab et al., 2022). Research on obesity
is still new although metabolomic has an essential role in the pharmacology
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field. The method by which the samples taken will be analyzed has not been
standardized either. In current research, the most commonly used method is
gas chromatography-mass spectrometry (GC-MS), a type of mass
spectrometry. However, it is noticeable that the methods used are plurality
(Table 1) and not standardized (Payab et al., 2022). In research on the relation
between metabolomic and BMI, the researchers mostly researched
carbohydrates, lipids, proteins, and nucleic acids, xenobiotics, and
vitamins/cofactors, and they analyzed the correlation between metabolites and
BMI (Payab et al., 2022). Thus, they tried to do a prediction of obesity, benefit
from metabolomic profile in weight loss, or predict possible side effects of
obesity. Besides that BMI with metabolomic BMI(mBMI) terms and slim but
metabolically risky (mBMI) individuals with healthy and normal BMI
individuals are compared with different points of view, and it is demonstrated
that individuals with mBMI have twice more type 2 diabetes in the future
(Ottosson et al., 2022). Individuals with mBMI have twice the cardiovascular
risk, and they also have a significant increase in insulin resistance (Cirulli et
al., 2019).

Table 1. Methods used in Metabolomic and BMI research

Gas chromatography mass spectrometry

Tandem mass spectrometry

Nuclear magnetic resonance

Liquid chromatography

Ultra-high performance liquid chromatography

Liquid chromatography- mass spectrometry

Ultra performance liquid chromatography coupled to a triple quadruple mass
Spectrometer

NN W (N~

[oe)

Liquid chromatography coupled with flow injection mass spectrometry
9 |Exactive plus orbitrap mass spectrometry, capillary electrophoresis
10|UPLC liquid chromatography mass spectrometer

11{Flow injection analysis electrospray ionization- mass spectrometer
12|Nexera X2 U- High performance liquid chromatography

Nucleic acids and BMI

The closest relation between BMI and nucleic acid is demonstrated between
the urate metabolites. In the obese, an increase in the urate level is detected



24 Bade Ertiirk Arik

(Ali et al., 2018; Biradar et al., 2020; Cirulli et al., 2019; Li et al., 2021).
Elizabeth T. Cirulli et al., show that the closest relation with obesity is the
urate metabolite, and Menni C et al., also show a positive correlation between
increased adipose tissue and urate (Cirulli et al., 2019; Menni et al., 2016).
However, in other research, there is no relation between increased ureta acid
and adipose tissue (Biradar et al., 2020). The increase in nucleic acid
metabolites N2, N2-dimethylguanosine, and N6-carbamoylthreonyladenosine
also has a weaker relationship with obesity (Cirulli et al., 2019).

Proteins and BMI

Until now, research has shown a close relation between some amino acids and
BMI. Glutamate/glutamic acid is closely related to the waist circumference
and obesity, and a glutamic increase is observed in the obese (Payab et al.,
2022). In many research works, glutamate has the closest relation to obesity
among the amino acids (Cirulli et al., 2019; Ottosson et al., 2022). In their
research, Filip Ottosson et al., revealed that the most distinct amino acid
negatively related to obesity is acylcarnitine (Ottosson et al., 2022). There is
also a positive correlation between glutamic acid and increased fat mass. High
glutamate is related to increased inflammation in visceral adipose tissue
(Petrus et al., 2020).

Amino acids known to be closely related to the increase in BMI,
isoleucine, valine, and leucine, were named branched-chain amino acids
(BCAAs). BCAAs, which are essential amino acids that are not synthesized
by the human body, are related to various metabolic pathways (Jennings et al.,
2016; Siddik & Shin, 2019). Insulin secretion is essential in the relation
between adipogenesis BCAAs and obesity (Siddik & Shin, 2019). It is thought
that the amount of BCAAs increase by the reason of differentiation in amino
acid catabolism in adipose tissue in overweight or obese individuals
(Newgard, 2012).

There is significant research on the N-acetylglycine decrease in the obese.
Also, glycine is inversely proportional with the increasing adipose tissue
(Alves et al., 2019; Cirulli et al., 2019).

There are articles demonstrating that phenylalanine levels increase as well
as decrease in the obese (Badoud et al., 2014; Cirulli et al., 2019; Pohle-Krauza
et al., 2008).
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The common features of valine, leucine, isoleucine, tyrosine, glutamate,
phenylalanine, and lysine are their increase in adipose tissue increase and
metabolic syndrome (Jourdan et al., 2012; Menni et al., 2016).

Lipids and BMI

Considering the relation between lipids and BMI, there are articles showinga
decrease in the level of lysophosphatidylcholine in the obese (Rauschert et al.,
2016; Tulipani et al., 2016).

In their research, Elizabeth T. Cirulli et al., analyzed more than 1000
metabolites and determined that 49 metabolites were closely related to obesity.
24 of them were lipid-derived metabolites, and the most important one was 1-
(1-enil-palmitoil)-2-oleoil-GPC.

The decrease in the level of plasma has been found to be related to obesity
(Cirulli et al., 2019).

There are articles that show an increase in the level of plasma choline
(Kochhar et al., 2006) or a decrease in the obese (Ho et al., 2016). Similarly,
there are also conflicting results on glycerophosphocholine,
diacylphosphatidylcholines, and phosphatidylcholines (Ho et al., 2016;
Rauschert et al., 2016).

In the obese, acylcarnitines (C14:2 and C18:2) show a negative alteration,
and it has been used for determination mBMI in the research (Ottosson et al.,
2022).

Carbohydrates and BMI

Research reveals that mannose and glucose have a positive relation with
obesity. Furthermore, glycerin/glycerol is also known to be high in the obese
in relation to lipids. Lactate has a role in gluconeogenesis and its increase is
an essential indicator of increased oxidative stress in diabetes (Cirulli et al.,
2019; Ottosson et al., 2022; Weisberg, 2015).
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Conclusion

Metabolomic research on obesity has provided a different point of view from
BMI. Metabolically healthy obesity (MHO) is a definition that has recently
increased in importance. Even though there are no known accepted criteria, it
defines the obese who has not impaired glucose tolerance, dyslipidemia, or
metabolic syndrome (Denis & Obin, 2013; Stefan et al., 2013). It is estimated
that the possible negative effects of obesity are less in individuals with MHO.
The mBMI term, which is thought to better predict the negative effects of
obesity, has emerged as a result of metabolomic research compared to the
MHO definition created with the limited number of data.

There are no known and accepted direct criteria for mBMI. MBMI has
been defined using different numbers of metabolites in research (Cirulli et al.,
2019; Ottosson et al., 2022).

In their research, Filip Ottosson et al., have indicated that individuals (the
difference between them is at least 5 kg/m2) with mBMI >BMI have two times
greater development of type 2 diabetes. Also, the possibility of death increases
considerably. mBMI can provide information about the possible negative
effects of obesity up to about 20 years ago (Ottosson et al., 2022).

In the research by Elizabeth T. Cirulli et al., the important consequences
of obesity, in cardiovascular events, there was no significant history in the
mBMI < BMI group, while the mBMI > BMI group had a similar
cardiovascular event frequency to the obese. Furthermore, the use of
medication for blood pressure has been detected to be significantly higher in
the mBMI > BMI group. During the 13-year follow-up period, a significant
increase in cardiovascular and stroke risk was found in the obese mBMI group
compared to normal mBMI. Additionally, cardiovascular events occur later in
the normal mBMI group (Cirulli et al., 2019).

All findings allow us to understand obesity through metabolomic research
and predict the possible health problems by taking precautions. However, the
determination of standardized methods and markers has not yet depended on
obtaining more research and results.
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Abstract

Aging is a multifactorial and inexpugnable period of biological
organisms. By age, many biological and metabolic events occur to
destroy organs in the human body. With age, muscle mass starts to
decrease, chronic and neurodegenerative disease diagnoses increase, and
response to infections become weaker. Diet, physical activities,
infections, and genetic factors are the components of how aging will be.
The research can be carried out in both non-mammalian and mammalians
subjects and with a sample of body fluids easily. Investigations with
metabolomics will be the future of many treatment modalities, end of the
diseases, and may be the key to a long-life span.

Keywords: aging, biological process, life span, metabolites

Introduction

Aging is a biological process that is composed by decreased physiological and
metabolic functions and an increased incidence of chronic diseases (Lopez-
Otin et al., 2013). Genomic instability and metabolite alterations are the
primary disturbances in the aging process (Ke et al., 2017; Lopez-Otin et al.,
2013; Srivastava, 2017). Progressive molecular damage due to free oxygen
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radicals, mistakes in biochemical and biological reactions, and programmed
destruction in multisystems are the main sources of aging (Golubev et al.,
2017; Jin, 2010). Factors such as diet, physical activity, and infections can also
affect the aging process (Biagi et al., 2017; Wei et al., 2017). For many years,
the first aim of researchers is to decrease the effects of years in living
organisms and especially in humans.

Metabolites Usage in Aging Process

By age physical capacity, muscle strength, and flexibility, skin elasticity,
visual acuity decrease, and some biomarkers, such as hormones, lipids, and
amino acids, levels alter. There is a lot of research on the effects of aging on
an organism, not only on human being. In a study with worms, they found that
by aging trehalose sugar and branched chain amino acid levels (BCAA)
increase (Fuchs et al., 2010). In another study, Avanesov et al. checked
metabolites in flies by liquid chromatography mass spectrometry and found
that by aging metabolites variety and metabolome remodelling increased
whereas tolerance to damage decreased (Avanesov et al., 2014). In another
study showed that suppressing age dependent S-adenosyl-homocysteine
(SAH) metabolite accumulation results in methionine restriction and a longer
lifespan (Parkhitko et al., 2019). In a study with bat feces, 41 metabolite
differences were found between young and older bats, but the most important
difference was in between tryptophan metabolism, and it shows that protein
metabolism is important for a long-life span (Laye et al., 2015). In mice it is
found that for metabolomics, biologic age is more important than
chronological age (Tomas-Loba et al., 2013). Telomerase deficient mice have
a metabolic profile like an older and telomerase overexpressed mice have like
a younger age mice metabolic profile. This finding provides an anti-aging
effect of telomerase (Tomas-Loba et al., 2013).

The metabolic differences in mammalian are categorized according to
organs (de Guzman et al., 2013). For example, metabolites in the brain
diverged less than other organs. Moreover, a long-life span was found in
correlation with low levels of triacylglycerols, low tryptophan products, low
amino acid account in the brain, high sphingomyelin, and high uric
acid/allantoin ratio (de Guzman et al., 2013).

The last studies focus on omics, such as genomics, metabolomics,
proteomics, lipidomics, in biologic organisms to understand metabolic
changes by age (Valdes, Glass, & Spector, 2013). A human being is the result
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of genetics and non-genetic factors such as diet, lifestyle, and environmental
factors. In many studies about metabolomics, it is shown that metabolic
profiles are correlated with chronologic and biological age (Chaleckis et al.,
2016; Chen et al., 2016; Jové et al., 2016a; Yu et al., 2012). Lawton et al.
checked 269 people’s metabolomic levels and found that more than 100
metabolites alter with age (Lawton et al., 2008). In another study with fasting
serum, it is found that metabolomic profiles are age-dependent (Yu et al.,
2012). In research performed with twins, it is found that 22 metabolites altered
with age, and the most important one C-glycosyl tryptophan (C-glyTrp) was
directly correlated with chronological age (Menni et al., 2013). Collino et al.
reported that serum tryptophan concentration is reduced with aging, alteration
of specific glycerophospholipids and sphingolipids related with long life span
(Menni et al., 2013). In another research, it reveals that the structure and
composition of gut microbiota is important for life span. Levels of
phenylacetylglutamine (PAG) and p-cresol sulfate (PCS) are high in elderly
people, and it is associated with the intestinal microbiota (Ivanisevic et al.,
2016; Swann et al., 2013). Levels of creatine and beta-hydroxy-beta-
methylbutyrate (HMB) levels are decreased by age and it shows that muscle
mass becomes less with age (Swann et al., 2013). Individuals with the same
chronological age but different in biological age have different clinical risks,
and morbidities. After detailed urine profiles, it is understood that lipid
metabolism and lipoprotein particle size play an important role in a long-life
span. In another research, they reported that low triglyceride (TG) levels were
associated with long-lived families (Vaarhorst et al., 2011). In another study
about lipidomes it is found that higher levels of phosphocholine and
sphingomyelin, phosphoethano-lamine (PE) and long chain triglycerides
lower levels are also related with long lived families (Gonzalez-Covarrubias
et al., 2013). Increased monounsaturated/polyunsaturated fatty acids ratio
associated with long life span and associated with less oxidative stress in
women (Gonzalez-Covarrubias et al., 2013). When studying about sex and
age-specific metabolites, significant differences were found in lipoproteins,
cholesterol, and triglyceride levels in both genders and specifically in women
after menopause atherogenic metabolites and certain amino acids increased
(Auro et al., 2014). In a large study, it is found that in women specifically C18,
serine, tyrosine and in men diacylphosphatidylcholine and phosphatidyl-
choline altered with age; but in both sexes arginine decreased and ornithine
levels increased with age (Chak et al., 2019).

One of the age-related diseases is sarcopenia. In sarcopenia, the patient
has low physical performance, easily gets fatigued and has muscle weakness
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(Cruz-Jentoft et al., 2010; Cruz-Jentoft et al., 2019; Gingrich et al., 2019). It
affects the quality of life in elderly people and is associated with serious health
problems such as falls, fractures, hospitalization, disability, and mortality
(Beaudart et al., 2017). Thus, it is important to do research to turn back the
effects of years or to decrease the effects of aging to increase a healthy life
period. By age, the loss of muscle is associated with remodelling of the skeletal
muscle structure again by genetic and environmental factors (Casati et al.,
2019).

Mitochondrial dysfunction, oxidative stress, inflammation, and DNA
methylation are some of the factors that can affect muscle cell metabolism.
These processes can result with muscle cell damage and aging and can lead to
skeletal muscle quality destruction. Mitochondria play an important role in
oxidative phosphorylation, ATP synthesis, and energy production in skeletal
muscle cells (Marzetti et al., 2013). With aging, muscle cell quality and
function disturb, and degeneration of mitochondria, decreased maximal
oxygen consumption, decreased activities of tricarboxylic acid cycle enzymes,
and oxidative phosphorylation (OXPHOS) activity occur (Crane et al., 2010;
Petersen et al., 2003; Short et al., 2004). With the aging of muscle, it is found
that many metabolites are associated as BCAA, tryptophan, serine,
methionine, sarcosine, aspartate, glutamate, taurine, and vitamin D (Gu et al.,
2022). BCAA, which cannot be synthesized by the human being and must be
taken from diets, decreased by age (Lustgarten et al., 2014; Meng et al., 2022).
They are involved in protein synthesis and proteolysis inhibition (le Couteur
et al.,, 2020). BCAA is degraded in muscle tissues by mitochondrial
dehydrogenase and branch-chain ketoacid dehydrogenase enzymes (Holecek,
2018). After they degraded, especially glutamine and alanine increase in the
blood. BCAA also play a role in signal transduction, especially leucine, in
regulating the mammalian target of the rapamycin (mTOR) pathway. The
mTOr pathway increases mitochondiral biogenesis by increasing the nitric
oxide system (Biswas et al., 2019; D’ Antona et al., 2010; Neinast et al., 2019;
Zhang et al., 2020). BCAA also associated with other pathophysiological
processes in skeletal muscle aging (Li et al., 2022). Therefore, the impairment
of BCAA metabolism is one of the basic composing factors of sarcopenia.

Several molecular changes, including defects in mitochondrial biogenesis,
and mechanisms contribute to the deterioration of muscle structure and
function during aging (Cartee et al., 2016; Chabi et al., 2008; Conley et al.,
2000). To start the protein synthesis and mammalian target of rapamycin
complex-1 (mTORC1) against insulin and growth factors is reduced in skeletal
muscle of elderly people (Cuthbertson et al., 2005). Insulin resistance in
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elderly people’s skeletal muscle contributes to impaired glucose homeostasis
and metabolic dysfunction (Uchitomi et al., 2019). Skeletal muscle lipid
accumulation has also been associated with age, and we see that skeletal
muscle glucose and lipid metabolism change by age (Goodpaster et al., 2001;
Uchitomi et al., 2019).

Routine physical exercise can prevent many chronic diseases associated
with aging (Booth et al., 2012). Doing exercise properly affects all systems
against the metabolic dysfunction and also skeletal muscle becomes stronger
(Navas-Enamorado et al., 2017). Investigations about the way exercises affect
muscles reveal that muscle protein synthesis stimulated by exercises,
controlled insulin resistance and increased induction of mMTORCI signalling
(Fujita et al., 2007; Harber et al., 2009).

Regular physical exercise induces skeletal muscle ATP production,
NAD+ homeostasis, and pyrimidine nucleotide biosynthesis (Hawley et al.,
2014). Exercise can improve skeletal muscle quality and strength.
Carbohydrate-derived substrates provide most of the energy during high-
intensity exercises, whereas plasma fatty acids supply the energy during low-
intensity exercises (Hargreaves & Spriet, 2020). By the beginning of exercise,
oxidation of intramuscular glycogen and triglyceride starts but if it prolongs
uptake and oxidation of plasma glucose and fatty acids from the liver and
adipose tissue have to start (Hargreaves & Spriet, 2020). Metabolic waste
products from skeletal muscle after exercise, those named as lactate and
glycerol, can be used in gluconeogenesis in the liver (Hargreaves & Spriet,
2020). Generally, with aging people started to do less exercise, less physical
activity and by the way come over the metabolic dysfunction. With a
continuous and not so high intensity exercise program, muscle function and
metabolic health will be better in the elderly people.

By age according to lipid metabolism disturbance, cell membrane
composition changes. These changes mostly occur in functional organs such
as brain and heart (Almeida et al., 2021). Like age, genetic factors, diet, and
gender affect the lipid compositions (Nam et al., 2017; Wong et al., 2020).
The investigations about lipidomes revealed that there are systematic changes
in the metabolism of organisms and membrane lipid profile changes during
aging (Almeida et al., 2021). For example, in women triglyceride and
phospholipid levels increase by age and after menopause brain lipidome
compositions change and Alzheimer’s disease is seen more often in these
elderly women (Diaz et al., 2018; Jové et al., 2016b).

Polyunsaturated fatty acids (PUFAs), short-chained sphingolipids,
cholesterol and phospholipid levels decrease in human brains by aging,
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whereas long-chained sphingolipids and monounsaturated fatty acid (MUFAs)
levels increase (Hwangbo et al., 2020; Pamplona et al., 2019; Tu et al., 2018).
These cerebral lipidome alterations contribute to age-related neuronal
disorientation by the way of mitochondrial dysfunction, increased oxidative
stress, and membrane changes. Decrease in PUFA, and other phospholipid
levels, decrease in the fluidity of neuronal membranes causes a reduction in
the diffusion of membrane proteins, alterations in protein-protein interaction,
and neuronal transmission alterations that cause cognitive dysfunction in
elderly people (Céspedes et al., 2021; Das, 2021). PUFAs come from either
the diet or synthesized in liver, pass the brain-blood barrier (BBB) and
composize cerebral cell membranes. In elderly people, PUFA levels increase
in serum, but cerebral membranes contain less PUFAs. This is because of
alterations of BBB transport capacity with ages (Chappus-McCendie et al.,
2019). The BBB undergoes many morphological and functional changes
during aging that result with decreased transportation of lipids (Pifferi et al.,
2021).

Lower levels of phospholipid cardiolipin in mitochondiral membranes are
associated with electron transport chain activity reduction in elderly people
diagnosed Alzheimer’s disease (Kao et al.,, 2020). Age-related lipidome
alterations, especially reduction in cholesterol, and impaired neuronal
functions are associated with Alzheimer’s disease and Parkinson disease (Jové
et al., 2021; Mesa-Herrera et al., 2019). Down-regulation of the transport
system and up-regulation of cholesterol removing enzyme CYP46 in elderly
people, contributes to low cholesterol levels in the brain (Jové et al., 2021).

The age-dependent mechanism is related with age dependent
neuromelanin production in Parkinson disease (Carballo-Carbajal et al.,
2019). Glycine, serine, and threonin metabolism have an age dependency in
Parkinson disease that suggests it is associated with neurodegenerative
processes (Hashizume et al., 2015). But this age-dependent effect occurs in
the advanced stages of the disease (Hunsberger et al., 2020).

Choline is the product of these metabolites and increases directly with age
in Parkinsonian patients. Choline has a critical role in the synthesis of
phospholipids and in the synthesis of acetylcholine. And its deficiency
disturbs cell proliferation, differentiation, and apoptosis (Michel et al., 2006).
If we check young and old fibroblasts, the down-regulation of glycine C-
acetyltransferase (GCAT) and serine hydroxymethyltransferase-2 (SHMT?2)
genes involved in mitochondrial glycine synthesis correspond to the aging-
related decrease in cellular respiration (Hashizume et al., 2015).
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By aging, many systematic mechanisms are disturbed and degenerated.
Reactions to vaccines also change with age. In a prospective cohort research
in 2022, they performed untargeted metabolomics on blood samples from
patients between 21-30 ages and older than 65 years old who received the
seasonal trivalent inactivated influenza vaccine in the last season (Chou et al.,
2022). In blood samples that are taken before vaccination in the younger
group, fatty acid, linoleic acids, glycerophospholipids were higher, whereas
amino acids and triacylglycerols were lower. The purine metabolism pathway
increased after vaccination, especially in older people. Metabolites from
glycine and serine pathway also increased but it does not have any meaningful
difference between young and old people. Sarcosine was persistently
increased in older people but in young people, it increased only on the 28th
day. These are about increased metabolism in young people and dendritic cell
migration, and, by this property, they can respond to dendritic-based vaccines
(Dastmalchi et al., 2019; Obata et al., 2014). Sarcosine was higher in older
people after the vaccine, but this is not an indicator of the response to a
vaccine. As we know that serine requires T-cell proliferation to regulate
immunity, it seems serine level is higher in older people (Ma et al., 2017). In
elderly people, fatty acyl carnitines and cholesterol esters increased
predominantly, triacylglycerol and products of amino acid metabolism
increases. As finally, in the younger group adenosine, guanine and
phosphatidylinositol metabolism increased, fatty acyl carnitines decreased.
This suggests that fatty acid oxidation is increased in young people. In older
people serine and glycine are also a component of glutathione metabolism
which is essential for regulatory T-cell function. Elderly people have an
effective response to the influenza vaccine by this T-cell memory and
regulatory T cells.

Conclusion

As we know the omics enable us to analyse many biological process and
diseases and the field of metabolomics is the most powerful section of omics.
But the details of the mechanisms, and how metabolites regulate aging, are yet
unknown. Targeted and untargeted metabolomics have a highly predicted
value for research in aging and also can be studied from body fluids with a
small sample, so it is so easy to reach the sample. In the future metabolomics
will be used clinical practice, in the diagnosis and screening of diseases, and
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in preventive medicine to improve human health care, decrease chronic
diseases, and reach a long-life span.
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Abstract

The integrative science of metabolites, metabolomics, today
encompasses life sciences in every aspect, ranging from the discovery of
metabolic pathways in species to the identification of significant
biomarkers for various physiological and pathological conditions.
Metabolism is the foundation of living systems that contains small and
low molecular weight substances called metabolites in its entirety, which
is an intricate network of numerous molecular pathways working
seamlessly. As a discipline, metabolomics studies the metabolome,
which is the integrative whole of all the steps of metabolism and its
interactions in a living system. The entire DNA existence of a living
system is called the genome, which contains all the genes responsible for
functional units of transcripts and proteins. The genome also has its own
set of modifications primarily on genes called the epigenome, which adds
to its complexity. Metabolites as substances differ from gene-encoded
products of transcripts and proteins by their intermediary and transitive
natures, which are not well-defined as the gene-encoded products. In this
chapter, the genetic basis of metabolomics and its possible applications
in the research are reviewed.
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Introduction

All known metabolites are formed in the line of their metabolic pathways,
which represent the metabolic network. Differing from pathways, metabolic
networks contain all reactions simultaneously as a whole, and in all its layers,
enzymes function to direct metabolic cascades in their routes associated with
pathways. Since enzymes are macro-molecular products of genes, there is an
evident interconnection between the genes and the metabolic network in their
functioning, which is termed as the Gene-to-Protein Reaction (GPR).
Therefore, the metabolome is an open framework for the application of
multiple omics methodologies for gaining integrative results representing the
final status of a living system. Metabolomics, in this aspect, mainly aims at
mapping metabolites to the metabolome. By using computational tools,
researchers can establish genome-wide metabolic networks that use annotated
reference genomes from databases to reveal associated enzymes functioning
in a given metabolic pathway mainly through investigating responsible genes
by using sequence homology-based methods (Frainay and Jourdan, 2020;
Thiele and Palsson, 2010; Wehrens and Sale, 2020).

Either spontaneously or enzyme-catalyzed, all metabolic reactions
transform metabolites into other metabolites. Enzyme-catalyzed reactions in a
particular metabolic reaction can be further assessed by establishing
connections between genes and enzymes as dictated by the GPR, which leads
to interconnection between genomic and proteomic data. Based on the genetic
directive, all metabolic pathways form around sets of input and output
variables for the particular metabolic function (Frainay and Jourdan, 2020;
Wehrens and Sale, 2020). In particular, genome-wide molecular networks are
only indicative of the global profile and are not specialized for tissue levels.
All tissues that make up a living system contribute to the global metabolic
profile in part by utilizing metabolic pathways differentially to achieve their
tissue-specific functions. Therefore, meaningful data from branches of omics
are used in different methods to specifically reveal which part(s) of the global
network is active for the investigated reaction (Frainay and Jourdan, 2020;
Jerby et al., 2010; Shlomi et al., 2008; Wehrens and Sale, 2020). On a more
basic level, it can be stated that metabolic networks are metabolic
superstructures that are formed by various numbers of metabolic pathways that
function as a module for sets of reactions and their associated metabolites.
Such a perspective enables the sub-structuring complex natures of networks
into particular pathways to focus on and monitor, which leads to the pathway-
specific discovery of metabolites and their associated genes.
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The application of different omics methodologies for integrative research
of species is a multidisciplinary framework of research, which requires the
harmonious working of different specializations. Up to this point, present
studies that used the genome-wide association study (GWAS) approach for
metabolomics and their genomic connections have provided convincing
results for their potential to unlock the hidden aspects of the molecular
mechanisms of diseases and gene-to-environment interactions. Such results
would certainly add up to the development of personalized medicine by
combining the genotype with the metabolite profiles. Initially identified SNPs
(Single Nucleotide Polymorphisms) are now being employed for clinical
monitoring procedures and developing treatment strategies in various
pathological conditions. It is very likely that GWAS in the near future would
integrate more than one omics approach into a single unified study to reveal
and identify significant markers and associated genes that are clinically and
physiologically important and represent themselves in the metabolome. By
integrating regulatory transcripts such as microRNAs and epigenetic
modifications of DNA into the research framework, it would become possible
in the future to make clear associations in all aspects of complex and chronic
diseases (Suhre, 2012).

From Genomics to Metabolomics

The genome of a cell is its blueprint represented by the sequential combination
of nitrogenous organic bases of nucleotides that are adenine (A), thymine (T),
guanine (G), and cytosine (C), which are continuously transcribed and
translated to make the living system function as it should from the very
conception to the moment of death. The enormous four-letter cryptography
that is the genome represents the information that is necessary for life to exist
in its sequential structure, and some parts of this sequential structure contain
information that are more directly active than others, called genes. Genes,
while critical, do not answer by themselves how the entirety of the system
would function; instead, genes are differentially used by different tissues to
achieve particular outcomes that complement each other into a seamless whole
that is the living system (Fanos, 2016).

Genomics is the systematic and integrative study of the genome with all
its constituents, from nucleotide sequences to gene structures to gene
interactions. Ultimately, genomics aims to completely cover the entire form
and function of all genes that are present in a genome to link the blueprint to
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the final product. With advancements in high-throughput DNA sequencing
platforms and available bioinformatics approaches for analysis, systems
biology has gained a significant focus in research and newer aspects of living
systems were discovered (Arjmand, 2019; Larijani et al., 2019).

In summary, the reconstruction of a metabolic network is the meaningful
compilation of individual metabolic pathways into a functional module by
using all associated metabolites in a given system. Individually testing each
reaction is a laborious way of determination their existence, but there are now
metabolic models formed by using high-quality data from respective omics
that represent a model living system with interconnections between genes,
biochemical reactions, and associated phenotype (Gille et al., 2010; Orth et
al., 2011). Outside of the model species, verified and recognized metabolic
reactions are still limited, but this has its own prospective nature of rapid
development as increasing numbers of genome projects are present for less
typical species, which would lead to gene annotations and their associations
with biochemical reactions. To simplify the framework of gene-to-metabolic
reaction association discoveries, different protocols have been developed in
recent years (Krumsiek et al., 2012; Suhre, 2012). While not as reliable as the
reconstructed networks from model species, such draft networks from non-
model species have the prospect of revealing novel metabolic pathways
together with their metabolites and associated phenotypes, which would then
be integrated into more detailed integrative research for metabolomics (Durot
et al., 2009; Gehlenborg et al., 2010; Krumsiek et al., 2012; Suhre, 2012).

To have a genome-wide metabolic network, the very first need is the
assembly of the genome sequence, which then should be annotated for genes
both for their localization and function. Dedicated tools and pipelines are used
for gene prediction in the sequence that reveal coding domain sequences by
determining open reading frames (ORFs) using different algorithms. These
determined raw ORF sequences are subjected to filtering algorithms that
evaluate the coding potential based on the inherent properties of the sequence.
Filtered sequences are then subjected to functional annotations by associating
the coding domains with biological functions, which would reveal the function
of the product encoded by that sequence. Consequently, annotations based on
this principle require the discovery of similar sequences in drafts that
correspond to already annotated sequences and functions of proteins as
references. Therefore, the main focus is on the identification of orthologies
from reference protein annotations by using typical sequence alignment
algorithms of BLAST (Altschul et al., 1990) or FASTA (Pearson, 1990) in
well-established databases for proteomic data such as UniProtKB/Swiss-Prot
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(Krumsiek et al., 2012; Médigue and Moszer, 2007). Determined orthologies
based on sequence similarities are further complemented with the analysis of
structure by revealing conserved and functional domains within the sequence
(Apweiler et al., 2000; Claudel-Renard et al., 2003). While the principle of
annotation transfer is currently the routine, it is also a limiting factor in protein
characterization in draft genome assemblies due to the fact of reliance on
presently documented annotations, which often means no functional similarity
between the orthologous sequence and the transferred annotation (Palmer et
al., 1999; Seffernick et al., 2001). This is seen as either sequential gaps or
errors in auto-annotations that use already known annotations from databases.
However, automatic annotations for functions are provided for draft sequences
in databases with already established annotations. Consequently, a draft
sequence can be annotated for functions either by using annotation transfer
from already present annotations or using proprietary processing methods for
functional annotations (Krumsiek et al., 2012).

Conclusion

The entirety of metabolites in a living system in a given time is the
metabolome of that system, which includes all the gene-encoded and non-
genic substances simultaneously present. Ultimately, the metabolome has the
potential to represent all the different phenotypes that can arise by crosslinking
the metabolite profiles that are subjects of environmental variables to gene
functions and genome properties. Therefore, metabolomics has become a
significant part of systems biology that aims to understand cellular behavior
by analyzing all the cellular components as a whole rather than focusing on
separate components, which would identify how metabolic trafficking directs
or affects the cellular behavior. Ultimately, this requires the unification of
mathematical models, computational algorithms, and experimental protocols
into an integrative framework to process and analyze the system as a whole.
The advances contributing to systems biology have the potential of
transforming conventional medical and biotechnology practices. Currently,
such potential is mostly evident in increasing research in stem-cells that
contribute greatly to the advancement of regenerative medicine because
different omics are used in conjunction with each other to better understand
stem-cell biology. Naturally and hopefully, different branches of omics will
transform into transomics in the future that unifies different branches into a



52 Seyda Kaya

global whole that can globally analyze and evaluate living systems to reveal
mechanisms behind the most intricate molecular interactions.
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Chapter 5
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Abstract

The development and advancements in technology, artificial intelligence,
and fields of bioinformatics, enabled the use of enormous data coming
from genes, transcripts, and proteins processed by the omics in medicine
as biomarkers. Scientists are improving different methods, such as stem-
cell therapies, applications of regenerative medicine, and enhanced drug
interactions in personalized medicine, using omics technologies in a
broad scope of biology. Thus, the omics can discern functions of
individual genes, proteins, and metabolites; to evaluate drug effects of
drugs made or derived from such substances; and analyze differences in
cellular pathways that occur from these drugs. The combined use of
omics with system biology in regenerative medicine research, and
pharmacology fields increases the information regarding concealed
molecular mechanisms of diseases, their potential therapies, and
personalized applications of stem-cell applications. Improved
characterization of living systems along with a detailed evaluation of
clinical and pharmacological data are required aspects for the further
development of studies containing multiple omics methodologies. The
application of data mining on the present data from the literature would
enable to obtain experimental evidence in a cost-effective manner by
reducing the prior experimental research. Metabolomics in
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pharmacology serves to attain personalization in medicinal treatments to
preserve health and prevent diseases. Different branches of omics, such
as metabolomics, transcriptomics, proteomics, and toxicogenomics,
would lead to improved and easier use of pharmacometabolites in
treatment protocols.

Keywords: biomarkers, diagnosis, individual therapy, pharmacology,
metabolomics, pharmaco-metabolomics

Introduction

Changes in the amount of messenger RNA do not always respond to variations
in protein levels and/or protein activities in the cell. Therefore, metabolites
better represent actual outcomes of gene expression than proteomics
information. Therefore, changes in the concentrations of metabolites may be
more relevant for describing the physiological regulatory processes of
organisms, diagnosing diseases, and treating the individual. Likewise, the
biological effects that occur with the use of a drug cannot be decreased to the
effect of just one compound. Metabolomics studies involve the sequential and
combined use of many analytical techniques to create metabolite profiling and
create relevant bioinformatics equipment. Currently, NMR technology is the
generally used tool for metabolomics. Another important instrumental tool for
pharmaco-metabolomics is MS-based proteomics technology. With MS
instruments, all organic soluble components can be profiled quantitatively and
with high precision (Zhang et al., 2010; Fiehn et al., 2000; Watkins and
German, 2002). In addition, HPLC and UPLC technologies are also included
in the field of metabolomics. Compared to conventional HPLC-TOF-MS
systems, UPLC-TOF-MS systems appear to have a significant reduction in
time with peak capacity and sensitivity. For metabolomic studies, it is a
noteworthy problem that the experimental profile is affected by gender,
genotype, age, nutritional status, drugs, lifestyle, and stress (Zhang et al.,
2010). Individual metabolic fingerprinting creates new perspectives for
metabolomics studies in determining personalised therapies and drug
interaction profiles. Existing statistical studies of morbidity and mortality from
the use of drugs reveal the urgent need for individual pharmaco-genomic and
pharmaco-metabolomic profiling studies (Chadwick, 2010).
Metabonomics/metabolomics and pharmaco-metabolomics technologies also
provide a possibility for quality control (Wang and Tang, 2010).
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Metabonomics involves metabolic responses from the multivariate analysis of
organisms to physiological or pathological stimuli (Nicholson et al., 1999;
2002; 2004; Nicholson and Wilson, 2003). Metabonomics analyses NMR or
mass data. In the target organism, all chemical components within a process
under investigation are revealed as a “metabolic fingerprint” visualised by
applying statistical data to identify the pattern of change of environmental or
genetically induced variations in metabolite composition (Wang and Tang,
2010). The science of metabolomics has begun to create striking effects on
biological, biomedical, and pharmacological studies. Researchers also use
metabolomic approaches to elucidate xenobiotic toxicity mechanisms,
pathophysiological processes, diagnosis and improvement of disease states,
and the discovery of herbal or synthetic drugs (Whitfield and Kirwan, 2010;
Lindon et al., 2005; Kaddurah-Daouk et al., 2008; Griffin ve Shockor 2004;
Denkert et al., 2006; Whitfield et al., 2005; Marchesi et al., 2007; Kenny et
al., 2008). Metabolomics studies on the determination of metabolic pathways
related to normal physiology and pathophysiological conditions, including
cancer (Trujillo et al., 2006; Barnes, 2008; Kim et al., 2008). The metabolome
is the most comprehensive evaluation process for internally or produced low
molecular weight metabolites externally such as vitamins, small peptides,
amino acids, lipids, and carbohydrates, which are the most common
metabolites in biological systems. At the same time, these metabolites can be
sensitive indicators of various states of the disease and drug use (Jenab et al.,
2009; Barnes, 2008; Kim et al., 2008; Emenaker and Milner, 2010). With the
developments from many fields such as transcriptomics, genomics,
metabolomics, and proteomics, it has been possible to benefit from all kinds
of data from different sources in every field of biological sciences, and
advances have been seen with bioinformatic analyses on the discovery of drug
targets and understanding of pathways (Chen et al., 2005). More than 80% of
current pharmaceutical drugs target enzymes such as G-protein coupled
receptors (GPCR), kinases, and pathways belonging to several gene classes,
such as proteases, nuclear hormone receptors, and ion channels. Studies on the
development of new therapeutic drugs for these target genes for therapeutic
use have gained weight. Regarding drug metabolism and drug transport, it can
be said that the in-vivo response to a chemical component or drug treatment
taken by the organism is very complex. As a matter of fact, the changes that
occur within the cell and within the organism after the drugs are taken by the
organism are an extremely dynamic process and consist of many sub-steps.
For example, a large number of molecules consisting of at least 50 proteins
participate in the pharmacodynamic process for metabolized drugs. Also,
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various genes contain different polymorphisms to encode such proteins,
control activity, or alter expression level (Pirmohamed and Park, 2001). Thus,
the individual response to a drug reflects the interaction of multiple genetic
variations involving multiple pathways, such as drug metabolism, toxicity, and
drug delivery. Additionally, metabolic changes occur rapidly. When necessary
or due to a physiological or pathological stimulus, there is the formation of
target metabolites in the cell within seconds or minutes, with the expression
of the messenger RNA changing, directing the focus on metabolomics
research (Fanos, 2016). Liver metabolism is an essential center for drug
elimination of (Rushmore and Kong, 2001). These metabolisms are generally
dependent on the cytochrome P450 isoenzyme, which is presented in the
biotransformation of drugs. More than 100 isoforms for P450 have been
identified in humans (Nelson, 1998; Chen et al., 2005; Sensen, 2005).

Pharmaceutical Metabolomics

The field of pharmaco-metabolomics and pharmaco-metabonomics is an
approach that aims to provide predictions of drug effects such as efficacy,
toxicity, and drug metabolism using mathematical models created from pre-
dose metabolic profiles. As a matter of fact, urine profiles determined before
the administration of the toxin are used to estimate the toxicity profiles
resulting from the administration of toxins in rats (Clayton et al., 2006). There
is an important relationship between the metabolic profile before the
application of an active substance and the metabolic profile that may occur
after the application. Similarly, a strong correlation was determined between
post-dose outcomes and pre-dose urinary metabolite profiles, both in terms of
toxicity and metabolic aspects. Such pharmacometabolomic profiling to
screen patients in drug trials is an extremely important area, but significant
efforts are required to obtain knowledge of the metabolic profiling and
outcomes of drug metabolism. The potential of metabonomics and pharmaco-
metabolomics to illuminate systems-level responses is currently under
investigation in a variety of complex multicellular and multiorgan animals
such as rodents and humans. Combined with data at other levels, integrating
biomolecular organization with metabolomic changes at the proteome and
genome level appears promising for producing new pharmacometabolomic
insights. Identification of better biomarkers in areas such as toxicity and
disease detection will certainly bring about a fundamental understanding of
monitoring disease processes and a better understanding of molecular
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organization (Wilson and Nicholson, 2008). Together with pharmaco-
metabolomics, it will be possible to diagnose diseases and monitor drug
therapy for humans on pharmaceutical metabolomics. However, research is
intense and clinical applications will change rapidly in the future with
pharmacometabolomic profiling and monitoring studies compared to many
preclinical samples. One of the factors that will positively affect this is the
emergence of huge biological bank capacity to comparison (Dumas et al.,
2006; Everett, 2007; Lindon et al., 2007).

Pharmaco-Metabolomics and Cancer Drugs

The genetic and metabolic pathways used as drug targets. The interconversion
of metabolites is expressed as extreme pathways of the metabolic network,
and these pathways are used for drug screening. In the current century of
genomic studies, scientists are keen to apply genomic knowledge from
molecular engineering research in medicinal trials. In the field of
pharmacogenomics, a genetic signal is thought to act as an on-off switch in
metabolic control. However, the genotype-phenotype correlation must be
established in drug screening to successfully implement genetic switches.
Gene expression and peptides are signaling switches for metabolism. So, the
effect of drugs on metabolic regulation is related to genetic translation. Cancer
cells generally have different metabolic properties from normal cells and
synthesize macromolecules for cell growth and proliferation. The deficiency
of the tumor suppressor gene or the overexpression of an oncogene is
sufficient to generate the genetic signals to modulate metabolic pathways in
the formation of the cancer phenotype (Lee et al., 2012; Roessner, 2012).

Overall, pharmacometabolomic approaches have been observed to be
quite successful in cancer studies. It is expected that ‘personalized medicine’
studies will benefit greatly from pharmaco-metabolomics, along with data
from all omics sciences. The goal of chemotherapy is to both cure the disease
and reduce symptoms. Chemotherapeutic-induced cytotoxicities may occur in
the patient shortly after administration or chronically. The aim of pharmaco-
metabolomic approaches is to conduct profiling studies on the metabolite
differentiations that occur at the onset of the disease, in the diagnosis,
treatment stages and depending on drug use, by providing small amounts of
samples that can be taken from all body fluids, or by the samples that can be
obtained quickly without harming the patient, and, accordingly, directing the
treatment (Chiang et al., 2018).
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The Dynamic Nature of Metabolism

There is increasing interest in drug transport, spatial distribution, and analysis
of drug metabolites in a target cell or in various cell cultures. The imaging,
monitoring, and analysis of drug metabolisms are generally based on the LC-
MS method. The LC-MS method makes it possible to detect trace amounts of
molecules and to determine the localization of drugs within a cell. Primary
cultures of human hepatocyte cells are used as a basis for estimating drug-
related metabolism pathways. Therefore, hepatocytes are preferred as suitable
cell line systems for metabolomics. In addition, LC-MS techniques are quite
successful even in determining the heterogeneity of drugs even in a single cell.
This approach has the potential to identify correlations between drug
metabolism in cells cultured from a single cell and at subcellular levels, and
between pharmacological studies, pharmacometabolomic analyses, and even
toxicological effects (Fukano et al., 2012; Emara et al., 2017). However, more
detailed studies are required with very large sample groups. In the preclinical
phase of biomarker discovery, several technical challenges need to be
overcome, and mass spectrometry data needs to be analyzed very carefully. In
fact, there may be a high degree of correlation between metabolites in LC-MS
data, making it difficult to distinguish between metabolites with similar
chemical properties or significant correlations based on shared metabolic
pathways. On the other hand, the identification of informative and specific
biomarkers is an important limitation of pharmaco-metabolomics as a health
technology. Identifying which metabolites could be potentially useful
biomarkers is a much more difficult process than previously thought. The
dynamic nature of metabolism, which can be significantly affected by genetic
differences and environmental exposure, is quite complex. Furthermore, prior
to inclusion in clinical practice, clinical validation is required to determine
whether a particular metabolic test is sensitive enough to identify those at risk
or affected by a disease and whether it is specific enough to a particular disease
process.

Conclusion
Metabolomics research plays an increasingly important role in the sciences, in

the diagnosis and treatment of nutritional-related chronic and systemic
diseases, and in the profiling of physiological processes. Additionally, studies
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that search for metabolite clues that can express the symptoms or treatment
processes of the disease in all body tissues or fluids of individuals in the
diagnosis or treatment processes of common or rare diseases occupy a large
place in the field of pharmaco-metabolomics. Pharmaco-metabolic strategies
that have the ability to describe pharmaco-metabolomics create a great
opportunity to obtain knowledge of the molecular basis of metabolic
processes. It is likely that with future technological developments studies on
the effects of drugs on physiological processes and the profiling of formed
metabolites in various diseases will be sought in the field of pharmaco-
metabolomics. On the other hand, with the effect of the drugs or herbal or
synthetic active substances used, metabolite changes that occur in individuals
before or after their use seem to be the focus of research for all diseases or
pathological processes. However, with the increased capacity to determine
metabolite profiles and technologies to develop them, it will support a more
detailed understanding of direct control mechanisms and improve our
understanding of the effects of different environmental or internal stimuli on
individuals. Similarly, pharmaco-metabolomics makes it possible to help
develop functional nutrients and follow and classify the effects of drugs or
active substances to be used before and after treatment. This may ultimately
improve personalized medicine and individualized therapeutic approaches
where pharmaco-metabolomics exists.
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Abstract

Metabolomics detects, identifies, and quantifies small molecule-
containing metabolites in cells, tissues, and physiological fluids through
high-performance yielding technologies. Metabolomics is an integral
part of biotechnology, which includes drug activity investigations,
enzyme-to-substrate interactions, biomarker identifications, and
metabolomic pathway analyses. Metabolite profiling can be achieved
cost-effectively in a short time with high precision and specificity
through High-Performance Liquid Chromatography (HPLC), one of the
analytical methods. Metabolomics research is seen in different fields,
including nutrition, toxicology, environmental pollution, drug research
and development, and a broad spectrum of biochemical and industrial
analyses. Here in this chapter, fundamental basics about HPLC will be
given, and the use and importance of HPLC in metabolomics will be
highlighted.
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Introduction

Chromatography was first used by Russian botanist Mikhail Tsvet in 1906 to
elucidate plant pigment chlorophyll and is still being conducted as a powerful
tool to detect biochemical substances. Zeolites were first used in 1913 to
soften water. Palmer managed to separate carotenoids from fats in 1922.
Taylor and Urey managed to fraction lithium isotopes in ion-exchange
chromatography in 1937. Martin and Synge discovered liquid-liquid
dispersion chromatography in 1941 and won the Nobel prize in Chemistry in
1952 for their research.

Csaba Horvath developed high-pressure liquid chromatography in 1965
at Yale University. Chromatography is a word of Greek origin and means
color writing (“Chroma” means color, and “graph” means writing in Greek).
Today, chromatography is a method where substances of a mixture are
dissolved inside an appropriate solvent and separated according to their
physical and chemical properties. This method utilizes the movement of
various substances on a solid phase by an appropriate solvent. The mobile
phase i.e., the carrier phase, can range from liquid to gas, and the solid phase
can range from cellulose paper to capillary glass tubes (Dokoumetzidis &
Macheras, 2006; Eser & Dincel, 2018).

High-Performance Liquid Chromatography

HPLC is the process of fractioning the dissolved substances (e.g., amino acids,
vitamins, carbohydrates, pesticides, antibiotics, food flavorers, pigments, and
derivatives of such substances) inside a liquid solvent under high pressure by
passing through a column. The movement of the mobile phase is through the
effect of high pressure and, thus, is called high-pressure liquid
chromatography. In this method, substances inside the solvent separate from
each other by leaving the column at different times per their molecular sizes,
polarities, and ion charges, which alter the movement of substances through
the column. HPLC is used in different fields, such as nutrition, environment,
cosmetics, pharmaceuticals, and industry, to safely assess the substances of
organic, inorganic, and biological specimens (Engelhardt, 2004).
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Components of HPLC Apparatus

The HPLC apparatus contains various components with specialized functions
of mobile phase chamber, pumps, columns, column heater, injectors, degasser,
autosampler, and detector.

Mobile Phase Chamber

One or more chambers for the mobile phase are available in HPLC apparatus
made of either glass or stainless steel, which are suitable for different pure
solvents with different polarities ranging from watery buffers to hydrocarbons.
Precautions should be taken to prevent contamination of the mobile phase
from chambers.

Degasser

The degasser component preserves pumps and columns by eliminating air
bubbles and dissociated air carried from the chambers. Otherwise, air bubbles
in the column would result in peak widening and retention time (RT)
deviations. There are suitable degassers for pumps and different numbers of
mobile phases.

Pumps

The pumps direct the mobile phase solvents into the column by regulating the
flow rate under high pressure. In other words, the pumps enable the circulation
of liquids in the HPLC apparatus. Prolonged usage requires pump care and
maintenance.

Autosampler and Injectors

Autosamplers enable the injection of samples inside solvents into columns in
a determined volume through automatic injectors. The prolonged waiting
times and increased error rates required using autosamplers. Today, automatic
injectors have additional features, such as temperature control, dilution, and
mixer properties.

The Column and Column Heater

The column is an integral part of the HPLC, where the substance separation
occurs. Various analytical columns have a length between 30 to 300 mm and
a caliber between 2 to 5 mm. An adequate column is necessary according to
the method and the mobile phase used. Column infills, pore diameters, particle
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shapes and sizes, and silica purity are vital parameters. The column heater is
critical to keep the column environment at a constant temperature.

Detector

Detectors enable the generation of chromatograms by recording as peaks the
substances that left the column by measuring their existence and quantity. The
use of different software packages readily evaluates the generated
chromatograms. On an excellent chromatogram, it should have low noise, high
specificity, and broad linear response. Chromatograms are expected to be
preserved from deviations in temperature and flow rates. Various detectors are
used, including ultraviolet (UV) visible field detectors, electrochemical
detectors, fluorescence detectors, mass detectors, conductivity detectors, and
photodiode array detectors, which are chosen depending on the sample
analyzed (Boyer, 2003; Nikolin et al., 2004; Patwekar et al., 2015).

Advantages of the HPLC

Today, HPLC is indispensable in different fields of biology, biochemistry,
pharmacology, medicine, agriculture, and any biotechnology field as an
analytical method. It is a logical and trending choice for non-volatile and heat-
intolerant substances. It can also fraction high-polarity samples without
generating derivations. HPLC is advantageous compared to other liquid
chromatography methods for the following reasons: shorter time in analysis;
high resolution of peaks; picogram-grade specificity when used with
fluorescence or electrochemical detectors; the possibility of multiple-analysis
in a single column; adequateness for large particles and ion sizes; and sample
recycling (Ren et al., 2006; Swartz, 2010).

The Usage Fields of the HPLC in Metabolomics Research

Prominent usage fields of the HPLC method in the analysis are described in
detail under separate headings ranging from pharmaceutical research to
industrial applications.
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Pharmaceutical Applications

The HPLC method as an analytical tool has seen large-scale usage in
pharmaceutical applications. Due to its inherent power in analysis, it can
reveal the composition and impurities of a novel drug. Due to quality control
regulations, it is crucial to reveal and determine the impurities of a drug before
releasing it to consumers. The associated authorities validate drugs before
release by evaluating different parameters of bioavailability, stability, and
adverse effects. The simultaneous analysis of active substances of
paracetamol, chlorpheniramine, and phenylephrine in commercial drugs was
conducted by Marin et al. (2002) using the HPLC method. The HPLC has seen
increased use in the assessment of blood levels for screening against adverse
drug effects. Drug dosages should be carefully formulated to eliminate the
overdose effects of chemicals that might occur in patients. In a study by Ge et
al. (2004), the HPLC method was used to detect human blood plasma levels
of pseudoephedrine and chlorpheniramine.

The HPLC method enables the investigations of the pharmacokinetics of
a diverse array of drugs with its high specificity and selectivity. A
dihydropyridine class calcium-channel blocker, Amlodipine, is prescribed for
hypertension treatment and is used as a vascular muscle relaxant. The HPLC
method was used for the fractionation and identification of enantiomers of
amlodipine (Haria & Wagstaff, 1995). Additionally, the HPLC is effective in
monitoring dosage and emergency diagnostics in hospitals. HPLC is prevalent
in analyzing steroids, analgesics, and similar components (Sokolova &
Chernyaev, 2002). An approved drug for influenza patients, favipiravir, is also
prescribed for COVID-19 infections, primarily diagnosed with respiratory
symptoms. An HPLC method was devised to detect favipiravir impurities
(Marzouk et al., 2022).

Plant species contain large quantities of biologically active metabolites in
their tissues, in addition to essential nutrient substances. Polyphenols are a
class of abundant secondary metabolites with various plant biological
functions, including growth and development, metabolism regulation, and
protection against pathogens. The HPLC is an adequate method to characterize
plant polyphenolic compounds with high selectivity when coupled with
different detectors. Based on their chemical properties, plant polyphenols
include phenolic acids, flavonoids, lignans, stilbenes, and others. Flavonoids,
in particular, have seen the highest density in polyphenols investigations,
including classes of flavones, flavanones, flavonols, flavanols, isoflavones,
and anthocyanidins. Flavonoids are pharmacologically prominent because of
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their antioxidant properties (Luo et al., 2011; Niedzwiecki et al., 2016). It was
reported that quercetin, known to have Anti-HIV properties, maintains blood
LDL levels to protect against cardiovascular disease developments.
Organoselenium in onions was reported to have anticancer and cholesterol
regulatory properties (Amagase, 2006). Anthocyanidins were stated to have
improving effects on sight-related activities and reducing properties on
chronic cardiac disease developments. It was determined that taxifolin, one of
the flavanones, has anti-inflammatory properties and might be effective on
ovarian cancer. Daidzein and Genistein, both isoflavones, can be analyzed by
HPLC and are effective in alleviating climacteric symptoms at 40 and 80 mg
doses, respectively (Uesugi et al., 2004; Tarahovsky et al., 2007).

Phenolic acids include two groups of hydroxycinnamic and
hydroxybenzoic acids, and derivatives of phenolic acids are formed by binding
the -OH and -OCH3 groups to these acids. Phenolic acid derivatives were
extensively investigated for their alleged properties for anticancer,
antioxidant, antiallergy, antithrombotic, antidiabetic, and anti-inflammatory
effects (Pokorny, 1991). It was determined that caffeic acid, which is found
prominently in coffee beans, sage flowers, mint and thyme leaves, and
apricots, has antioxidant, anti-inflammatory, immunomodulatory, and tissue-
protecting properties. Another study revealed sinapic acid’s anticancer and
antimicrobial effects (Cherng et al., 2013). Like aspirin, salicylic acid, isolated
from willow bark, was reported to have analgesic, anti-inflammatory, and
anticoagulant properties (Norn et al., 2009). Tannins are known as tannic
acids, and they are known to have antiseptic properties. The HPLC method
revealed their higher quantities in tea leaves and acorns used in pharyngitis,
tonsillitis, and hemorrhoid prescriptions (Chowdhury et al., 2004).

Food Industry Applications

Nutriceutical foods, superfoods, therapeutical foods, and designed foods are
trending concepts of late in the food industry. They are collectively named
functional foods that are beneficial in maintaining and preserving the health
status of humans. Polyphenol compounds in such foods are externally taken
into the human body as they are not synthesized endogenously (Osés et al.,
2016). Fruits are essential to human nutrition due to the overly rich nutrients.
The flavor and taste of fruits and juices are directly related to organic acids.
Certain juices are adjusted to mild souring by adding citric, ascorbic, or malic
acids. Since the organic acid compositions of fruits and vegetables are related



The Use of HPLC in Metabolomics Research 71

to associated chemical properties and freshness, it is imperative to determine
the organic acid compositions. The HPLC identified the organic acid
compositions of various fruits in nutritional research. The HPLC method
revealed the existence of malic acid, fumaric acid, citric acid, isocitric acid,
and gallic acid in persimmon fruit. Similarly, the existence of malic acid, citric
acid, succinic acid, and oxalic acid in raspberry fruit; tartaric acid, oxalic acid,
methylmalonic acid, malic acid, and succinic acid in blackberry fruit; L-malic
acid, oxalic acid, quinic acid, and succinic acid in pineapple juice; tartaric acid,
fumaric acid, quinic acid, oxalic acid, malic acid, pyruvic acid, and citric acid
in apple juice was determined by HPLC method (Chinnici et al., 2005).

Flavanols are present in low concentrations in fruits and vegetables, and
there are common types according to their glycosylation patterns. Rutin,
fisetin, quercetin, myricetin, kaempferol, galangin, and isorhamnetin are
important flavanols in onions, leek, broccoli, and blueberry (Kopustinskiene
etal., 2020). Celery root, chamomile flowers, parsley, mint leaves, and tomato
peels have high quantities of noteworthy flavanols of apigenin, luteolin, and
chrysin (Ozcan et al., 2020). Naringenin is found in high concentrations in
citrus fruits and is the flavanone responsible for the bittersweet taste of
grapefruit (Khan & Dangles, 2014). Catechins in black and green tea leaves,
apples, and pears are antioxidant-acting flavanols. The HPLC determined the
presence of isoflavonoids in legumes such as soybeans, and they are named
phytoestrogens due to their structural similarities to estrogen (Panche et al.,
2016). Anthocyanins are water-soluble plant pigments that are rich in plants
with red and purple plants, such as strawberries, cranberries, raspberries, and
blueberries. They can be quantified using the HPLC method (Teng & Chen,
2019).

Phenolic acids are naturally present in plant-based products, vegetables,
and fruits. They are used for altering the taste and flavor of foods by changing
their colorization, odor, aroma, bitterness, and texture. The Reverse Phase
(RP) HPLC is a popular method for profiling phenolic acids. Since the
reported hepatic impairments and the alleged cancerous properties of synthetic
antioxidant substances such as BHA (Butylated Hydroxyanisole), BHT
(Butylated Hydroxytoluene), TBHQ (Tert-Butylhydroquinone), and PG
(Propyl Gallate), natural phenolic antioxidant substances are favored in the
food industry as of late. The conducted studies revealed a higher antioxidant
capacity of rosmarinic acid compared to synthetic BHT and vitamin E.
Rosmarinic acid is used for food preservation due to its antimicrobial
properties in addition to its alleged therapeutic effects against ulcer, asthma,
and cancer (Robbins & Bean, 2004; Saad et al., 2008). Gallic acid has an
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antioxidant potential close to tocopherols, and its antioxidant capacity is
higher than ascorbic acid. Gallic acid is used for food packaging against
rancidities caused by lipid peroxidation (Yen et al., 2002). Chemical
structures, solubilities, and natural sources of antioxidants are essential in
healthy nutrition (Kaur & Kapoor, 2001). A resin-like nutrient substance,
propolis, is produced by honeybees (Apis mellifera) and has very high
amounts of phenolic compounds, contributing to its potent antioxidant
properties. The HPLC method was conducted on propolis samples gathered
from different regions for characterization. Substances of phenolic acids,
esters, flavonoids, and other chemicals were isolated from different propolis
samples (Graikou et al., 2016). Mycotoxins are metabolites generated by
different molds, including the Aspergillus, Fusarium, Alternaria, and
Penicillium genera. The mycotoxin presence in foods is a serious concern for
human health and economic viability; thus, its determination is of prime
importance. Among the mycotoxins, the following are considered to be the
most profound concern for health and economy due to their excessive
contamination capabilities: aflatoxin, patulin, ochratoxin-A, fumonisin, and
(deoxy) nivalenol. The HPLC method is the most widely applied approach to
determine various toxins. The HPLC method was conducted to reveal the
presence of ochratoxin-A in packaged pones, and grain-based infant feeds
(Juan et al., 2007; Coronel et al., 2012). The most toxic of the mycotoxins,
aflatoxin, was revealed to be present in unpasteurized milk by the HPLC
method (Rodriguez et al., 2003).

Food additives have seen increased use in recent years for different
reasons e.g., prolonged shelf life, preservation of nutrient values, increasing
variety, and increasing appeal. Using HPLC, synthetic water- and fat-soluble
food additives that give out colors were investigated in a study in non-
alcoholic beverages. The presence of food dyes in fruit juices was revealed
using the HPLC method containing the UV-DAD detector. The existence of
tartrazine, known to damage the DNA structure and give yellow colorization,
was confirmed in various drinks (Ma et al., 2006; Alves et al., 2008). The
HPLC method is also the most widely used method to analyze the presence of
monosodium glutamate (MSG), which is used in bouillons and soups as aroma
enhancers (Populin et al., 2007).
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Environmental Safety Applications

The HPLC method is utilized to determine organic pollutants in cases of
environmental pollution. Due to its inherent selectivity and specificity, the
HPLC method is preferred for detecting non-volatile, heavy molecular-weight
substances and pesticides. Pesticides are severe concerns for environmental
safety and ecosystem integrity due to their long-lasting presence and easy
transmission to air, water, and soil. Pesticides are accepted as economic
poisons and classed according to their intended targets e.g., insecticides,
herbicides, rodenticides, fungicides, molluscicides, nematicides, and others.
According to their chemical structures, the following convention is used:
organophosphates, =~ N-methyl carbamates, chlorine hydrocarbons,
dithiocarbamates, organotins, arsenic, pyrethroids, phenoxy aliphatic acids,
and phenol derivatives. These toxic pesticide substances should be tested in
water sources, foods, and the environment to maintain the integrity of life
quality. A study on pesticide determination in subterranean water sources
using the HPLC method revealed the existence of nine distinct substances in
water. The isolates of atrazine and simazine herbicides were obtained from
various water samples and assessed by HPLC (Mezcua et al., 2006; Zhao et
al., 2008). Carbendazim (Methyl-2-benzimidazol carbamate) is a
benzimidazol derivative fungicide used in the cultivation of greenhouse and
ornamental plant species. Chlorpyrifos is an organophosphate derivative
pesticide used in agriculture and domestic pest control. Imizamox is an
imidazolinone derivative herbicide used to cultivate peas, soybeans, clovers,
peanuts, and corn. Due to their perceived hazardous nature to health and the
environment as pesticides, various HPLC methods were devised to analyze
them (Boudina et al., 2003; Panggabean, 2016; Torra et al., 2021).

The unresponsible use of pesticides against various pests inevitably leads
to their inclusion in the food chain and, by their reach to humans, would cause
carcinogenic effects, chromosome aberrations, and mutations. The HPLC
method was used to investigate organophosphate pesticide fenthion on
Carassius auratus (Kitamura et al., 2000). Pesticides applied by spraying
evaporate and dissipate, but specific amounts would remain on the soil and
plant surfaces. Two-dimensional mass spectrometry coupled with HPLC was
used to determine pesticide residues and metabolites on several fruits, such as
apples, cucumbers, and oranges. Pesticides in the air can recycle into the soil
by weather phenomena such as winds, fog, or rainfall. The air concentration
of a pesticide, fenhexamid, in a greenhouse for tomato cultivation was
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evaluated by HPLC with specialized sorbents and pumps (Tsiropoulos et al.,
2006).

Research on toxic and carcinogen heavy metals is of prime importance for
environmental safety concerns and assessing environmental pollution.
Spectroscopic methods can evaluate total concentrations and oxidation
determinations of heavy metals. The selectivity and specificity of HPLC can
be utilized in heavy metal investigations by using various adsorbents and ion-
exchange columns. Vanadium is present in various minerals at different
oxidation levels and is associated with environmental pollution in regions of
fuel consumption. Arsenic is greyish to yellow crystal in aquatic environments
and is both toxic and carcinogenic. The increased concentrations of arsenic in
the environment, water sources, and soil is an elevated concern for public
health. The HPLC is an effective tool for fractionating vanadium, arsenic, and
arsenic analogs (Tatar et al., 1999; Miyashita et al., 2009). Research for the
preservation of water sources is accelerating in light of increased global
warming and environmental pollution. Heavy metals such as Zn, Cu, Cd, Pb,
Cr, and Ni pose the most significant risk to aquatic environments as they
aggregate in sedimentation layers and pose health risks to humans and aquatic
life. Lately, samples from sedimentation layers of water sources, reservoirs,
and lakes have been subjected to routine analyses to eliminate chemical risks
and preserve water sources (Zemberyova et al., 2006).

Industrial Applications

Natural dyes are increasingly popular in various industrial fields e.g., textile,
cosmetics, foods, and pharmaceuticals. Coloring agents of alizarin and
purpurin are obtained from the roots of the Rubia tinctorum plant. Different
metabolites with coloring effects, such as luteolin and apigenin, are present in
walnut shells, Cyprus oak, and buckthorns. HPLC analyses revealed the
presence of gallic acid, ellagic acid derivatives, and alizarin in clothes treated
with madders. According to the results, the dyes were from the Quercus and
Rubia species of madders (Mouri & Laursen, 2012).

Surface-active agents of anionic (Dioctyl sulfosuccinate), cationic
(Quaternary ammonium ethoxylate), and non-ionic (Nonylphenol ethoxylate)
nature, which are widely used in various industrial fields, particularly in the
textile and chemistry, are analyzed by HPLC using reverse phase C-18
columns (Liwarska-Bizukojc & Bizukojc, 2005).
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Biochemical Analyses

As a preparative and analytical method, the HPLC method quickly and
effectively identifies diverse molecules of amino acids, proteins,
carbohydrates, lipids, hormones, and vitamins. The preparative aspect
indicates the purification of a sample from a complex mixture, and the
analytical aspect indicates the determination of the physical and structural
properties of the chemical compounds.

Amino acids are the foundations of proteins that constitute the organism’s
framework and are active in metabolic pathways. Electrophoretic methods can
identify amino acids by utilizing their neutral and ionic structures. The HPLC
can also be used to efficiently determine amino acids. The amino acid
compositions of Chlorella vulgaris incubated in different media were
identified using HPLC. It was revealed that higher amounts of amino acid
content, particularly arginine and glutamic acid, in nitrogen-rich media.
Arginine is a crucial amino acid as it is the precursor for nitric oxide, and
because of its anti-atherogenic properties make, it is a vasodilator agent.
Glutamic acid is considered a specialized flavorer (Xie et al., 2017).
Hemoglobin disorders are hereditary conditions caused by point mutations in
genes that alter a single amino acid in one of the globulin chains. HPLC can
precisely determine various hemoglobin fractions to identify abnormal
hemoglobin variants (Fucharoen & Winichagoon, 2002).

Proteins are the fundamental molecules in organisms that drive growth
and development. While plant organisms can synthesize their protein
requirements, animals are primarily dependent on consuming rations, plants,
and other animals to receive their essential needs. Fine-tuning animal feed
protein content for farm animals is vital to maintain their health and improve
their productivity. Unnecessary supplication of proteins in feeds would
increase the expenses. Therefore, HPLC assessment of the protein content of
feeds is becoming evident (Henderson et al., 2000).

Hormones are chemical substances with diverse regulatory roles in
physiology that are produced in different parts of the body and transported
through the blood and lymph circulation to target tissues. Numerous research
is present in the literature that use the HPLC method to quantify growth
hormone and insulin in commercial prescriptions. The HPLC method, coupled
with a UV detector, was used to analyze recombinant human growth hormone.
Investigations of bioavailability and quality control of recombinant growth
hormone were investigated in monkeys using HPLC analysis. Insulin
quantification in pharmaceutical preparations was obtained by using RP-
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HPLC. Another study evaluated the relationship between different pressure
and temperature adsorption and retention times of cattle, swine, and
recombinant human insulin hormones using the HPLC method (Szabelski et
al., 2002; Kim et al., 2005). Progesterone, a steroid hormone, prepares women
for pregnancy and is released from the ovaries each month in cycles. Also,
progesterone enhances mammary tissue development during adolescence.
HPLC analysis can determine plasma levels and concentration differences of
progesterone, which are critical for pregnancy. The progesterone and specific
metabolites having the A-ring were purified by using the HPLC method. In a
different study, progesterone and its metabolite, SB-hydroxyprogesterone,
were determined using the HPLC method (Sheehan et al., 2005).

Vitamins are essential organic compounds that are involved in various
biochemical reactions and metabolic pathways, and they can be quantified by
HPLC analysis. Pyridoxine, one of the B-complex vitamins, is vital in sodium-
potassium equilibrium, cardiovascular care, and the production of various
hormones and erythrocytes. Its deficiency is marked by metabolic disorders
associated with anorexia, fatigue, anemia, and anxiety. Thiamine (vitamin B1)
is essential in carbohydrate metabolism and the maintenance of the
skeletomuscular system. Its deficiency manifests itself with weakness,
gastrointestinal disorders, and depression. Nutritional research uses HPLC
analysis for the determination of pyridoxine and thiamine quantities.
Multivitamin supplements are subjected to HPLC analysis for pyridoxine,
thiamine, and cyanocobalamine quantification; to RP-HPLC analysis for
nicotinamide, pyridoxine, folic acid, riboflavin, and thiamine quantification
(Markopoulou et al., 2002; Holler et al., 2003). In another study, the HPLC
method was used to assess the status of vitamin C, thiamine, riboflavin, and
pyridoxine in premature babies subjected to parenteral and enteral feeding.
The HPLC-UV method determines and controls the total amount of vitamin C
in infant feeds and purees. Due to its cost-effectiveness, HPLC is preferred for
ascorbic acid and vitamin C determination in fruits and peas (Friel et al., 2001;
Fontannaz et al., 2006).

Conclusion
Metabolomics is the high-performance quantification of metabolites e.g.,

oligonucleotides, nucleosides, peptides, amines, organic acids, aldehydes,
ketones, steroids, alkaloids, and amino acids. Metabolomics is a
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multidisciplinary field that combines biology, chemistry, engineering, and
mathematics.

The HPLC enables the purification, quantification, and quality analysis of
metabolites. It is widely used in the scientific community due to its preparative
and analytical aspects, specificity, precision, and speed. Aromatic plants have
been used in alternative medicine for treatment purposes throughout history.
The determination and quantification of biologically active substances
existing in plant species are of vital importance. Again, large-scale analysis of
pharmaceuticals, biomolecules, and polymers is necessary. Investigations of
drugs and drug metabolites enable further studies in bioavailability and dosage
regimes.

HPLC in the food industry has been outstanding in determining
metabolites of carbohydrates, vitamins, additives, preservers, and toxins.
Notably, in industrial agriculture and food processing, the chemicals used to
improve the quality and prolong the shelf life pose risks to human health. Thus,
HPLC is rigorously used in the food industry to determine various compounds.

Heavy metal contamination of the environment, which is a result of
exceeding population increases and technological developments, is affecting
the biological functions of organisms. Their analysis is necessary as they
would act as toxins in the body when aggregating. Unresponsible and
unregulated use of pesticides in agriculture to attain desired final products
inevitably affects human health and environmental integrity. The HPLC
makes the extraction and determination of such metabolites with high speed
and high performance possible, and the application fields of HPLC are ever-
increasing with the development of different detectors.
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Abstract

The field of metabolomics is becoming an indispensable part of clinical
research with its potential for the discovery of biomarkers and diagnostic
molecules along with its potential for revealing concealed aspaects of
pathophysiological conditions. Basically, metabolomics aims to
objectively identify and quantify all metabolites present in a living
system at a particular state or point of time. In summary, all
metabolomics research contains steps of sample collection and
processing, detection, and analysis of raw data, and evaluation of the
results. A frame of the metabolic state of a eukaryotic living system can
be understood by using various biological samples ranging from
cerebospinal fluid to tissues to blood plasma. Each biological sample
contains a large set of endogenous compounds that are classified under
various compounds, e.g., organic acids, amino acids, peptides,
carbohydrates, etc. Both internal (gender, age, health, physiological state,
etc.) and external (diet, lifestyle, pollution, environment, etc.) stimuli
affect the metabolite composition, sometimes quite strikingly. A large
number of variables are effective in the composition of metabolites,
which requires a careful design of the research and the use of
standardized experimental procedures encompassing all the steps. There
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are conventional standardized methods for the individual identification
of particular metabolites based on their compound classes. Metabolomics
methods, however, aim to detect and profile the global metabolite context
by applying pattern recognition and profiling on complex sets of
metabolite data. Currently, there is no single approach to achieve such a
daunting task. Therefore, different analytical approaches are used
according to the intended metabolomics study. An analytical method
should be both sensitive and comprehensive to cover large data series of
metabolites in a robust and specific manner. Of the available methods,
nuclear magnetic resonance (NMR) and mass spectrometry are the best
instrumental and analytical methods frequently used for metabolomics
research. The high sensitivity and wide dynamic range provided by mass
spectrometry (MS) can be coupled with chromatography methods to
achieve large-scale analysis of metabolites from biological samples.
Mass spectrometry can be coupled with liquid chromatography (LC) for
the metabolite profiling of thermolabile or involatile compounds. The
LC-MS-based metabolomics research that wused the liquid
chromatography-mass spectrometry (LC-MS) approach was reviewed in
this chapter.

Keywords: liquid chromatography, lc, mass spectrometry, ms, metabolomics,
metabolite, spectrometry

Introduction

For the discovery of biomarkers and investigations of metabolic pathways in
various biological samples, mass spectrometry is the commonly used method
in metabolomics (Dunn et al., 2011a; Kell and Oliver, 2016). Furthermore,
mass spectrometry is a prominent tool in the field of precision medicine (Beger
et al.,, 2016). However, difficulties in associating metabolomic data with
biochemical reactions and their functional annotations are still solid
challenges (Dias et al., 2016; Viant et al., 2017). Liquid chromatography-mass
spectrometry (LC-MS) is an effective and constantly advancing analytical tool
for non-targeted metabolomics that has the capacity to analyse thousands of
compounds in a given sample (Chaleckis et al., 2018; Giera, 2018) with its
extensive coverage of metabolites and high sensitivity (Dunn et al., 2011b).
Despite these qualities, LC-MS requires to be supported with tandem mass
spectrometry (MS/MS) spectra to increase the validity of identifications due
to the presence of metabolites with similar molecular characteristics in a given
pool of metabolites and the possibility of co-elution of metabolites during the
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separation (Chaleckis et al., 2018; Giera, 2018). Therefore, the metabolite
confirmation requires the use of spectral databases to compare. While
databases containing and dedicated to molecular spectra are increasing in
number and improving in quality, precise identification and validation of
metabolites still need comprehensive tools that can be used by researchers to
confidently validate their findings. To better introduce this concept, it would
be beneficial to discuss the AIF (all-ion fragmentation) technique that is part
of the LC-MS procedure, which uses low-energy CID (collision-induced
dissociation) to detect mass spectra for precursor ions, while high-energy CID
is used for MS/MS to detect the actual product by ion contrasting (Plumb et
al., 2006). Following the ion contrasting, the analysis then commences with
extracted ion chromatograms (EIC) that would reveal the target ions from low
and high-energy spectra. Once the target ion was revealed from the EIC, it
would be used for relative quantification of the target metabolite.
Subsequently, other ions extracted from the same compound can be utilized
as qualifiers. This particular technique has its own dedicated database based
on established analytical standards and enables the spectral fragmentation of
the data extensively, which can be clarified and validated by using MS/MS
spectra from databases (Chaleckis et al., 2018; Giera, 2018; Naz et al., 2017).

LC-Based Metabolomics Studies

Non-targeted metabolomics studies for profiling that use LC-MS
methodology frequently employ MS systems of triple quadrupole (QqQ),
Time-of-Flight (TOF), quadrupole time-of-flight (Q-TOF), and Orbitrap.
TOF-MS is generally used in cases where capillary electrophoresis (CE) was
used due to its fast-scanning properties. QqQ-MS is considered an appropriate
MS system for targeted metabolite profiling in tandem mode of operation due
to its extensive dynamic range, which makes it powerful for quantitative
analysis (Hyotylainen and Wiedmer, 2013; Poho and Hyotylainen, 2013).
Metabolite identification by LC-MS and CE-MS requires precise
measurements for the determination of elemental and molecular properties
that are necessary for validation. Nevertheless, just a single metabolite can
provide multiple detection peaks in both LC-MS and CE-MS due to the
existence of isotopes or fragment deviations. This requires the ion annotation
of detected metabolites to associate related ions with their parent metabolites,
and for this purpose, spectral libraries are present in metabolomics databases
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(Horai et al., 2010; Hyotylainen and Wiedmer, 2013; Poho and Hyotylainen,
2013; Wishart et al., 2009).

Liquid chromatography is also used by itself as conventional high-
performance (HPLC) and ultra-high-pressure (UHPLC) and as newer
supercritical fluid chromatography (SFC) methods with variable selectivity
for separation (3 to 5 ym for HPLC, less than 2 um for UHPLC). Again, both
miniaturized and capillary LC systems are existing. Mass spectrometry can be
used by itself, resulting in significantly reduced analytical prowess and
complexity, yet such an approach is quite disadvantageous for complex
matrices, where ion suppression and ion enhancement would distort the
profiles. Consequently, with such distorted profiles, it would be almost
impossible to distinguish isobaric and isomeric metabolites. LC integration to
MS effectively eliminates ion-based distortions and enables the individual
identification of isobaric and isomeric structures. While it is apparent in the
scientific community that the major desire is the analysis of the maximum
number of compounds as quickly as possible and obtain comprehensive
results, the practical experience suggests otherwise to obtain detailed,
validated, and comprehensive profiles, which can be acquired by longer run
times (10 to 20 minutes on average) and higher resolutions in chromatography.
To achieve the most comprehensive and detailed profile that is possible,
emphasis should be placed on resolution and run times, which significantly
limit the possible number of outcomes. Overall, a generalized approach for
global metabolite profiling can be utilized with a balance of resolution and run
times (Naz et al., 2017; Theodoridis et al., 2013), while highly detailed
profiling requires the maximum possible chromatographic resolution, such as
capillary LC and longer run times (Theodoridis et al., 2013).

For the determination, identification, and characterization of very small
organic molecules present in biological samples, mass spectrometry was
integrated into the UPLC method, and this approach provided striking
efficiency with very high levels of resolution, speed, and sensitivity (Li et al.,
2013; Qi et al., 2014; Raftery, 2014). UPLC is already a well-known method
for the efficient separation of less than 2 um small particles under very high
pressure (12k to 15k PSI) (MacNair et al., 1997). By combining UPLC with
Q-TOF-MS, researchers achieved a much larger dynamic range of detection
for non-targeted profiling coupled with enhanced selectivity and potential for
identification. Integration of ESI (electrospray ionization) into UPLC-MS,
thus forming UPLC-ESI-Q-TOF-MS, is today regarded the most advanced
analytical tool of metabolomics research for global metabolite profiling in
high-complexity biological systems (Qi et al., 2014; Raftery, 2014).
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MS-Based Metabolomics Studies

Today, LC-MS is the most frequently used analytical model method for
metabolomics studies. However, LC-MS has its downfalls, despite its frequent
use, which requires alternative approaches to overcome the inherent
limitations of MS systems. The first of these limitations are the distorted
ionization efficiency that is the result of variations in compound structures. It
is known that the ionization efficiency is quite variable between even
structurally similar compounds. To cover the entire metabolome and for global
metabolite profiling, the dual operation of the ESI with positive and negative
modes in LC-MS has seen increased usage. For the specified detection of
apolar substances in a metabolite pool, the APCI (Atmospheric Pressure
Chemical lonization) method was proposed as advantageous but was not
received little use in metabolite profiling. High-resolution LC like UHPLC is
quite suitable for coupled with TOF-MS due to its analytical qualities of higher
sensitivity and accuracy that are complementary to narrow chromatic peaks
obtained from UHPLC. Overall, UHPLC-TOF-MS provided fast, sensitive,
and accurate analysis of metabolites for profiling. TOF-MS systems can be
combined with ion traps for metabolomics research such as IT-TOF-MS
(Loftus et al., 2008; Theodoridis et al., 2013) and QTRAP (Gika et al., 2007;
Gika et al., 2010; Theodoridis et al., 2013). Advanced systems of Fourier
Transform-Ion Cyclotron (FT-ICR) MS and Orbitrap MS can be utilized for
much higher resolution and mass accuracy, which can lead to highly detailed
and comprehensive metabolite profiling (Forcisi et al., 2013; Zhang et al.,
2012). Of particular note are the difficulties in data comparisons and data
contrasting when different MS systems were used, even for the same sample.
Indeed, metabolite profiles obtained from the same samples using LC-Q-TOF-
MS and LC-QTRAP-MS provided significantly different results that proved
to be quite difficult to compare. Therefore, MS system-specific multivariate
statistical analysis algorithms (such as Principal Component Analysis) are
necessary to enable comparisons and contrasting of data obtained by using
different MS systems (Theodoridis et al., 2013; Zhang et al., 2012).
Metabolomics research that used MS systems was most apparent in
investigations of drug and toxin effects on metabolism, identification of
metabolic pathways, metabolic fluctuation measurements, and the metabolic
layering of different diseases. The impact of MS-based metabolomics and the
successes of MS systems were highlighted in various cancer types (breast
cancer, colorectal cancer, prostate cancer, and gastric cancer), in congenital
metabolic disorders, in chronic and complex diseases, and in evaluations of
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nutrients and toxins in a living system (Gowda and Djukovich, 2014; Raftery,
2014; Wishart et al., 2009).

Conclusion

Without a doubt, metabolomics has the potential to be an indispensable tool
in medicine and biotechnology. By deciphering metabolite profiles from
diverse populations of humans and thus revealing metabolic phenotypes,
which are termed as metabotypes, metabolomics would contribute greatly to
the development of personalized medicine and personalized pharmaceutical
agents. Nevertheless, at this stage, this remains a possibility and requires
further advancements in analytical systems and data processing tools. While
rigorous and time-consuming, the LC-MS methodology for metabolite
profiling and its use in metabolomics are widely and frequently applied in
different research frameworks. Different analysis systems are developed to
overcome the inherent difficulties in MS systems, but the identification and
validation of biomarkers are still challenges to overcome, which necessitate
novel protocols and algorithms for the identification and validation of
important biomarkers that might be used in clinical practice.
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Abstract

All biochemical elements that are part of the metabolism are represented
in their entirety as the metabolome. It enables researchers to link the
phenotype to the function provided as a whole from the genome and
environmental variables. Cellular investigations of different components,
e.g., DNA, mRNA, proteins, and their interactions, are now largely
complemented with metabolomic research for revealing the function and
interactions of individual metabolites. Different repositories for various
molecules and molecular pathways are present for researchers. The
metabolism itself is a vast network of intricate biochemical interactions,
and mathematical models are required for a detailed analysis of particular
pathways. Such a complex network of interactions can be better assessed
using computational algorithms employing precise mathematical models.
Metabolomics is already a noteworthy field in discovering novel
therapeutic agents. In response to the increased demand for
metabolomics research in various fields, different in silico tools were
developed for the integrative analysis of metabolic systems, which have
their own algorithms and pipelines for data simulation and evaluation.
Some of the noteworthy metabolomic databases and associated software
are introduced in this chapter.
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Introduction

Multi-cellular organisms are part of an intricate network of numerous
mechanisms that made their phenotype differences the results of integrative
outcomes from all levels of the biochemical structure instead of relegating it
to a change of expression in a single or group of genes. Metabolism itself has
a strict regulatory mechanism in its functioning, which eliminates the
possibility of a linear correlation between gene expression and metabolic
changes. Therefore, there are intertwining pathways with their cascades to
form the complexity of the mechanism, which requires the precise
understanding of the form and function of individual pathways (Knapp and
Cabrera, 2011; Wiwanikit, 2011).

Identification and quantification of the entire metabolite inventory are the
primary aims of metabolome analysis, which used one of two analytical
approaches for this purpose (Villas-Boas et al., 2005). Different platforms for
detection seek to profile metabolites for qualitative classification (Villas-Boas
et al., 2005) by directly employing mass spectrophotometry or nuclear
magnetic resonance methods or coupling them with a suitable separation
method that includes capillary electrophoresis (CE) and liquid or gas
chromatographies (Nielsen and Jewett, 2007). Metabolite profiling is
supportive in functional genomics by linking metabolites to gene expressions
(Fiehn 2001; Trethewey 2001).

Metabolomic Data Mining

It is evident that there is a gradual transition to quantitative approaches in
integrative research, as seen from the ever-increasing amounts of data sets
accumulated from different branches of the omics. Metabolite profiling is a
pronounced method in systems biology with constantly advancing approaches
for the determination and quantification of countless amounts of metabolites,
which recently started to be reposited in developing databases. Despite the
major efforts, only a fraction of the possible metabolites is known, while they
remain unknown at large. However, advancements in analytical tools for
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metabolite detection are ongoing. Strategies and applications employed to
extract meaningful data from a huge pool of raw data define data mining. Data
mining is evident in metabolite profiling, which is the main theme of both
metabolomics and metabonomics. Metabolite profiling seeks to identify and
quantify metabolites from biological specimens by interpreting untargeted
measurement data into meaningful associations. Both unsupervised and
supervised statistical methods can be used to reveal potentially significant
biomarkers from large data sets, and initial sets of revealed metabolites can be
used to establish frameworks for newer research (Nordstrom, 2008). However,
the obtained results should be evaluated based on different variable values to
determine the significance of the extracted results. Various variables that
should be considered include the statistical distribution of results,
concentrations, amount folds, and significance results of applied tests (e.g., p-
value, score value, and loading value). These variables would lead to the
formation of relationship networks and clustural heat maps, which are used for
data mining approaches (Nordstrom, 2008).

Metabolomic Databases

In their raw form, the data obtained from the omics, which usually indicates
changes in metabolite pools, require standardized formatting for
computational analysis and for being represented in databases. More than one
analytical method is used in metabolomics to cover all aspects of metabolites
resulting from different layers of metabolism, which lead to the emergence of
methodology-based databases for metabolomics data. A particular database
designed for the GC-TOF-MS methodology to detail metabolic fingerprints
and profiles can be considered a model for metabolic database designing and
modeling (Hummel et al., 2007). Comprehensive analysis of all existing
databases is not the aim here, but a generalized overview of the current state
by using a database provided by the Metabolomics Society (http://www.
metabolomicssociety.org/) was intended.

Databases are integral parts of the data mining procedure, and databases
in the field of metabolomics belong to one of five different classes of
databases. In summary, these classes are (1) databases for detailed raw and
meta-data for metabolites; (2) databases for species-specific metabolite data;
(3) databases for metabolite data representing different physiological
conditions from different species; (4) repositories of all known metabolomes
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of different species; and (5) databases that contain fact sheets and current
understandings about the metabolomics (Mendes, 2002).

The very first use of a database would be the identification of an unknown
metabolite after the initial detection. Currently, there are more than 100
different databases for the coverage of metabolic pathways. Some databases
are specialized in mass spectrometry data, such as molecular weight and exact
mass values, which enable comparisons of obtained data. Notable examples
of such databases are METLIN; KEGG; ChemDB; ZINC; PubChem;
ChemBank; and KNApSAcK (Smith et al., 2005; Kanehisa et al., 2002; Chen
et al., 2005; Irwin and Shoichet, 2005; Wheeler et al., 2006; Strausberg and
Schreiber, 2003; Shinbo et al., 2006). Among the present databases, KEGG,
BRENDA, and BioCyc (Kanehisa 1997, 2006; Kanehisa and Goto 2000;
Schomburg et al., 2002; Karp et al., 2005; Krummenacker et al., 2005; Keseler
et al., 2005; Zhang et al., 2005) are known to be the most frequently used
databases for metabolite information (Bader et al., 2006). Once the
identification of a metabolite is established, existing servers such as KEGG,
BRENDA, or BioCyc can be used to establish connections between the
metabolite and gene expression or protein structure. Particularly, the
BRENDA database can be utilized to establish crosslinks between metabolites
and enzymes, which is based on the internationally recognized standards put
forward by the TUPAC and the TUBMB (the International Union of
Biochemistry and Molecular Biology). Previously documented experimental
results can be directly used for data evaluations by using databases of classes
1, 2, and 3 as they mainly focus on raw and meta-data aspects. Therefore,
scientifically acceptable and internationally recognized standards for data
reporting that can be used universally at different levels of research are a
significant requirement. Similar standards are already facilitated by existing
databases for microarray analysis seen in MIAME and ARRAY EXPRESS
(Brazma et al., 2001; Brazma et al., 2003); for gene expression profiles seen
in GEO (Wheeler et al., 2006).

A tool called MSFACTS can be used for the spectral formatting,
alignment, and conversion of metabolites for metabolite profiling (Duran et
al., 2003; Wiwanikit, 2011). HybGFS is a hybrid method for metabolite
identification, which combines sequence-based genomic information with
elution time values from liquid chromatography that ultimately enables
peptide mapping without needing coding sequence information (Shinoda et
al., 2006). As of writing, the most complete and integrative database for
metabolism and metabolites is the Human Metabolome Database (HMDB),
which includes the known metabolome of humans in its entirety (Lange and
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Ghassemian, 2005; Wishart et al., 2007). Again, another database with an
integrative structure is aMAZE which includes gene expression, chemical
reactions, assembly information, interactions, and pathway relations, which
can be used in studies by using the web-based aMAZE LightBench interface
(http://www.amaze.ulb.ac.be/) (Lemer et al., 2004). For the search and
analysis of metabolic pathways, BioSilico can be used as a web-based
database (Hou et al., 2004). Some databases enable researchers to retrieve data
in a more comprehensive way by establishing systematic approaches such as
LIGAND, ENZYME, EcoCyc, and MetaCyc (Hou et al., 2004). Among these,
EcoCyc is a species-specific database for Escherichia coli by including all
species-specific metabolic and signal-transduction pathways (Karp et al.,
1996; 1997; 1999). On the other hand, MetaCyc is intended to be an
encyclopedia of metabolites as a complete reference for metabolism, which
collects and dissects experimental data reported (Caspi et al., 2006; Zhang et
al., 2005). For the purposes of retrieving metabolomic information already
present in other databases and building a pathway from retrieved integrals of
the metabolism, a tool called PathAligner can be used (Chen and Hofestaedt,
2004). A web-based platform known as the Patikaweb can be used for
retrieving and analyzing metabolic pathways that are located in the Patika
database, which derives its data from other databases (Dogrusoz et al., 2006).
As a publicly accessible database for metabolomics data, the Golm
Metabolome Database (GMD) aims to be a complete database for researchers
by including custom libraries for mass spectrometry, metabolite profiling
protocols, and relevant information about metabolites coupled with tools that
can be used for metabolomics research (Zhang et al., 2005; Kopka et al.,
2005). For the visualization of metabolomic pathways, several tools can be
used. Among these, PathFinder enables the interactive visualization of
metabolomic pathways, which creates dynamic pathways from annotation
data (Goesmann et al., 2002). For a genome-wide representation of metabolic
pathways with pathway branchings, MetaViz can be used (Bourqui et al.,
2007). A MATLAB package called the FluxAnalyzer can be utilized for
analyzing metabolic fluxes from metabolic pathways (Klamt et al., 2003). For
the publication of pathways, 3D illustrations of pathways can be designed
using the ePath3D tool (Wiwanikit, 2011).
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The Metabolite Profiling

Databases dedicated to non-targeted metabolite profiling that can be used for
identifying low molecular weight compounds from biological specimens
based on GC-MS methodology are present and widely used, such as the
metabolite profiles from the Fiehn laboratory based on the BinBase tool (Fiehn
et al., 2005), and the GMD with its custom libraries (Kopka et al., 2005;
Schauer et al., 2005). METLIN and KNApSAcK databases are similarly
designed for other high-resolution methods of Fourier Transform Mass
Spectrometry, Tandem Mass Spectrometry, and LC/MS (Smith et al., 2005;
Shinbo et al., 2006). For NMR methodology, the COMET database from the
Consortium for Metabonomic Toxicology can be used (Lindon et al., 2005).
In recent years, the Taverna system was postulated as a bioinformatics
intermediary of abridging workflows for information interchangeability
between different platforms (Oinn et al., 2004). There are increasing numbers
of available analysis tools and databases for scientists to use, which require
them to carefully analyze their research framework and integrate them into a
pipeline accordingly for a desired result. Web frameworks for integrating
diverse computational tools and repositories of different databases into a
seamless interface are in development, and one of them is the standard called
Resource Description Framework (RDF) (Stein 2002; Booth et al., 2003).
Other than such unifying frameworks, there are other frameworks that create
layered structures known as abstraction layers, which actually hide the
structure and formats being used under the layer as seen in BioMOBY and
BioMart systems (Wilkinson and Links 2002; Durinck et al., 2005). Despite
the prospective nature of such unifying frameworks, they are currently limited
in functions such as ontological gene annotations.

Conclusion

The data mining protocol being applied depends on the context of the
metabolomics or metabonomics research since the metabolites are the bottom
lines for any research to be conducted. In their bare forms, databases, and data
repositories are invaluable for their systematic representation of large data sets
inherently heterogeneous in nature. With the advancements of machine
learning algorithms and artificial intelligence-based systems, databases will
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certainly be critical components for applied bioinformatics that focus on
biomarker identifications and metabolomic pathway modeling.
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Abstract

Metabolomics is a field of omics that developed after genomics,
transcriptomics, and proteomics as an important study area of systems
biology. Metabolomic studies have gained an important place in various
research areas, especially in the early diagnosis and treatment of diseases.
For this purpose, metabolites are identified through software databanks
using various separation and detection methods. Thanks to the
development of software and computer and analytical device technology,
new ones are added to what we know about the metabolome and
metabolites every day. This chapter aims to guide researchers in a
sequential manner on the past, present, and future goals of metabolomics
studies.
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Introduction

The “Human Genome Project” revealed the entire map of the human genome,
enabling the investigation of the links of diseases with genome sequences
(Bentley 2000). With the end of this project, the “post-genomic era” has
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begun, and a new era has begun that examines the transcription and translation
of genes, genome-proteome, and genome-metabolome relationships
(Trifonova et al., 2013).

Low molecular weight chemical compounds (small particles) are formed
in the cell as a result of enzymatic reactions. The chemical compounds formed
are called metabolites. Together with these small particles and their
connections in an organic framework, it is called the metabolome.
Metabolomics, on the other hand, is the broad study of small particles
(metabolites) in cells, biological fluids, tissues, or living organisms (Kogak et
al., 2020). Metabolomics deals with the global assessment of metabolites
present in a biological system to evaluate the development of disease, select
potential biomarkers, and provide information about its pathophysiology
(Tolstikov et al., 2020; Zhang et al., 2015). Metabolomics is a powerful
technique that involves establishing links between phenotype and metabolic
signature and elucidating associated metabolic pathways to improve diagnosis
and treatment (Zhang et al., 2015; Ziarek et al., 2018). Metabolomic studies
include identifying the metabolites in the cell, determining their amounts and
comparing them with each other over the variables determined within the
scope of the study (Ziarek et al., 2018).

Metabolomics for Biomarker Discovery

Metabolites are synthesized in living forms (endogenous) or imported from
outside (exogenous) (Trifonova et al., 2013). Metabolites are not like DNA or
proteins. Metabolites are not similar to each other in terms of their chemical
structures and physical properties (Kaplan et al., 2020). The only common
feature of the metabolites is that their molecular mass is less than 1.5 kDa and
they are organic compounds (Kogak et al., 2020). Oligonucleotides, sugars,
nucleosides, organic acids, amino acids, lipids, and peptides are metabolites.
Metabolites are indicators of functional information about the cell and its
intercellular relationships. As a result of this information, it defines the
phenotype of the cell or tissue. The phenotype emerges as a combination of
environmental conditions and genetic characteristics. Although genetic
features are dominant in the phenotype, environmental factors can affect the
one-to-one compatibility between genotype and phenotype. Metabolite levels
reflect this compliance. The transcriptome, proteome, and metabolome are
indicative of the physiological, developmental, and pathological
characteristics of the living form and show variability. However, although
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there is a direct relationship between mRNA and proteins, this relationship
does not exist between metabolites and genes (Kaplan & Celebier, 2020;
Solmaz et al., 2022). The high diversity of metabolites makes the analysis of
metabolites very difficult due to the difference in their chemical structures.

Metabolite analyzes have been performed for a long time for diagnostic
and therapeutic purposes. The analysis of intracellular metabolites illuminates
the mechanisms of action of various diseases at the molecular level. The
number of studies that find biomarkers at the metabolome level related to
disease processes is increasing rapidly (Becker, et al., 2012; Zhou, et al.,
2012). In clinical metabolomics studies, the goal is to identify metabolites that
can be used as biomarkers (Kaplan & Celebier, 2020; Zhang, et al., 2015).

The determination of biomarkers of preclinical disease will be very
important for the development of disease-modifying and preventive treatment
methods. Early diagnosis is very important for successful treatment and
effective treatment management (Zhang et al., 2015). With the development
of advanced technologies, the discovery of biomarkers has become the subject
of many studies (Yoshida et al., 2012; Zhang et al., 2012). Metabolite changes
are indicative of variations in the pathophysiology of diseases (Zhang et al.,
2015).

Metabolomic studies can be divided into two main topics:

1. Targeted studies 2. Untargeted studies (metabolite profile)

Targeted studies are utilized for the absolute detection of currently
focused metabolites. Metabolite profiling is used to determine the relative
amount of metabolites affected by environmental conditions (age, nutrition,
diseases, etc.) (Kaplan et al., 2020).

Historical Process of Metabolomic Studies

Although omic sciences are new fields of study, their history essentially dates
back to ancient times. The origin of metabolomic studies also goes back to
Antiquity. Between 1500 and 2000 BC, traditional Chinese physicians used
ants as an indicator of diabetes to determine whether urine contains high doses
of glucose. A similar practice has been observed in Ayurvedic medicine. It
was stated that the urine of some people attracts insects and flies, and the taste
of the urine is sweet and may be associated with some diseases. In principle,
this application is a bodily fluid scan. Diabetes was mentioned in the Egyptian
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papyrus in 1552 BC, and the diagnosis was made based on a clinical symptom
such as polyuria. In the late 1940s, the issue of normality in alcoholics and
schizophrenic patients was investigated, and individual changes in body fluids
and pathological conditions were examined. In the 1960s, when technological
progress began, inborn errors of metabolism were studied in the clinic. In
1978, various techniques were discussed for obtaining quantitative metabolic
profiles of volatile components of organic acids in human biological fluids.
For this purpose, the use of gas chromatography/mass spectrometry/computer
systems was emphasized (Van der Greef, & Smilde, 2005). In 1984, Games et
al., identified the main components of black pepper and red pepper oil resins
using a combination of high-performance ‘liquid chromatography and mass
spectrometry’ (LC-MS) (Games et al.,1984). By the 1900s, ‘capillary
electrophoresis’ research began (Kogak et al., 2020; Plumb et al., 2004). In the
early 2000s, a brand new HPLC system with leading technology was designed
and involved in studies such as ultra high-performance liquid chromatography
(UPLC) (Nenni et al., 2022). In 2005, the first studies began for the Human
Metabolome Project. The main objectives of this project were specified in 4
titles. These are:

a) Diagnosis and treatment of diseases, establishing a relationship
between the metabolome and the disease in response to treatment
through metabolic pathways,

b) Evaluation of drug metabolism and toxicology,

c) Establishing a link between human metabolism and the genome,

d) Development of a software program (Wishart et al., 2018).

Metabolomics Applications Today

Metabolomics is a powerful tool in the comprehensive and large-scale
investigation of biomarkers. The metabolome contains more than 15,000
endogenous metabolites associated with diseases. Although there is no
technique capable of examining the metabolome by injection, metabolomics
research techniques for sample preparation and analysis, interpretation of
results, and databases are constantly evolving (Solmaz et al., 2022).

The Human Metabolome Database (HMDB, www.hmdb.ca) is a database
containing human metabolites and their biological roles, physiological
properties, relationships with diseases, and chemical reactions of metabolites.
In addition, this database contains comprehensive information on metabolic
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pathways, single nucleotide polymorphisms, and the effects of drugs on
metabolites and their interactions. In HMDM, the number of metabolites has
been expanded from 6408 to 114.100 (HMDB, 2022). This database has now
become an important resource for human metabolomics studies (Solmaz et al.,
2022).

Metabolomics is a multidisciplinary science in which biology, chemistry,
and mathematics are combined by combining various analytical techniques
with multivariate data analysis methods (Gu et al., 2011; Madsen et al., 2010).
The separation of metabolites is done by gas and liquid chromatography and
capillary electrophoresis methods, and the analysis of metabolites is done
using mass spectroscopy and nuclear magnetic resonance spectroscopy (Patti
etal., 2012).

Metabolite Separation Techniques

Gas Chromatography

Gas chromatography (GC) is one of the frequently used techniques in
metabolomics studies. It provides the separation of volatile metabolites.
However, derivatization is needed for most non-volatile biomolecules. It is
used in combination with mass spectrometry. The most important advantage
of this method is that it can be repeated (Haggarty & Burgess, 2017).

Liquid Chromatography

High performance liquid chromatography (HPLC) is one of the most dominant
methods. In the early 2000s, a new HPLC system was designed with advanced
technology. This system was called ultra high-performance liquid
chromatography (UPLC) (Nenni et al., 2022). The HPLC method allows the
separation of more metabolites than GC (Lei et al., 2011; Ramautar et al.,
2009).

Capillary Electrophoresis

Capillary electrophoresis (CE) is a method that requires the application of high
voltage to produce the electrophoretic flux of different ionic species in a
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narrow diameter capillary (Kawai 2021; Kostal et al., 2008). With the capillary
electrophoresis (CE) technique, especially charged molecules are separated. It
allows the analysis of more metabolites than LC and GC. Low sensitivity and
reliability are among their disadvantages (Lei et al., 2011).

Metabolite Detection Methods
Mass Spectrometry

Mass spectrometry-based metabolomic analyzes allow the properties of
thousands of metabolites to be detected and quantified simultaneously. MS
analysis facilitates the obtaining of original results thanks to its high
discrimination power. Therefore, it has an indispensable area of use in
metabolomics studies. The only disadvantage of its routine use in
metabolomic studies is its high cost (Alseekh et al., 2021; Han et al., 2008).

Nuclear Magnetic Resonance Spectroscopy

Nuclear Magnetic Resonance (NMR) spectroscopy techniques typically allow
the observation of relatively fast-rolling species in an isotropic environment
(Ramautar et al., 2009). It has been widely applied to many different types of
samples for cell-based studies. NMR is one of the methods in which
metabolomic studies can be performed without the need to separate
metabolites. It can analyze multiple metabolites simultaneously. Thanks to its
large number of databases, it is on the way to a universal metabolite detector
(Beltran et al., 2012). It has advantages, especially in clinical studies.
Visualizing post-translational —modifications of protein structures,
conformations, and interaction sites at the atomic level forms the basis for the
development of new therapeutics in diseases (Ramautar et al., 2009).

Software and Database Support in Metabolomics Studies
The data obtained from the techniques used for metabolite profiling studies

need to be processed by a computer. This process prevents wasted time and
possible errors. Various software is available for this purpose. Some of this
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software are: BioSpider, Colmar, FiD (Fragment iDentificator)) HORA
(Human blOod Range vAlidator), MeltDB, MetaboloAnalyst, MetaboMiner,
OpenMS, SetupX, and XCMS. Examination of the mass values of metabolites
and their degradation products, the need to access data on the physical and
chemical properties, clinical information, and pathways associated with each
identified metabolite has increased the need for databases (Tsoka & Ouzounis,
2003). HMDB (Human Metabolome Database), Metlin, MMCD (Madison
Metabolomics Consortium Database), Fiechn GC-MS Database, BML-NMR
(Birmingham Metabolite Library Nuclear Magnetic Resonance database),
Golm Metabolome Database, PubChem ChEBI ChemSpider, DrugBank
PharmGKB STITCH databases are used according to different needs
(Hastings et al., 2013; Knox et al., 2011; Kopka et al., 2005; Kuhn et al., 2010;
Smith et al., 2005; Wang et al., 2012; Wishart et al., 2013; Zhu et al., 2010;).

Future Perspective

As one of the important members of systems biology, metabolomics provides
“functional” information among omic studies and represents the final omics
level (Ren et al., 2018). Metabolomics is a growing and rapidly evolving field
for understanding cellular processes at the metabolome level. Metabolomics
plays an important role in pathophysiological studies. Metabolomic studies in
the fields of cancer (Araujo et al., 2020; Pandey et al., 2017), diabetes (Arneth
etal., 2019), toxicology (Pohanka, 2020), and nutrition (Di Renzo et al., 2019)
are among these studies. The use of metabolomics in clinical studies has
focused on discovering new biomarkers to detect the initial stage of any
disease, determine treatment and drug efficacy, and evaluate drug toxicity.
With the rapid progress in the field of health and technology and the ease of
access to information, personalized approaches are being developed in the
diagnosis of diseases and in the illumination of the treatment mechanisms. For
these reasons, the importance of metabolic profiling has increased
tremendously.

In the future, in order to expand the scope of metabolites and improve data
quality, it is necessary to develop new technologies with higher resolution,
selectivity and flexibility, and lower detection limits, where more sensitive
and sensitive measurements can be made (Ren et al.,, 2018). Mass
spectrometry-based studies are particularly promising in metabolomic studies.
More exciting technologies are expected in the near future.
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Conclusion

As a result, metabolomic studies, personalized medicine applications, disease
diagnosis, and process review, clinical studies on diet, drug research, etc., find
their place in many fields. In the near future, a scientific infrastructure will be
established that will enable people to access instantaneous information about
their health status at the metabolome level with routine blood tests that can be
applied to a drop of the blood sample. Thanks to the advance in analytical
device technology with the developing software and computer technology,
new ones are added to our knowledge about the metabolome and metabolites
every day. With the developments in metabolomic studies, living metabolism
is better understood every day.
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Abstract

Traumatic brain injury (TBI) is an important pathology that can cause
severe disability and unexpected sudden death. In the pathogenesis of
TBI, many biochemical reactions develop at the cellular level and these
mechanisms can cause significant changes in some of the body’s
metabolites. Clinical, radiological, and biochemical data are used in the
evaluation of traumatic brain injuries due to the complex physiology of
the brain. For the classification of trauma, clinicians often use the
Glasgow Coma Scale (GCS). In addition, radiologically taken MR
Spectroscopy evaluations and biochemical markers made from samples
such as blood and cerebrospinal fluid provide enlightening information
about TBI. Metabolomics can be biochemically detected in body fluids
such as blood, cerebrospinal fluid, etc., in sudden traumatic brain injury
and can give important information about the course of the disease and
the severity of the trauma and the mortality and morbidity of the patient.

Keywords: Metabolomics, traumatic brain injury, head trauma

Introduction

Traumatic brain injury (TBI) is linked to long-term neurological and mental
weakness due to abnormal external mechanical forces. It is an important health
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problem that requires hospitalization and prolonged intensive care. TBI can
occur among people of all ages and different economic stages and can cause
decisively large monetary and social impacts decisively in the public sphere.
Due to the complex structure and multifunctional design of the human brain,
head injuries can cause very different neurological and systemic pathologies
depending on the severity of the impact. The number of head injuries that do
not require surgical intervention but cause significant neurological sequelae
has increased significantly today showing the importance of this issue. Timely
and carefull intervention of these problems, which may arise at unexpected
times in every moment of life, can increase the success of the treatment
procedures. Secondary injury after a primary head injury is monitored after
metabolic changes and causes high morbidity and mortality. The main goal of
current medical treatment is to prevent the further progression of the existing
pathological condition and to take measures to prevent the development of
new undesirable physiopathological changes, that may cause the worsening of
the patient’s neurological condition (Banoei et al., 2018).

TBI may be classified according to severity (mild, moderate, and severe),
physiological alterations after trauma (primary and secondary damage), and
structural changes (focal or global) for better identification. To classify the
severity of TBI, clinicians most commonly use the Glasgow Coma Scale
(GCS), which is based on simple and non-specific clinical measurements and
allows for the use of an internationally common language (Cook, 2021).

Brain tissue makes up approximately 2% of the body, it takes up 15% of
the global cardiac output and takes 20% oxygen and 25% glucose. The only
fuel for the healthy maintenance of brain metabolism, which has high energy
requirements, is glucose, which has very limited storage in brain tissue. 60%
of the energy produced is used for cellular activities, while 40% is used for
homeostasis. Under normal conditions, oxidative phosphorylation is used for
energy supply in the brain. In the absence of oxygen (hypoxia, hypoperfusion),
the anaerobic respiratory system is immediately activated (Magistretti &
Allaman, 2015).

The first mechanism that occurs after TBI is tissue destruction and
disruption of the blood flow. This situation reduces ATP production and then
creates an ischemic area that depletes energy stores. The non-oxidative
phosphorylation step is immediately activated. After the energy decreases,
excessive release of excitatory neurotransmitters (N-methyl D-aspartate,
Glutamate, Aspartate, etc.) occurs. As a result of this oscillation, terminal
membrane depolarization occurs in neurons. Therefore, intracellular sodium-
calcium balance is disturbed, and an enhancement in free radicals and fatty
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acids and deterioration in cell homeostasis are observed. The basis of
mechanism of cytotoxic edema formation is based on it. Free oxygen radicals
in the cell also destroy the blood-brain barrier (BBB) and form the metabolic
basis of the mechanism of vasogenic edema. Secondary brain injury includes
many different factors. Also, changing brain blood flow, cell death after
membrane depolarization, hypoxia, and cytotoxic and vasogenic brain edema.
Clinicians often want to prevent secondary damage initially. To minimize the
irreversible damage, improving the regeneration period is of great importance
in treatment. Hypoxic ischemia is the main factor of secondary injury after
TBI. Hypoxic ischemia exerts intense pressure on the cell. ATP deficiency
occurs in brain tissue with a high need for oxidative phosphorylation.
Disruptions in the cell membrane ion channels cause a disturbance in the
intracellular ion and water balance. After cytotoxic edema, intracellular
stimulating amino acids accumulate. As a result of activating the receptors of
these amino acids, sodium membrane channels are opened, and there is an
intense flow of sodium to the cell. The increase in sodium causes cell
depolarization. Hence the increased cell density, an increase in intracellular
fluid develops under the influence of oncotic pressure, and the amount of
cerebral edema increases. In normal brain tissue, there are stimulating and
suppressing agents and receptors in signal transduction. Due to tissue damage
and overstimulation after TBI, excitatory agents such as glutamate and
aspartate are increasingly released directly from these astrocytes and
presynaptic neurons (Dem, 2020).

When all molecular mechanisms of TBI can be adequately elucidated,
more effective and targeted therapies can be easily developed, reducing the
length of hospitalization and intensive care unit stay due to TBI and the
associated mortality rates. Molecular activities such as neuroinflammation,
tauopathy, BBB disorders, and brain edema are the mechanisms that occur
after acute TBI. Either way, the full understanding of the molecular
mechanisms of acute TB is currently limited. Today’s technologies do not
allow for a complete and powerful elucidation of molecular mechanisms and
post-traumatic changes in the brain. In addition to the complex respondents of
brain tissue to trauma, new biomarkers have been needed to guide us on the
physiopathological processes in body fluids. The great efforts of scientists
worldwide are focused on the molecular mechanisms that are moving towards
ideal and timely intervention in head injuries and discovering recovery
strategies. Medical diagnosis of head injuries in any case and biomarkers that
can be brain edema is caused by changes in cerebral blood flow and metabolic
changes. The development and changes in the metabolic level in the body
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result in changes in metabolite concentrations. The portrayal of the arrival of
these particular metabolites during the time spent in metabolic changes will be
conceivable by looking at and explaining the pathophysiology from top to
bottom. To assess and classify intense TBI in the examinations led; various
metabolic biomarkers have been proposed, including S100 calcium-restricting
protein B (S100B), glial fibrillar acidic protein (GFAP), neuron-specific
enolase (NSE), sphingolipid (SPL), and medium-chain unsaturated fats.
Notwithstanding, a solitary biomarker has restricted application to reveal the
system and promote helpful techniques in treating of TBI. To overcome this
issue, many of biomarker metabolites were required to have been
distinguished to profoundly inspect the qualities of intense under. In the
writing, the biomarker profile provides more point-by-point information on
the surmised metabolic strategy compared to the utilization of a solitary
metabolic variable during the intense TBI period compared to standard
evaluations (Zheng et al., 2017).

Metabolomics may be useful in the management of patients with mild to
severe brain injury, especially in mild TBI, where diagnosis is based entirely
on clinical history. The resulting metabolic biomarkers can be used in
conjunction with the GCS and neuroimaging findings. It is very difficult to
diagnose mild and moderate TBI because contemporary imaging methods lack
the sensitivity to reliably determine neurological damage. Biomarkers can be
used in medical evaluation and treatment arrangement together with the
demographic and clinical findings of the patient to contribute to the correct
diagnosis. Thus, there are so many factors, including age, gender, and genetic
factors that influence a patient’s trauma-related neurological injury and
disorder, the use of new metabolic biomarkers to predict TBI outcomes can
also help predict the long-term consequences of TBI by measuring metabolic
modifications. These small molecules can help focus on accurately identifying
patients at risk of long-term sequelae exposure and arranging personalized
rehabilitation therapy (Banoei et al., 2018).

There are various examinations that have applied a metabolomics strategy
in TBI studies, and the metabolites which have been related to TBI in this
exploration are distinguished. Viant and colleagues concentrated on brain
tissue examples and plasma of rodents presented to liquid percussion injury.
The examples were obtained one hour after injury. They found decreased
phases of ascorbate in the cortex and hippocampus, glutamate inside the cortex
and hippocampus, phosphocholine and glycerophospho-choline inside the
cortex and hippocampus, and N-acetyl aspartate inside the cortex and
hippocampus. Indeed, even though they had an effect at the not entirely settled
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in brain tissue, no spotless results have been recognized in plasma tests (Viant
et al., 2005).

Radiologically, spectroscopic investigation of Proton Nuclear Magnetic
Resonance (H-NMR) cerebrospinal liquid (CSF) is a fast and non-invasive
technique for the assessment of digestion. Studies have shown that the
metabolomic examination of CSF in TBI patients might open a novel window
into the pathophysiology of this illness and lead to the disclosure of new
biomarkers. After CSF examination, the connections between different
metabolites might be viewed as a better approach to analyzing TBI
metabolically. Glenn and associates inspected the cerebrospinal fluid tests of
44 patients affected by severe TBI and 13 control patients with hydrocephalus
or intracranial aneurysms. H-NMR spectra tracked down a critical expansion
in lactate, acetic acid derivation, beta-glucose, general creatine, pyruvate,
glutamine, alanine, creatinine, alpha-glucose, and propylene glycol levels. In
the review, higher propylene glycol levels and lower creatinine levels were
seen in patients with severe TBI contrasted with controls. The planning of
cerebrospinal liquid withdrawals in the review was not planned for
neurological ailments, but rather in the multivariate rendition, the profile
containing propylene glycol, glutamine, alpha glucose, and creatinine was
related to cerebral oxygen metabolic rate, ICP, and final results (Glenn et al.,
2013).

Oresic et al., analyzed a broad metabolic profiling of serum tests from TBI
patients and controls, assessing 144 patients. According to the metabolite
fixations in the brain micro dialysates of TBI patients during hospitalization,
a calculation has been created that precisely predicts patient results. The
expansion of metabolites to the laid out clinical model (CRASH), which
incorporates clinical and registered tomography information, has altogether
worked on the assessment of patient results. In this review, two medium-chain
unsaturated fats have been demonstrated to be raised in Decanoic and octanoic
acid (DA and OA) TBI and are related with unfortunate results in TBI patients.
There is proof that medium-chain unsaturated fatty acids can without much of
a stretch enter the blood-brain barrier (BBB), and free unsaturated fatty acids
can be shipped in the two headings through the BBB. In this serum, it has been
described as a ‘“TBI metabotype’ that might be characteristic of impeded BBB
and defensive physiology (Oresic et al., 2016).



120 Mustafa Karademir

Conclusion

In TBI’s, a series of biochemical changes occur very soon after the injury, both
due to the primary impact received by the brain tissue and caused by other
unwanted physiopathological damage to other systemic organs that may
accompany the head injury. In these changes, a series of reactions that are
followed, especially on a cellular basis, is noteworthy. Stress and oxidation-
reduction reactions at the neuronal level adversely affect ion transport
mechanisms in neuronal membranes, leading to cell death with apoptosis or
necrosis and causing the extracellular fluid to increase. Initially, cytotoxic
edema and disruption of the BBB and the development of vasogenic edema
led to herniations and death with increase in intracranial pressure. Knowing
the metabolomics well in the treatment process of cranial traumas will
contribute to the meticulous planning of the treatment modalities to be applied
and to predict the mortality and long-term morbidity of the patient after
trauma. However, current studies do not provide sufficient information about
metabolomics in TBI’s. Metabolomics profiles to be determined by
radiological methods such as brain tissue, body fluids, and non-invasive MR
spectroscopy alone cannot be sufficient. Supporting the laboratory data
obtained from metabolomics with clinical and radiological scales will allow
for detailed treatment planning and predictingof trauma-related death and
disability rates.
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Abstract

Diabetes mellitus is a chronic metabolic disease in which hyperglycemia
results from insulin resistance and reduced insulin, as in type 2 diabetes
(T2D), or destruction of insulin-producing pancreatic B-cells as in type 1
diabetes (T1D). The mortality rate is higher in the diabetes population
than in the general population, largely owing to cardiovascular and renal
complications. Recent studies have shown that the only essential factor
is the patient, not the disease. The genomic structure of each patient
shapes the disease in its unique way. In this determination, an -omic
identity emerges. The application of metabolomics in diabetes has
simplified the identification of metabolites that can serve as screening
and prognostic biomarkers. Metabolomic studies on diabetic subjects
demonstrated many altered metabolic pathways and variations.
Identifying predictive biomarkers involved in the pathogenesis of
diabetes is essential, and avoiding complications related to personalized
phenotyping and individualized drug response are recent study subjects.
So, it is aimed to review the use of metabolomics and its impacts on
diabetes research in this chapter.
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Introduction

Type 2 diabetes mellitus (T2D) has reached the fourth position among the
global health problem (James et al., 2018). The prevalences of microvascular
complications of T2D (neuropathy, retinopathy, nephropathy) and
macrovascular complications (stroke, diabetic foot, myocardial infarction,
peripheral vascular disease) were reported as 50% and 30%, respectively (Jin
& Ma, 2021). Metabolomics, emerging as a tool for biomarker discovery in
diabetes and diabetic complications, provides a comprehensive molecular
profile (Jin & Ma, 2021). The metabolome is related to genes in which a
protein-coding gene can result in a 10,000-fold change in the level of a
metabolite (Jin & Ma, 2021). Metabolomics attempts to systemically capture
smaller biochemical compounds, including simple amino acids, as well as
lipids, sugars, nucleotides, and other intermediary metabolites. Proteomics
and metabolomics offer information on the complexity of a disease. Thus,
genetic variation and transcriptional changes depend on proteins and
metabolites which provide instantaneous “snapshots” of the state of a cell or
organism. The response to environmental stressors such as exercise or directly
the ingestion of foods or other compounds change the ingestion of foods or
other compounds (Bonow et al., 2022). The last technological developments
have supplied the profiling of many metabolites in biological samples (Shah
etal., 2012).

Metabolites are the intermediary products of metabolism and provide
molecular components of living systems. Identifying the metabolome can be
done by nuclear magnetic resonance or mass spectrometry (Burks et al., 2019).
The Di@bet.es study has described a metabolomic analysis based on 1 H-
Nuclear Magnetic Resonance (1 H-NMR) spectroscopy of the patients with
diabetes and showed a specific DM-associated profile related to inflammation
and cardiometabolic disturbances (Ozcariz et al., 2020).

In light of advances in analytical techniques, metabolomics can further
identify diabetes progression mechanisms by providing information on the
underlying metabolic pathways.

Metabolomics in Diabetes

Subheading groups of metabolomics in diabetes research are presented in
Figure 1.
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Figure 1. Subheading groups of metabolomics in diabetes research.

Amino Acids

o Branched-Chain Amino Acids (BCAAs, isoleucine, leucine, and
valine) and Aromatic Amino Acids (AAAs; phenylalanine and
tyrosine)

Insulin resistance is the first detectable defect of metabolic dysregulation
before T2D development (DeFronzo & Tripathy, 2009). High fasting amounts
of BCAAs obtained related to obesity, insulin resistance, and low serum
insulin levels (Park et al., 2015). It depends on the variation which makes
BCAA impact related to insulin resistance. The rs9637599 variant associated
with circulating BCAA levels is located 2 kb upstream of the PPM1K gene
that encodes a mitochondrial phosphatase in BCAA metabolism (Wynn et al.,
2012).

Tyrosine and phenylalanine are two anti-incretin AAA precursors of
dopamine, decreasing cell uptake of glucose (Floegel et al., 2013). The 3-(4-
hydroxyphenyl) lactate (a phenylalanine product ) has been found related to
decreased insulin secretion and diabetes in the Metabolic Syndrome in Men
study (Vangipurapu et al., 2020). Higher phenylalanine caused an increase in
the macrovascular outcome and all-cause mortality in the ADVANCE trial
(Welsh et al., 2018).

High amino acid levels can improve insulin secretion from primary islet
B-cells (Brennan et al., 2002; Park et al., 2015). It was suggested that higher
BCAA levels do not drive insulin resistance, while increased insulin resistance
causes higher circulating fasting BCAA levels (Mahendran et al., 2017). In
prospective studies, increased concentrations of fasting isoleucine, leucine,
valine, tyrosine, and phenylalanine were associated with future diabetes (Chen
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etal., 2016; Newgard et al., 2009; Suhre et al., 2010). Also, five BCAA-related
metabolites  (2-hydroxyisocaproate,  3-hydroxy-2-ethylpropionate,  3-
hydroxyisobutyrate, 2-hydroxy-3-methylbutyrate, and 3-hydrooxyvalerate)
are associated with higher T2D risk (Morze et al., 2022).

Increased amino acids in diabetes are cysteine, pantothenic acid, creatine,
acetylcarnitine, and butyryl carnitine. On the contrary, the decreased amino
acids are arginine, glycine, asparagine, methionine, betaine, citrulline, aspartic
acid, benzoic acid, sarcosine, 4-hydroxyproline, and 5-hydroxykynurenine
(Bentley-Lewis et al., 2014; Park et al., 2015). BCAAs and glutamate are also
found to increase in TIDM (Oresic et al., 2008). In addition, creatinine
concentrations of the diabetes group versus the control were found to increase
by more than 16%. The association of the cysteine to creatinine ratio with
diabetes increased by a factor of 289.5. Cysteine concentrations were found to
decrease in the diabetes group and creatinine values increased (Suhre et al.,
2010). BCAAs level may be increased as early as a decade before overt
diabetes. So then, BCAAs may be accepted as predictive biomarkers,
especially be measured as early as a decade before overt diabetes (Jin & Ma,
2021).

BCAAs (valine, isoleucine, leucine) must be obtained from the diet cause
they cannot be biologically synthesized. Few studies have explored lifestyle
intervention effect on T2D or insulin resistance and it has been thought that
lifestyle change may modify the relationship between T2D risk and circulating
BCAAs (Kiveld et al., 2022). In a study of diabet and diet intervention, the
elevation during one year in baseline BCAA was related to a higher T2D risk.
After the intervention with Mediterranean diet at the end of the first year of, a
significant reductions in leucine and isoleucine related to a low risk of diabetes
have been demonstrated due to the Mediterranean diet (Ruiz-Canela et al.,
2018).

Determining the metabolomic profile has replaced the missing one and
paved the way for disease prevention studies. Could it prevent diabetes by
finding and replacing amino acids? Arginine is a decreased amino acid in the
metabolic profile of diabetes. Citrulline and nitric oxide(NO) are derivated
from arginine in the endothelial cells. NO is a potent vasodilator in vessels,
but vessels of diabetics have endothelial dysfunction resulting a reduced
generation of NO. Prior searches indicate that intravenous administration of
ascorbate or L-arginine can improve endothelial dysfunction, but the effect of
the oral route is unknown (Huynh & Tayek, 2002). Mirmiran et al., showed an
independent role on an increased risk of T2DM related to higher dietary L-
arginine levels (Mirmiran et al., 2021).
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On the other hand, it has been shown that oral arginine may increase
endothelial nitric oxide synthase (NOS) and lead to increased vascular NO
resulting in reduced blood pressure in mildly hypertensive T2D patients
(Huynh & Tayek, 2002). In long-term use, L-arginine may also improve
glucose intolerance and even reduce the risk of diabetes (Szlas et al., 2022).
In conclusion, due to contradictory findings, oral arginine intake is still unclear
in terms of T2D risk and complications, and new studies are needed.

Evodiamine (EVO) is an alkaloid with anti-infective, anti-inflammatory,
hypolipidemic, and antitumor effects. Metabolomics analysis demonstrated
that the EVO treatment affected the levels of 26 metabolites, such as
cholesterol, methionine, and other metabolites. Additionally, EVO treatment
improved oxidative stress and decreased the serum levels of pro-inflammatory
cytokines in T2DM model rats (Yu et al., 2022).

Levels of sulfur amino acids (methionine (Met) and cysteine (Cys) are
other risks for diabetes. During follow-up 16.9 years with 4636 deaths in the
United States, diabetes-caused mortality rates were three times higher versus
the low SAA intake (methionine, 2.45 cysteine, 2.91 times). The study
demonstrates that high-SAA diets have a higher mortality risk in diabetes and
that lowering intake towards Recommended Dietary Allowance levels could
lead to reductions in lifetime risk (Dong et al., 2022).

Lipids

Lipoproteins and free fatty acids (FFAs) are lipid components of
metabolomics in diabetes research. The relationship between dyslipidemia,
cardiovascular organ damage, and inflammation is difficult to understand in
T2D. Insulin resistance has an unintended effect on inflammatory cytokines
interleukins (ILs) and increases plasma triglycerides (TG). ILs and TGs
regulate the expression of matrix-metalloproteinases leading to a decrease
high-density lipoprotein cholesterol (HDL) levels. High TG, low HDL,
increased ILs, and matrix-metalloproteinases negatively affect the structure
and function of the cardiovascular system (Kozakova et al., 2019). The
METSIM study showed an increased T2D risk related to saturated FAAs
versus the inverse association between unsaturated FAAs and T2D risk
(Mahendran et al., 2013).

Obesity and T2D are like two inseparable siblings. Because obesity leads
to T2D by triggering insulin resistance with increased B-oxidation and it is
associated with elevated plasma FFAs. Carnitine is an indispensable key
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metabolite linked to obesity due to its metabolic pathways. FFAs can transfer
energy only by B-oxidation after esterification and give to the mitochondrion
requiring carnitine (Randle, 1998; Shah et al., 2012).

More carnitine for B-oxidation may be required for high-level plasma
FFAs in obesity. Dyslipidemias make diabetic patients susceptible to
complications related to atherosclerosis, such as heart disease and others. A
number of factors, such as peripheral events of insulin on adipose tissue and
muscle, the effects of insulin on apoprotein production by the liver, the
function of cholesteryl ester transfer protein, and the regulation of lipoprotein
lipase, are likely to be responsible for dyslipidemia in T2D (Park et al., 2015).

Decreased lipid metabolites related to obesity/T2D are found as
sphingomyelin, ethanolamine, lysophosphatidylcholine, and increased lipid
metabolites; stearic acid, oleic acid, phosphatidylcholine, 2-hydroxybutanoic
acid, 3-hydroxybutanoic acid, palmitic acid, and palmitoleic acid (Park et al.,
2015).

In a Finnish study, indole propionic acid, which is beside a reduced
likelihood of progression to diabetes, was the metabolite most significantly
and consistently related to both total carbohydrate and fiber intake. Lipid
metabolites and indole propionic acid were also associated with high sensitive
level of C-reactive protein (hsCRP) levels (De Mello et al., 2017).

Other studies have related T1D development with lipidomic changes in
the metabolomic profiles of lipid classes(cholesterol esters, plasma
phospholipids, triglycerides, glycerophospholipids, and sphingolipids) have
been addressed. Stearic acid, palmitic, or mystic acid are low-carbon-number
saturated lipid classes, and their low levels tend to be higher in individuals
with T1D than those without diabetes. Especially, some researchers have
reported reduced levels of glycerophospholipids and sphingomyelins in T1D
patients (Arneth et al., 2019).

Carbohydrates

The glucose concentration of the blood is a marker of whether carbohydrate
metabolism is healthy. Reduction in carbohydrate intake of a diabetic patient
is the first and most important step (Franz, 2000; Park et al., 2015). It has been
found that the levels of fructose, glucose, glycerol, sorbitol, mannose, xylose,
inositol, 2,6-anhydrogalactose, 3,6-anhydrogalactose, gluconic acid,
glucuronic acid, fumaric acid, isopropanol, malic acid, and cis-aconitic acid
increase whereas those of deoxygalactose, pyruvic acid, glycerol-3-phosphate,
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and 1,5-anhydroglucitol are decreased in diabetes (Diao et al., 2014; Drogan
et al., 2015; Gogna et al., 2015).

Nucleotides

Nucleotides are derived from tissues and then secreted to blood circulation and
other extracellular fluids. High nucleotide levels and purinergic signaling may
have a pathophysiological metabolic role in disorders (Sparks & Chatterjee,
2012). Compounds related to diabetes involved in nucleotide metabolism
pathways, including AMP, IMP, GTP, GMP, inosine, guanosine, adenosine,
are increased in both TIDM and T2DM (Dudzinska, 2014; Park et al., 2015).
Additionally, uridine trimethylamine, and glyoxylic acid were found increased
in T2DM (Dudzinska, 2014; Nikiforova et al., 2014; Park et al., 2015).

Is The Development of Diabetes Treatment or Prevention Possible
with Metabolics Profile?

Fu-Zhu-Jiang-Tang tablet, which has beneficial clinical effects on patients
with T2D, is a six-herb preparation, including Pueraria lobata, Morus alba,
Lycium chinense, Panax notoginseng, Astragalus membranaceus, and
Momordica charantia (Tao et al., 2017). A metabolomic approach was
developed to search for the anti-diabetic effect of FZJT tablets. Untargeted
serum metabolomics reveals that the FZJT tablet impaired glucose
metabolism, down-regulate the high glucose level, and correct abnormal levels
of metabolites in the serum of T2D rats (Tao et al., 2017).

Conclusion

Over the past two decades, metabolomics has been utilized and has provided
novel approaches to understanding diabetes, thus attracting worldwide
attention. Biomarkers indicating clinical risk profiles can help identify
individuals who may benefit from early prevention and therapies compared to
those who have no risk. Even though there are no miracle drugs to eliminate
diabetes, there will always be a search for a miracle drug for diabetics. Drug
and gene studies see metabolomes as our savior codes and offer hope for the
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future. Although it is still in the experimental stage of animal, the studies give
hope for the development of new studies.
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Abstract

Metabolomics is the process of detecting, quantifying, and recognizing
metabolites present in the whole organism over a period of time as
biomarkers or by using technologies to study disease pathogenesis. Many
platforms are used for these procedures, including NMR and several MS
technologies (Idle & Gonzales, 2007). Recently, metabolites have been
used in many areas of orthopedics. Metabolite markers have been
identified in many orthopedic diseases. An understanding of the
pathogenesis of diseases was achieved. First, a metabolomic study of
osteoarthritis was conducted. Additionally, metabolites show us an
important way in many cases such as the diagnosis of diseases,treatment,
fusion of bone fractures, and biomaterials used in orthopedics (Sun et al.,
2015; Fan et al., 2021).
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Introduction

In orthopedics, metabolic studies are found by examining many different
samples, including serum, plasma, urine synovial tissue, and metabolic
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pathways are found (Kohlstadt & Cintron, 2018). Today, metabolic markers
of many orthopedic diseases have been found (Sun et al., 2015). In the
following, I will talk about the metabolic effect of the biomaterial used by
metabolomic pathways in the main orthopedic diseases.

Osteoarthritis

Osteoarthritis is a degenerative joint disease characterized by cartilage
destruction, synovitis, which is the formation of bone around the joint called
osteophyte, and subchondral bone an increase in (Martel-Pelletier et al., 2016).
Inthe blood of OA patients there are numerous metabolomic changes in the
synovial fluid, in the idyll. In the examinations of the synovial fluid,
differences in lipid, amino acid and glucose metabolomic pathways were
found in the synovial fluids of healthy people and people with osteoarthritis.
We canalso evaluate septic (Kosinska et al., 2014; Mickiewicz et al., 2015a;
Jaggard et al., 2019) and non-septic states with various metabolomics
measured proton nuclear magnetic resonance (IH-NMR) in synovial fluid.
Metabolomics such as acetate, alanine, citrate, creatine phosphate, creatinine,
glucose, glutamate, glutamine, glycine, phenylalanine, pyruvate, and valine
were found to be high in the non-septic group, and glycylprolinein the sepsis
group. In the study, it was seen that (Anderson et al., 2018) 6 metabolomic
markers such as isobutyrate, glucose, hydroxyproline, asparagine, serine, and
uridine could be used as a result of degenerativechanges seen after early knee
joint injuries. This situation guides us in cases such as diagnosisand prognosis
from the early stage of osteoarthritis (Mickiewicz et al., 2015b). In another
study, it was shown that 28 metabolomics, such as malanate, ethanolamine,
squalene, glycerol, etc., can be used for differentiation in radiologically early
and late osteoarthritis cases (Kim et al., 2017).

In the case of osteoarthritis, metabolomic differences due to some amino
acid metabolism was measured in the administration (H. Jiang et al., 2018). In
serum-based studies of osteoarthritis, increased plasma ratiosof d allocated
chain amino acids to histidine were associated with knee osteoarthritis. An
elevated phosphatidylcholine ratio of lysophosphatidylcholines has been
associated with osteoarthritis (Zhang et al., 2016).
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Osteoporosis

Osteoporosis is a common bone disease with low bone mass and an increased
risk of fracture in older age. Today, metabolics in osteoporosis offer an
approach to the clinical diagnosis, understanding, and treatment of the
pathology of the disease (Lv et al., 2016). The accuracy and robustness of the
metabolomic measurements are better than traditional immunoanalysis and
chemical measurements (Qi et al., 2016).

Today, the metabolomic pathway of osteoporosis is examined using
animal models. Mice whose ovaries were removed had their estrogen and
progesterone levels decreased, resulting in high bone loss, similar to
postmenopausal women (Lv et al., 2016). Decreases in estrogen have an effect
on lipid metabolism, arachidonic acid metabolism, and lineoic acid
metabolism. (Y. C. Jiang et al, 2020). This estrogen reduction in
postmenopausal women reveals an increase in lipid metabolic. These
accumulated lipid metabolics inhibit osteoblastic activity (Ma et al., 2013; Qi
et al., 2016). The exposed pubas activate the PPARy receptor and differentiate
the mesenchymal cells from the adipocyte cells rather than to the osteoblasts
(Kawai & Rosen, 2010). The increase in arachidonic fatty acid (AA) increases
bone destruction and increases adipogenesis by increasing RANK-L, which
allows osteoclasts to be activated. This explains bone loss in those who follow
a high-fat diet (Casado-Diaz et al., 2013; Kasonga et al., 2015).

Metabolomics is used in the development of treatment methods for
osteoporosis. Molecules suchas icariin act on bone metabolism and increase
metabolites such as uridine, taurine, palmitic acid, adrenic acid, phexofenadine
and have a positive effect on BMD (Huang et al., 2020). Sambucus Williamsii
Ramulus, a folk herb in China, had a positive effect on bone healing by
increasing 26 metabolics related to lipids, amino acids, and tryptophan
metabolisms in a study conducted in ovariectomius squips (Xiao et al., 2018).
It is being investigated that molecules such as osthole may be useful in the
treatment of postmenopasal osteoporosis by acting on metabolic pathways (Si
et al., 2020).

Rheumatoid Arthritis

Rheumatoid arthritis (RA) is a chronic autoimmune joint disease characterized
by hyperplasia in the synovium, which is inflammation in the synovial region
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that causes the destruction of articular cartilage. The pathogenesis of
rheumatoid arthritis is increased abnormal osteoclast activation (Mclnnes &
Schett, 2011). In the studies conducted, it was seen that changes in glucose,
lipid, and amino acid metabolism of synovitis in the metabolomic results of
RA patients that led to synovial hyperplasia and inflammation. The levels of
about 35 metabolites belonging to the class of amines, fatty acids, phosphates,
and organic acids were found to be higher than osteoarthritis (Ahn et al.,
2016). Additionally, the presence of mitochondrial damage to t cells is a cause
that increases inflammation (Weyand et al., 2020). Some studies have shown
that short-chain fatty acids (SCFAs) are reduced when RA mice are compared
with healthy mice, and short-chain fatty acids (SCFAs) supplementation
reduces arthritis (Rosser et al., 2020). n-6 polyunsaturated fatty acid (PUFA)
has been shown to increase RA cartilage loss and inflammation, and n-3
polyunsaturated fatty acids have been shown to inhibit the anti-inflammatory
effect (Miles & Calder, 2012).

Osteosarcoma

It is the most common malignant tumor of bone after multiple myeloma. The
indication of metabolomics (Mirra, 1989) in osteosarcomas helps with early
diagnosis and analysis of the clinical course of the tumor. In studies conducted
from the blood serum of patients with osteosarcoma, differences in lipids,
aromatic amino acids (phenylalanine and tyrosine), and histidine
concentrations were found in healthy individuals (Quintero Escobar et al.,
2020). In cells with osteosarcoma, like other tumor tissue cells, it is inthe first
place in obtaining energy with glycolysis. Therefore, in the studies conducted
in stem cellswith osteosarcoma, it was seen that there was a decrease in the
metabolites of the TCA cycle and the metabolites in the glycolysis pathway
were high when mitochondrial activity decreased. Metabolomic markers of
osteosarcoma are important not only for diagnosis but also for the course of
the disease (Zhong et al., 2019). It also contributes to the development of
therapies targeting these metabolomic pathways. For example, new therapies
targeting the amino acid metabolomic pathway of stem cells with
osteosarcoma have been presented (Zhong et al., 2019).
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Biomaterials

There is much metabolomic research on the cell-material relationship related
to biomaterials used in orthopaedics.

It has a long history of use of Poly-L-lactic acid (PLLA) in implants used
in fracture fixation (Middleton & Tipton, 2000). In studies on the metabolic
effect of PLLA on osteoblasts, it is seen that PLLA triggers an anti-oxidative
mechanism on osteoblasts and increases cellular growth (Aratjo et al., 2019).
Alginate hydrogels are a biomaterial that is used as a diffuse in tissue
engineering. Metabolomic analyses and osteogenesis relationships of Glycine-
Histidine-Lysine (GHK) modified alginate hydrogels were investigated
(Klontzas et al., 2019). It has been investigated how biomaterials commonly
used in orthopedics, such as titanium, affect metabolism by material surface
topography (Moerke et al., 2016).

Conclusion

Metabolomics is a technique that has developed in the orthopaedic fields. It
provides us with an important clue in understanding cell structure at the
molecular level. In this way, it provides important information on diseases at
the textural and cellular levels.

Many studies have been carried out to determine metabolomic pathways
and metabolic markers and are still being done. Thanks to these studies,
awareness of metabolic changes in diseases and early diagnosis of orthopaedic
diseases are provided. We can learn about its clinical course by monitoring a
decrease or increase in an effective metabolic biomarker in an orthopaedic
disease. Thanks to these identified metabolic pathways and markers, we can
develop the appropriate treatment approach to the disease. In addition, many
drugs have been developed in the orthopaedicfield thanks to metabolomic
studies, and these studies have been used to predict the therapeutic and side
effects of drugs. Newer drug designs are still being developed and advanced
metabolic studiesare required for the effectiveness of these drugs.

Metabolomic studies are carried out in the application and development
of biomaterials used in the field of orthopaedics. The metabolic effects of
biomaterials on cells are still an area that has not yet been fully resolved.
Studies are carried out on the effect of the physical and chemical propertiesof
these materials on cells.
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As a result, metabolomic studies are being carried out in the field of
orthopaedics, and there are many metabolomic conditions that have not yet
been discovered. These metabolomic studies are promising for biomedical
engineers, biologists, and clinicians.
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Abstract

It is essential to select the best embryos to transfer in any in vitro
fertilization (IVF) treatment. Human embryos could only be assessed
morphologically in the clinical setting until recent times. However, since
this assessment is observation-based, it is open to both interpersonal and
variability between observations made by the same person at different
times. Preimplantation embryo metabolism demonstrates distinctive
features associated with the developmental potential of embryos. On this
basis, it has been assumed that the metabolite content of the culture
medium reflects the implantation potential of individual embryos. The
need for a non-invasive, reliable, and rapid embryo assessment strategy
has promoted IVF metabolomic studies to increase the success rates of
single embryo transfers. It is crucial to assess glucose, protein, or oxygen
utilization according to the metabolism of human embryos.

Metabolomic profiling is an analysis of cell-free DNA released by
the embryo into the culture medium. Although it is the most promising
technologies developed to date for embryo selection, it is currently not
suitable for clinical use.
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Introduction

In in vitro fertilization (IVF) treatment, the embryo with the highest quality
and the highest probability of attachment to the uterus is selected according to
the methodologies for assessing the embryo to transfer under the microscope,
morphological observation, timing and speed of division, the development
pattern of embryos, including the number of cells and fragmentation, their
division patterns, and shape characteristics (Yang et al., 2022; Meseguer et al.,
2012; Nadal-Desbarats et al., 2012).

However, the good image quality of the embryo does not indicate that the
genetic and metabolic activities of the embryos are normal.

It is only possible to assess whether embryos are genetically normal by
examining them using the pre-implantation genetic diagnosis (PGD) method.
Among the technologies that are suitable for PGD are fluorescent in situ
hybridization (FISH), single nucleotide polymorphism (SNP) array, or
comparative genomic hybridization (CGH) array. To apply the PGD method,
there must be advanced maternal age, a carrier of a genetic disease, recurrent
pregnancy losses, repeated unsuccessful applications, severe male factor, etc.
(Roche et al., 2021).

It is essential to select the best embryo in IVF cycles. While selecting this,
it is aimed to increase the chance of pregnancy using both methods together
by studying the metabolism, while the classical methods are based on embryo
division, shape, etc.

In the treatment of infertility, it is very important to select the best embryo
to achieve pregnancy. Many studies have demonstrated that successful
pregnancies are obtained by paying attention to the morphology of the embryo
and transferring embryos with appropriate morphology in pregnancies
resulting in childbirth (Awadalla et al., 2022; Racowsky et al., 2010).

Of course, embryo morphology contributes to identifying the embryo to
be transferred. However, publications have shown that even embryos with the
best morphology can be genetically problematic, indicating that morphology
is not the only criterion in determining the best embryo. It is considered that
selecting embryos to be transferred using other criteria will increase the
chance of success. Alternative non-invasive approaches to embryo assessment
currently rely on the analysis of the embryonic culture medium. Of these, the
metabolism of cells is significant. Since some normal preimplantation embryo
development requires key nutrients, changes in the levels and metabolites of
these nutrients have been suggested as indicators of metabolic activity during
in vitro embryo culture. It is thought to be possible to obtain information about
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the health status and comment on the ability to assess the possibility of
pregnancy by examining the metabolism of embryos, as comments are made
on the body organs and health status by assessing a person’s blood and urine
tests. This is called ‘Metabolomics.’

Metabolomics is the determination and identification of waste small
molecule metabolites resulting from the use of lipids, carbohydrates, vitamins,
and hormones in tissues, cells, and physiological fluids (Basaran et al., 2010).
Metabolomic results may be important findings to assess the genetic function
of the cell. They are important components of systems biology. The biological
data acquired due to metabolomics has become a good source of information
to research the sum of the whole system. The acquired metabolic products
emerge as a result of the dynamic interaction of all enzymes, carriers, and
chemical substances in the environment at the cell level. Because metabolite
levels are sensitive to changes in enzyme activity and reflect interactions
between the cell’s genome and its environment, they provide an unbiased
assessment of cellular status in the context of specific conditions (Chubukov
etal., 2014).

In embryo metabolism, the embryo interacts with its medium. The said
medium is the culture liquid in which the embryo is present. The fact that the
embryo receives the molecules needed metabolizes them, and releases the
residual molecules into the medium differs according to the metabolism of
each embryo. Using a special technique, called spectroscopy, the culture fluid
consisting of metabolic wastes can pass a light and the graph of molecules can
be obtained. As a result, with this method named ‘metabolomics,” each
embryo can be mapped according to its metabolism, and these data can be
associated with the development and pregnancy capacity of the embryo,
assisting with selecting the embryo independently of its morphology.

Metabolites are defined as biomarkers in the diagnosis of many diseases
with the development of analytical technologies. This situation helps select
cells with high pregnancy potential in the field of in vitro fertilization (IVF)
(Tang 2011). Nevertheless, metabolomic studies have demonstrated that
embryo metabolism does not always indicate the embryo with the highest
pregnancy capacity morphologically. It does not have the advantage of
increasing the attachment of the embryo and pregnancy rates and has not yet
been used routinely.
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Analysis Techniques in Metabolomics

A cell’s metabolome is inherently dynamic due to metabolic activity that
changes based on the stage of the cell cycle. Moreover, the metabolomic
profile changes considerably in pathological conditions or in response to
treatment. The comparative metabolomic profiling of biological samples
under various conditions makes it possible to determine the phenotypic
differences between the samples studied.

Metabolomics refers to the rapid and high-throughput characterization of
metabolism and allows systematic analysis of condition-dependent metabolic
controls.

It is possible to study the waste culture media released by embryos during
IVF using various methods, such as spectroscopic and metabolite methods.
Information about the metabolic state of the embryo can be acquired with these
methods. Both infrared and Raman spectroscopy are vibrational spectroscopic
techniques. They create a waste metabolite profile of embryos by examining
the vibrational characteristics of the waste molecules in the culture. The two
techniques are advantageous over each other in terms of defining the
characteristics and specific components of the signal produced. Wastes in the
embryo media are assessed by magnetic resonance spectroscopy (Botros et al.,
2009).

Seli et al., revealed the metabolite differences of embryos in embryo
transfers resulting from and without pregnancy using both techniques. This
method has been demonstrated to facilitate the selection of successful embryos
by creating viability indices useful in measuring the reproductive potential of
embryos (Seli et al., 2007).

Using magnetic resonance spectroscopy to identify metabolites, Seli et al.,
who tried to identify changes in the metabolite profiles of embryos resulting
in pregnancy, found alanine, pyruvate, and glucose despite detecting high
glutamate concentrations in their waste in the embryo media (Seli et al., 2008).

In clinical practice, it can help to make more accurate decision-making by
combining multiple tests, although it is not ideal for the metabolomic mapping
of embryo culture media.

Clinical Practices

Although embryo morphology is still used in the first step to determine the
embryo’s quality, there is no effective standard for this assessment. Various
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classification systems have been developed for embryo quality, and embryos
are divided into three categories: Good-quality, medium-quality, and low-
quality (Awadalla et al., 2022). It is possible to acquire different results from
different embryologists due to differences in interpretation at various stages
of embryonic development (Guerif et al., 2007). Especially on the third day,
when all embryos have the same appearance, it is highly difficult to choose a
viable embryo with a high blastocyst development potential for transfer.

Although metabolomics is not used in embryo selection, it seems possible
to use it in the future. Scott et al., found the reproductive potential of embryos
on days 3 and 5 with a diagnostic sensitivity of 80.5% (Scott et al., 2008).
While demonstrating the predictive value of metabolomic profiling, the
researchers found no correlation between metabolomic viability indices and
morphological classifications of embryos on day 2 or 3 (Vergouw et al., 2008).
Seli et al., showed that they could predict the reproductive potential of the
embryo without seeing the results of pregnancy (20).

In Vitro Maturation

In in vitro maturation (IVM), oocytes containing unstimulated antral follicles
are collected in meiosis I stage of prophase, and oocytes kept in the in vitro
culture for 24-48 hours until meiosis 11 stage of metaphase are fertilized by the
insemination or intracytoplasmic sperm injection method (Loutradis et al.,
2006).

Serum in the culture environment is a source of albumin and a precursor
of steroids. It is required for cell growth and proliferation (Picton et al., 2008).
In the selected media, pyruvate has been demonstrated to be an energy source
for cells (Roberts et al., 2002).

Carbohydrate Metabolism

The capacity to metabolize glucose increases greatly during the transition from
morale to the blastocyst stage and reflects the development potential and
viability of the embryo (Fangtao et al., 2020).

Various studies have indicated metabolic differences between viable and
non-viable embryos. The metabolism of carbohydrates in human embryos
prior to implantation has been studied, mainly in terms of private absorption
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and glucose and lactate production. Researchers have found that using
pyruvate and glucose up to day 4 in embryos reaching the blastocyst stage is
significantly higher than in embryos not progressing in culture and is related
to the morphological grade.

These results in the study by Gardner et al., (2001) indicate a relationship
between pyruvate uptake and blastocyst development. Furthermore, other
studies have not been able to demonstrate any association between glucose
intake and blastocyst development in human embryos. It should be noted that
the environment used to evaluate embryo metabolism in these studies was
lacking lactate, amino acids, and vitamins. Hence, it is possible that embryos
are under significant stress in these culture conditions (Gardner et al., 2001;
Lane et al., 1998), and the results obtained may be limited by this factor.

Amino Acid Turnover

In the same study, analysis of amino acid metabolism in eight-cell and morula-
stage embryos was demonstrated that lower release of asparagine and alanine
by embryos on days 2 and 3 and a lower intake of methionine, arginine, and
glutamine were associated with lower serine uptake and lower alanine and
glycine release and blastocyst development. The depletion of the amino acids
examined was demonstrated to be lower in developing embryos compared to
non-developing embryos (Leese et al., 2008).

Brison et al., studied the correlation between amino acid turnover and
implantation and pregnancy outcomes when embryos were selected using
routine morphological criteria and transferred on day 2. They suggested that
glycine and leucine levels decreased in the embryo culture environment and
were related to increased clinical pregnancy and live birth rates when
asparagine levels were ensured (Brison et al., 2004).

Seli et al. (2008) Demonstrated higher rates of clinical pregnancy and live
births in cases with elevated levels of glutamate in cultural settings. Brison et
al., (2004) used the same approach to examine changes in the concentration of
amino acids secreted from single-cultured human embryos. They reported an
association between a decrease in blood sugar and leucine and an increase in
asparagus levels in culture media with an increase in clinical pregnancy and
live birthrates. In addition, the researchers noted that embryos with high
viability had lower or quieter amino acid metabolism than those arrested.
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Zivi et al., (2014) argued that a reduction in serine and possibly proline
uptake in embryo culture was related to pregnancy and could be useful for
embryo selection.

Conclusion

Studies have used numerous technologies and have not yet determined the
exact criteria for selecting embryos with higher reproductive potential among
embryos. Alternative or additional non-invasive techniques that can detect
changes in the culture medium surrounding embryos have been suggested
because it is not sufficient alone to obtain them using the morphology
assessment approach determined by the current microscopy. Measuring
physiological metabolomic changes in the culture medium of embryos and
oocytes is one of the recent approaches. The embryo viability index created
by metabolomic tests may be a better predictor of implantation potential than
the traditional morphological evaluation. All of these data reveal the potential
benefits of incorporating metabolomic assessment into the embryo selection
process. As indicated by researchers, especially in single embryo transfer, the
embryo to be transferred can be selected by assessing metabolomics between
two embryos with the same morphological appearance. Nevertheless, none of
the embryo selection methods used has been prospectively validated as a
method that shows a relationship with the implantation potential of the
transferred embryos. Therefore, a validated technology that non-invasively
predicts the viability of embryos through rapid, in-situ evaluation of multiple
methods is needed to select embryos with high reproductive potential.
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Abstract

The pregnancy process is an intricate and unique period that requires
control examinations to ensure the continuity of the well-being of the
mother and the baby. The accompanying changes are also evident
biologically, physiologically, psychologically, and socially. Several
factors must be considered to determine when a woman's pregnancy is at
risk and when unfavorable pregnancy outcomes will occur. Biomedical
indicators are critical in medicine. Studies show that the variables in these
indicators are vital in determining the risk status. Once the metabolic
pathways are understood clearly in healthy and diseased conditions, we
can gain more applicable information on disease mechanisms and precise
treatment approaches. The prenatal medicine practices require the
development of novel non-invasive approaches that cover diverse
categories of diseases with lower rates of false-positives. Metabolomics
for this purpose has the potential of great advantage. Metabolomic
studies measure and analyze the biochemistry products of cells. As a
biomarker, metabolomics may uncover new diagnostic and therapeutic
approaches. This chapter reviews the idea and utilization of
metabolomics for maternal health and perinatal medicine, emphasizing
the latest developments in metabolomics studies and the research agenda.
In addition, the existence of studies that will increase our knowledge
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about the etiopathogenesis of maternal complications is exciting and
promising.

Keywords: metabolomics, prediction, preeclamcia, fetal growth restriction,
preterm birth, prenatal diagnosis

Introduction

During pregnancy, various adaptive physiological changes are required for the
healthy continuation of both fetal and placental functions in the mother during
pregnancy. Changes occur in circulating maternal metabolic products during
pregnancy to meet the nutritional requirement for the development of the fetus
and sufficient production of breast milk after birth.

Various concealed causes are known to be present in pregnancy
complications, which include preeclampsia, fetal growth restriction, preterm
birth, and gestational diabetes mellitus, and since these complications are
complicated by their nature, their early diagnosis is a daunting task. New
approaches to maternal and perinatal health have seen little advancement over
the years, which points to omics fields as a new avenue. Metabolomics is the
integrative study of sets of metabolites from a bio-specimen that portray the
metabolism of a particular scene. Overall, metabolomics has inherent edges
over other omics by studying the final products from interactions between
DNA, transcripts, and proteins.

Protecting maternal and perinatal health and taking the necessary
precautions worldwide will save women and children from a significant
burden of disease in their later lives. For this purpose, metabolomic
biomarkers are new promising tools to predict conditions that will cause
adverse health conditions. Soon, metabolomics will be of particular interest
because of its potentially important role in maintaining and managing perinatal
and neonatal health. This section summarizes the information available on
metabolomics, which is new in complicated pregnancies, and represents future
diagnostic and screening tools.

Pregnancy and Amniotic Fluid

Soluble components of cellular nature, which contain carbohydrates, lipids,
hormones, enzymes, proteins, and others (e.g., lactate, pyruvate, and other
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electrolytes) are present in amniotic fluid (Tarui et al., 2017). These
components mostly function as a preliminary defense against antigens that
might be present in the amniotic pocket (Clark et al., 2016; Tarui et al., 2017).
The shed cells from the developing fetus, notably from tissues having a cavity,
are present in the amniotic fluid. Certain components of innate immunity,
particularly neutrophils, macrophages, and ILCs (innate lymphoid cells), are
shown to be present in low amounts in the amniotic fluid when there is no
infection, as is evident from cytological research (Espinoza et al., 2003;
Maddipati et al., 2016). However, under conditions where fetal organs are
pathologic e.g., neural tube defects, and gastroschisis, the amounts of
macrophages and ILCs were found as elevated (Espinoza et al., 2003;
Maddipati et al., 2016). Yet, the amount of amniotic fluid neutrophils is a
valuable intra-amniotic inflammation indicator. However, the immunologic
composition of amniotic fluid without infection, inflammation, or congenital
disabilities is still poorly understood (Gomez-Lopez et al., 2017a; Gomez-
Lopez et al., 2017b; Gomez et al., 1994; Martinez-Varea et al., 2017).

Preeclampsia

Preeclampsia (PE) can be defined as the development of hypertension, edema,
and proteinuria symptoms roughly 20 weeks into gestation (Myatt et al., 2014;
Sibai, 2003). It complicates 5 to 10% of pregnancies worldwide and is
prominent in maternal mortality rates (Roberge et al., 2012). PE has clinical
risk assets for the mother, which can be listed as age, clinical history of PE
occurrence, nulliparity, multi-fetal pregnancy, chronic diseases such as
diabetes mellitus, hypertension, and kidney diseases (Polsani et al., 2013;
Poon et al., 2010). Two kinds of PE are known; one is early-onset PE, and the
other is late-onset PE. While in early-onset PE, the clinical manifestation is
seen before 34 weeks of pregnancy, symptoms become apparent after 34
weeks of late-onset (Poon et al., 2010). Early-onset PE is a disorder of the
placenta, where exceeding maternal blood pressure leads to fetal incapability
of taking oxygen and nutrients from the mother due to a decrease in spiral
artery remodeling and an increase in trophoblast invasion (R. O. Bahado-
Singh et al., 2012). Previously existing metabolic or vascular disorders present
in the mother are considered as the causes of late-onset PE (Wikstrom et al.,
2007).

Despite efforts, the exact reason for PE development remains a mystery,
and the removal of the fetus along with the placenta is considered as the sole
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solution (Staff, 2011). If it is detected early, prophylactic measures can be
taken. Currently, there are several indicators for clinical assessment of PE,
which include clinical parameters for angiogenesis (e.g., sFlt-1, PIGF, and
endoglin), laboratory results, and abnormal ultrasound readings (Austdal et al.,
2014; Cnossen et al., 2009). Therefore, research on new and non-invasive
diagnostic methods to predict PE before the onset of symptoms is critical and
may enhance preventive clinical manipulations.

Since PE includes many complexities, high-throughput technologies
containing multiple markers can be effective screening methods for the
diagnosis of PE. In research conducted on the metabolomics approach to
urinary samples from the first-trimester period to assess preeclampsia and
gestational hypertension, it was shown that decreased urinary hippurate was
associated with increased blood pressure (Holmes et al., 2008). Intestinal
microflora impairment is speculated to be the cause, which might be affected
by nutritional and circulatory factors (Holmes et al., 2008; Nicholson et al.,
2012). Metabolites are products of diet, lifestyle, gut microbiota, and genetic
interactions (Dumas et al., 2006; Nicholson et al., 2005; Sabeti et al., 2007).

A comparison of patients having a normal pregnancy and having PE or
gestational hypertension revealed changes in the first-trimester clinical
parameters of urinary hippurate (decrease), urinary creatinine (increase), and
serum lipids (increase). These results were reported as the most striking
metabolic difference detected in patients with PE or gestational hypertension
(Austdal et al., 2015). Striking metabolic changes in patients at risk of PE or
gestational hypertension were discovered by utilizing early metabolite
profiling in urinary and serum samples (Austdal et al., 2015). Since urinary
samples are easily obtained, early metabolite profiling of urinary samples is
an intriguing aspect of clinical practice to deduct the risk of PE and gestational
hypertension, which can be further improved by combining the maternal traits
into metabolite profiles.

Late-onset PE is common but more challenging to predict. Slowly
developing microvascular conditions e.g., obesity, diabetes, and hypertension
are generally associated with late-onset PE (Kenneth et al., 2010). In a study
in which the metabolomic and proteomic methods were used together,
dimethyl-sulfone or methyl sulfonyl methane concentrations were
significantly lower in pregnant women with late-onset PE compared to
controls in both trimesters (R. Bahado-Singh et al., 2017). Methyl sulfonyl
methane is a bio-organic compound and is a prominent antioxidant and anti-
inflammatory agent. Therefore, it improves oxidative stress conditions
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(Butawan et al., 2017; Mohammadi et al., 2012). A notable metabolic feature
of PE is its potential for oxidative stress.

Between 8-to-10 weeks of pregnancy, urinary creatinine amounts were
found to be elevated in a study for early PE deduction (Kuromoto et al., 2010).
Alterations in BMI and mean arterial pressure can be attributed to increases in
urinary creatinine, and it has the potential of being an indicator of early renal
involvement (Kuromoto et al., 2010). Studies have shown that glomerular
filtration rates increase in pre-hypertensive subjects (Palatini, 2012).
Gestational hypertension was attributed to the decrease in urinary citrate,
which is also associated with an increased in BMI. Again, there is an opposite
relationship between urinary citrate and adiposity (Elliott et al., 2015).

Noteworthy research on prenatal diagnostics was used in normal and PE
pregnancies for metabolite alterations in the early period. In one such example,
serum metabolite profiles obtained from patients having early- and late-onset
PE were contrasted to metabolite profiles from healthy individuals, and
researchers discovered increases in certain metabolites (arginine, 3-
hydroxyisovalate, and glycerol), which is coupled with uterine artery PI,
particularly in early-onset PE patients (R. O. Bahado-Singh et al., 2015,2017).
For the prediction of PE, a combined approach that contains metabolomics,
proteomics, and ultrasound reached over 90% sensitivity along with almost
90% specificity. Combining the clinical parameters of the mother with the data
from emerging omics, particularly metabolomics and proteomics, for the early
PE deduction can be considered as a striking achievement. The researchers
revealed considerable alterations in the following aspects: glycosaminoglycan
metabolism, serotonin amounts, and Gp-receptors (Koster et al., 2015).

There is a serious debate is on the changeability of the proposed
metabolites found by different researchers, and some research even favors
clinical factors over metabolites, dismissing the predictive potential of
metabolites (Kuc et al., 2014). However, further studies can identify consistent
factors that can be used to create prediction algorithms for PE with increased
accuracy, sensitivity, and specificity (Koster et al., 2015).

Fetal Growth Restriction

Falling below the 10th percentile in fetal growth and failure to reach expected
growth in a given gestational period are known as fetal growth restriction
(FGR), which is observed in up to 10% of all pregnancies (Vedmedovska et
al., 2011). It occurs for many reasons and is the reason for notable rates of
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morbidity and mortality during both the perinatal period and infancy
(Vedmedovska et al., 2011). The application of metabolomics for the
estimation of FGR is an engaging endeavor.

In many metabolomic studies conducted in pregnancies resulting in slow-
growing newborns, it was emphasized that abnormal lipid metabolism was
found (Bernard et al., 2017; Leite et al., 2018). Research has indicated a
decline in the ratio of medium-length fatty acids in mother to baby, particularly
in periods close to labor, that leads to an energetic imbalance occurring in the
baby (Visentin et al., 2017). Fetuses with FGR contrasted with healthy fetuses
and notable alterations in cholesterol synthesis were found (Clinton et al.,
2020). Cholesterol levels were slightly increased in pregnant women with
FGR, while they increased significantly in the pregnant control group with
naturally developing fetuses. Myo-inositol, associated with the down-
regulation of free fatty acid release from fats, is increased in the urine of
newborns born with FGR pregnancies (Dessi et al., 2011, 2014).

Amino acid metabolism is critical for FGR occurrence. Ornithine obtained
from serum samples of mothers with aberrant umbilical arteries helped the
revelation of its involvement in fetal growth (Porter et al., 2020). Angiogenesis
via the polyamine pathway may explain the relationship between ornithine and
umbilical circulation. the placenta of FGR pregnancies shows reduced
metabolite levels (R. O. Bahado-Singh et al., 2022). In cases of FGR,
alterations in metabolite levels are evident in hair samples from mothers
(Sulek et al., 2014).

Alterations in protein biosynthesis have been stated to cause growth
failure (Sibley et al., 2005). A study has reported that the most notable
pathways affected in FGR include arginine, proline, glycine, serine and
threonine metabolism, ammonia recycling, and the urea cycle, which are
involved in protein and amino acid metabolism (R. O. Bahado-Singh et al.,
2022). It has been shown that FGR is accompanied by numerous metabolic
impairments of amino acids, including the metabolism of tryptophan,
aspartate, methionine, glutamate, and arginine. It has also been shown in the
study that amino acids are associated with FGR-related growth, brain-vascular
function, and antioxidant capacity and fulfil vital functions (R. O. Bahado-
Singh et al., 2022).
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Preterm Birth

In cases of preterm birth, approximately 10% of all births occur earlier than
37 weeks. The biggest reason for the increase in perinatal morbidity and
mortality is preterm birth (Conde-Agudelo et al., 2018; Crump, 2020). Preterm
birth is known to provide newborns particularly prone to later chronic
conditions, which include cardiovascular and metabolic syndromes,
neurological and cognitive impairments, stroke occurrence, and dyslipidemia
(Behrman & Butler, 2007; Conde-Agudelo et al., 2018; Crump, 2020). Long-
term studies have not been able to contribute enough to create a screening
algorithm and develop effective treatments (Georgiou et al., 2015).

The omics may help in describing normal pregnancy mechanism and the
pathophysiological preterm courses that lead to preterm labor and delivery
(Georgiou et al., 2015). Metabolomics methods are suggested for the detailing
of diverse obstetric syndromes that have placental and adaptive dysfunctions
(Tsiartas et al., 2012).

Conclusion

Metabolomics has exciting potential for researchers to reveal new aspects of
perinatal pathophysiology and generate clinically useful biomarkers.
Metabolomics can transform into an easily available large-scale monitoring
method with its high-throughput analysis capabilities for numerous
metabolites. Nevertheless, complete metabolome analysis can be challenging
to perform routinely in a clinical setting. To identify and validate biomarkers
for clinical applications in a timely manner, technical limitations should be
reduced. By overcoming the technical limitations, the utilization of
spectroscopy would become routine in clinical environments, and metabolite
screening would become a norm. Metabolomics could be made into a cost-
effective technology advantageous for the identification and management of
patients. In the sense of perinatology, the field of metabolomics proposes an
auspicious future. Overall, metabolomics can be translated into a fully
personalized medicine to cover all individual aspects of DNA to the
metabolites. Both physiological and pathophysiological mechanisms can
benefit from the research avenues provided by metabolomics, particularly for
designing targeted treatment strategies.

Currently, large-scale, dedicated studies in combination with
conventional methods are a necessity to reduce technical limitations and to
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provide validated results for clinical practice. Three of the most evident
limitations for their use in routine clinical applications can be detailed as
following:

1. Mass spectrometry interpretation: Distinguishing clinically relevant
biomarkers from all the detected metabolites in a spectral dataset
during the preclinical phase is the most daunting aspect of the clinical
application of metabolomics due to the numerous overlapping
correlations.

2. Clinical biomarker identification: Clinically relevant and disease-
specific biomarkers are seeing a stagnant development in
identification, which is further hindered by the inherent dynamism of
the metabolism. Additionally, the need for rigorous validation of
proposed biomarkers for their intended purposes slows down the
already slow-moving field.

3. Standardization: Standard ranges for identified and validated
biomarkers that contain acceptable variations caused by individual
differences should be established in healthy individuals. Only after
these ranges are established, routine clinical applications can utilize
such metabolites in pathology.
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Abstract

Metabolomics has presented specific findings about metabolite
variations in multi-biofluids and tissues and has provided countless
potential biomarkers and therapeutic targets. Metabolomics is significant
when considering the need for diagnostic biopsies of the central neural
system tissues in neurological diseases and difficulties in clinical
practice.

Additional metabolic pathways that show involvement in different
disease steps are demonstrated despite the genetic and
pathophysiological heterogeneity of neurological diseases. Metabolic
pathways are variable dynamic systems that are controlled by
endogenous circadian mechanisms. Experimental models on metabolic
reprogramming are significantly informative about the molecular
mechanisms underlying metabolic changes. These mechanisms and steps
are essential in terms of defining the therapeutic window. Additionally,
knowing the next step in the disease progress enables critical practices
for treatment to be applied.
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Introduction

Metabolomics is a detailed and quantitative measurement of metabolites in
tissues, cells, and body fluids (Coskun, 2007). Metabolomics is the last fact in
genomics, transcriptomics, and proteomics processes, and it enables us to
understand the cellular and molecular basis of diseases. For compound
analyses and metabolic profiles, mass spectrometry (MS) and nuclear
magnetic resonance (NMR) are commonly used. The combined use of MS and
chromatography separation technologies provides better results. Gas
chromatography from chromatography methods has a two-stage approach and
detects volatile and non-volatile metabolites. GC-MS (Gas chromatography-
mass spectrometry), tricarboxylic acid (TCA) cycle, glycolysis, fatty acid, and
amino acid cycle are significant in detecting metabolites. Liquid
chromatography (LC) includes non-volatile metabolites. Capillary
electrophoresis is used to detect carbon metabolites.

Energy is needed for signal mechanisms and cognitive functions in the
brain. The brain needs approximately 25% of the glucose source in the body
for energy usage. Generally, the production of ATP (adenosine triphosphate)
is based on this glucose source. In the physiopathology of chronic neuronal
damages, it has been thought that, generally, there are the decreased energy
metabolism and mitochondrial dysfunctions. Pathologies (glycolysis,
oxidative phosphorylation pentose phosphate pathway) in energy and central
carbon metabolism have a crucial role in the formation of neurodegenerative
and psychiatric diseases. Astroglial and neuronal oxidation is not only related
to glucose, but also related to substrates that contain a combination of
neuromediators such as fatty acid oxidation, pruvate, lactate, glutamate, and
GABA (Gamma aminobutyric acid) (A. Panov et al., 2009; A. V. Panov et al.,
2011). In fact, lipids are also essential in terms of their participation in cell
membrane structure and signal transduction, in the central neural system
hemostasis. Although the amino acid effect partially seems as in the second
plan during gluconeogenesis and neuronal activity, protein proteolysis,
ketoglutarate, and pyruvate transamination cycle are also active. The blood
brain barrier is an important vascular structure that protects the neuronal area
and has a role in biomolecule exchange. Intracellular and extracellular enzyme
combinations also contribute to molecular transition by metabolizing and
inactivating neuroactive and neurotoxic structures (Kasser et al., 1986; El-
Bacha & Minn, 1999). Because these mechanisms are more active in the
central neural system, it is more protected against toxins than the peripheral
neural system. The blood brain barrier partially decreases the detection of
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brain metabolomics, and yet, it is not clear how much it reflected the tissue
activity of the metabolite (Griffin & Salek, 2007). Additionally, knowing the
next step in the disease progress enables critical practices for treatment to be
applied (Bonomo et al., 2020).

Theoretical Perspectives

Metabolomics is significant when considering the need for diagnostic biopsies
of the central neural system tissues in neurological diseases and difficulties in
clinical practice. Metabolomics can track dynamic changes in biological
systems by providing correct knowledge for clinical practices and translational
medicine (Pagani et al., 2017). In many diseases, specific chemical and
biochemical changes occur before clinical symptoms. In detecting potential
biomarkers, the most accessible biofluids are cerebrospinal fluid (CSF),
plasma, and urine. The CSF provides knowledge about neuropathology in the
brain and the biochemical environment of the central neural system.

Alzheimer Disease

Alzheimer disease (AD) is characterize with abnormal B-amyloid and Tau
protein accumulation in the brain, and it generates the most common form of
progressive dementia (Karran et al., 2011). The substructure of AD metabolic
could not be understood completely, and the relation between systematic
pathology and AD is unclear. Many metabolic network and glucose energy
dysfunctions that involve lipids and amino acids have a role in AD in
pathomechanism (Wilkins & Trushina, 2017). Changed levels of arginine and
its metabolites were found in the superior frontal gyrus and the hippocampus,
which are important areas affected by AD (Liu et al., 2014). Additionally, the
amount of arginine in the temporal cortices of AD was found 25% less
compared to the control group (Gueli & Taibi, 2013). In pre-clinical and
clinical studies for AD, differences were detected in glutamine, glutamate,
aspartate, N-(L-arginino) succinate, N-acetyl-aspartate, and alanine levels.
The glutamate NMDA receptor antagonist memantine is one of the two types
of medical treatment used in clinical practice in suppressing the increase in
glutamate level.
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In the stage of prodrome and pre-clinical, determining AD pathology is
essential in terms of slowing the disease progress and treatment strategy. In
AD autopsy studies, there are pathological findings of sphingolipid
metabolism disorder (Varma et al., 2018). Especially, changes in eicosanoids,
which are part of the arachidonic acid metabolism, have been observed and,
this situation can be related to neuro inflammatory (Latta et al., 2015). CSF
(cerebrospinal fluid) impaired citrate balance was detected in Alzheimer
disease (Ghauri et al., 1993). In AD, the amounts of ethanolamine
plasmalogens reduce in both the brain and plasma. Plasmalogens are important
endogenous antioxidants that protect lipids and lipoproteins (Goodenowe et
al., 2007). In AD, it is detected that there is a decrease in long-chain aliphatic
sphingolipids and a decrease in the level of ceramide. It is thought that there
is a relation between changed plasma ceramide levels and disease
physiopathology (X. Han et al., 2011). In AD pathogenesis, there are data to
support the involvement of an abnormal membrane metabolism.

The decrease in polyunsaturated fatty acids (PUFA) and phospholipid
(PL) and the increase with the effect of phospholipase C and D, and
diglycerides, which are by-products of phospholipid hydrolysis were found
(Gonzalez-Dominguez et al., 2014). There is a need for a comprehensive level
of approach to understand the multi-directional pathophysiology of AD
completely.

Parkinson’s Disease

Parkinson's disease (PD) is a movement disorder characterized by resting
tremor, bradykinesia, rigidity, and degeneration of dophaminergic neurons in
the prominent basal ganglia in the substantia nigra. In PD, the plasma amount
of uric acid with antioxidant featured, which is the end product of purine
metabolism, is low and it has been shown that PD increases as the uric acid
level decreases (Johansen et al., 2009). Significant decreases in tryptophan,
creatinine, and 3-hydroxyvalerate levels have been reported in PD (Trupp et
al., 2014).

There is an opinion that protein misfolding and aggregation,
mitochondrial damage, oxidative stress, and inflammation are involved in the
PD pathogenesis (Sommer et al., 2017). PD a-synuclein aggregation forms the
beginning of neurodegenerative processes, and the TCA cycle is regulated
downward besides the metabolism of glycine, serine, and threonine (Graham
et al, 2018). This situation is a marker of insufficient energy and
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mitochondrial dysfunction. There has not yet been a successful response yet
from treatment protocols that are based on the mechanism of preventing or
removing the a-synuclein aggregation. It can provide comprehensive
biochemical bases to resolve the molecular mechanism of PD pathogenesis.

Significant decreases in catecholamines including homovanilic acid
(HVA), dihydroxyphenylacetic acid (DOPAC), L-dopa and dihydro-
xyphenylglycol have been reported in PD (Goldstein et al., 2012). DOPAC
levels are not specific for PD and a significant decrease is observed in
catechols in patients with other synucleinopathies such as pure autonomic
failure and multiple system atrophy (MSA). Amino acids, fatty acids,
acylcarnitines, lipids, purines, organic acids, and sugars, which are parts of PD
branched-chain amino acids metabolism, have been determined differently
compared to the control groups. Additionally, kynurenine metabolites changes
in PD can be accepted as a potential biomarker and provide new treatment
opportunities (W. Han et al., 2017).

Huntington Disease

Huntington disease (HD) is a progressive autosomal dominant inherited
neurodegenerative disease with chorea, dystonia, coordination disorders,
cognitive, and behavioral disorders. Increased glucose amount in plasma has
been associated with diabetes (Farrer, 1985). Increased lactate and glucose
concentrations have been found in the CSF metabolism in HD (Verwaest et
al., 2011). The observed increase is the result of an increase in glucose
concentration with closure of the neuronal-glial, glutamate-glutamine cycle.
All of these metabolites support energy metabolism dysfunction. Additionally,
increased lipid B-oxidation markers such as glycerol and diethylene glycol and
variable lactate levels are likely to be associated with cachexia (Underwood et
al., 2006).

Motor Neuron Disease

Motor neuron disease (MND) is a heterogeneous neurodegenerative disease
that affects upper and lower motor neurons. It has clinical findings such as
wide muscle weakness, swallowing difficulty, and respiratory difficulty. The
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most common form is amyotrophic lateral sclerosis. Changed glutamate
metabolism is important in MND.

There are studies showing that branched-chain amino acid metabolites
such as phenylalanine and tyrosine can be used in differential diagnosis
(Blasco et al., 2014). Plasma acetate, acetone and B-hydroxybutyrate levels are
increased in ALS, supporting the systemic energy metabolism disorder
(Graham et al., 2018).

Cerebrovascular Disease

A part of the brain is deprived of oxygen and nutrients depending on cerebral
malnutrition with blood vessel occlusion by the reason of a thrombus or
embolism during cerebrovascular disease (CVD) and is severely damaged by
the induction of metabolic and cellular disturbances. In the serum and plasma
of patients with cerebral ischemia, changes in metabolite levels, including
organic acids, amino acids, free fatty acids, lipids, and low-density
lipoproteins, have been reported. In its metabolomic analyses with CVD,
glycine, isoleucine, and lysine levels, which are associated with inflammation,
have been decreased compared to the control groups. While changes in
membrane lipid metabolism are observed in serum of patients with middle
cerebral artery occlusion, changes in the branched-chain amino acids leucine,
isoleucine, and valine have been observed in cardioembolic stroke (Kimberly
et al., 2013). Basically, glucose metabolic pathways are highly affected by
cerebral ischemia based on reduced oxygen and nutrient availability (Rink &
Khanna 2011). In the glycolysis process, the anaerobic pathways are activated
instead of the aerobic pathway in cerebral ischemia. Additionally, suppression
of the tricarboxylic acid (TCA) cycle with oxidative radicals also activates
anaerobic glycolysis (Sahni et al., 2018). The pentose-phosphate pathway is
activated as an endogenous antioxidant mechanism by increasing the
nicotinamide adenine dinucleotide phosphate (NADPH)/nicotinamide adenine
dinucleotide (NAD)+ ratio. Lactate is produced as the end product and the
cytosolic environment becomes acidic. As a reflection of these metabolic
changes in the brain, increased formate, glycolate, lactate, and pyruvate levels
have been reported in patients with cerebral ischemia. Additionally, it is
suggested that increased formate and glycolate levels and decreased
dimethylamine, glycine, hippurate, and methanol levels in CVD are related to
hyperhomocysteinemia, which is an important risk factor in CVD (Jung et al.,
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2011). Serum betaine levels were found to be low in CVD, and the occurrence
of this situation is quite surprising because high levels of betaine, which is a
methyl donor, decrease the level of homocysteine, which is a risk factor for
stroke (Spence, 2006). Impaired insulin sensitivity and increased glucose
levels are also known risk factors for CVD. Lactate levels are high in CVD.

Idiopathic Intracranial Hypertension (IIH)

Idiopathic intracranial hypertension (IIH) is a disease characterized by high
intracranial pressure, which mostly affects overweight young women, with
clinical findings ranging from headache, visual impairment, and blindness in
which the imaging findings are mostly normal (Friedman & Jacobson 2002).
Because of the high cranial pressure and compressed vascular system of IHH,
the anaerobic respiration mechanisms are activated, and oxaloacetate levels
rise. Furthermore, citrate levels decrease with impaired of the citrate synthase
effect in the citric acid cycle. Thus, ketone bodies such as 3-hydroxybutyrate
rise and anaerobic environment controls because there is a carbohydrate
substrate deficit (Hassan-Smith et al., 2012).

Multiple Sclerosis

Multiple sclerosis (MS) is an inflammatory demyelinating disease of the
central neural system of unknown etiology, and is progressive and causes a
high rate of disability even though some of its subtypes may progress with
relative remissions.

Peripheral myelin-like antigen-activated T cells are transported through
the blood and cross the blood brain barrier and infiltrate the central neural
system. The special formed cytokinins affect the oligodendrocytes and axons
and cause demyelination and axonal damage. At the end of these damages, the
neurodegeneration process begins, and the rate of disability increases. The
complexity of physiological and pathological processes also complicates the
evaluation of central neural system damages. N-acetyl aspartate produced by
neurons is a biomarker that indicates axonal damage. In the previous study
conducted with in vivo proton magnetic resonance spectroscopy (‘H-MRS) in
MS, it was determined that lactate and fructose increased and creatinine
decreased. In another study, an unidentified N-methyl compound and
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increased acetate, lactate were found (Simone et al., 1996). The different
prognostic subgroups of MS disease and heterogeneous patient groups in the
studies may have caused different results. In a comprehensive study with a
homogeneous patient group, increased lactate, creatinine, B glucose,
glutamine, B-hydroxyisobutyrate (BHIB), fructose, and decreased
phenylalanine levels have been found in MS (Lutz et al., 2007). It has been
reported that the hypoxia-like damage mechanism in MS is related to plaque
formation (Lassmann, 2003). It has activated the anaerobic mechanism to
tolerate the decreased oxidative metabolism in and around plaque in MS.
Mitochondrial dysfunction is important in the pathogenesis and progression of
MS. CSF sorbitol, fructose, and lactate amounts have been found as increased
in MS patients compared to healthy control groups (Regenold et al., 2008).
These findings contribute to mitochondrial dysfunction in MS where
glycolysis dependency increases and mitochondrial energy production
decreases. Additionally, the findings of mitochondrial dysfunction are
available not only in the lesions but also in the normal brain area.

Neuromyelitis Optica (NMO) is an inflammatory and demyelinating
central nervous system disease similar to MS with severe optic neuritis and
myelitis attacks. For that reason, more specific metabolomic markers
contribute to differential diagnosis in diseases with similar characteristics. In
the 1H-NMR spectral analyzes performed in MS patients, it has been shown
that the amount of syclloinositol is 0.15 to 3 times higher than the control
groups (Moussallieh et al., 2014). The amount of myo-inositol, which is a
stereoisomer of syclloinositol, has also been found to increase in MS patients.
The amounts acetate have been found to be higher in NMO patients compared
to the control group and MS patients.

Epilepsy

Epilepsy is a clinical case with a sudden involuntary repetitive contraction and
changes in consciousness that occur after abnormal and excessive electrical
discharge in cortical neurons. The diagnosis of epilepsy is currently based on
symptomatology and EEG (electroencephalography). During the seizure,
there is an increase related to dysregulation of the base components of energy,
amino acid, phospholipid, and purine metabolism. In the studies on patients
with focal epilepsy and animal form, it was determined that the extracellular
concentrations of endogenous components such as glutamate, isolosine,
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GABA (Gamma aminobutyric acid), lactate, and adenosine changed related to
seizures (Ong et al., 2021; Dhaher et al., 2021; Varma et al., 2018; During et
al., 1994; During & Spencer, 1992). It was also suggested that epilepsy
pathogenesis may be related to the citrate cycle (Bainbridge et al., 2017). It
has been found that the metabolism or transport disorder of glycine, which is
an inhibitory neurotransmitter, may be related to the pathogenesis of epilepsy
and cognitive impairment in patients with epilepsy (Shen et al., 2015). Alpha-
ketoisocaproic acid, xylose, and glycine are expressed in a different way in the
cerebrospinal fluid of patients and are related to epilepsy and convulsive
symptoms (Niu et al., 2022).

Migraine

Migraine is an episodic neurological disease that causes severe headaches and
significant loss of workforce. Hypoglycemia, dehydration, hypoxia, and
insomnia are essential triggering factors. Because of increased ADP and
decreased organophosphate levels, mitochondrial oxidative phosphorylation
is effective in the pathogenesis of the disease. High brain lactate levels were
observed in migraine patients with aura; however, they were not detected in
those without aura (Prescot et al., 2009). The metabolic abnormalities
observed during migraine attacks are not pathogenic changes, but moderator
effects.

Peripheral Neuropathies

Peripheral neuropathies are diseases with metabolic, toxic, and genetic causes
and peripheral nerve damage. Mitochondrial dysfunction is effective in
etiology. Mutations causing mitochondrial dysfunction form the etiological
causes in hereditary neuropathies (Niemann et al., 2006). In a metabolomic
study with Charcot-Marie-Tooth-2D (CMT2D), it demonstrated that the
amounts of ascorbic acid and carnitine decreased, while glycine increased
moderately in the spinal cord and sciatic nerve (Bais et al., 2016). The early
decrease in TCA metabolites and the increase in valine, isoleucine, and leucine
indicate a shift towards alternative energy pathways in the diabetic modeling
study for peripheral nerve injury. Additionally, an increase in sorbitol levels
has also been observed in advanced diabetic conditions. At the end of
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progressive changes on energy usage, caused tissue-specific dysfunction has
been found (Rojas et al., 2019). In acute polyneuropathy variants, decreased
acetate and increased monoglycerols, such as monopalmitate and monostearin,
cause abnormality in myelin lipid biosynthesis.

Conclusion

Genomic, epigenomic, proteineomic, and fundamentally metabolomic
approaches will provide a comprehensive view of system biology.
Metabolomics has provided a general “fingerprint” in metabolite variations in
multi-biofluids and tissues and has provided countless potential biomarkers
and therapeutic targets.

Genetic, stem cell, and immunomodulatory treatments have gained
importance in neurological diseases. The use of metabolic markers is
important in the development and conventionalization of these treatments.
Additionally, metabolic profiling will provide information on the cell-specific
secondary effects of drugs and will assist in the development of treatments.
Differences in models of up- or down-regulation of metabolites have been
observed because of limitations in standardizing disease severity, when it
started, race, diet, age, and other patient characteristics in metabolic analyzes
involving patients.

Metabolomics should be optimized and evaluated on a large scale. Also,
a detailed etiological evaluation and examination of clinical variables are
required for standardization. The potential biomarkers and metabolic
pathways that occurred in current studies should be confirmed by large-scale
independent populations.
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Abstract

Metabolomics is the large-scale study of small molecules produced from
the metabolic activities of the organism, and these molecules are
generally called metabolites. The relationships of these metabolites with
each other and with the biological system are called the metabolome.
Unlike genomics, proteomics and transcriptomics, metabolomics is a
field of study that examines in a broad spectrum of all metabolic activities
in organisms. These metabolites are commonly divided into two groups,
targeted and untargeted: targeted metabolites are based on quantitative
methods that allow the metabolite concentration to be measured; and
untargeted metabolites are those that envisage the simultaneous
evaluation of large-scale metabolites without any prior sample
information to form hypotheses. It is also suitable for describing changes
in different pathophysiological conditions. There are many
considerations about the functions of metabolic processes and individual
metabolites, and important information has been recorded. They have
important roles in immune cells. To identify metabolites that explain how
the immune system works, the use of mass spectrometry and NMR
spectroscopy-based platforms provides important biomarkers of how the
immune system functions. This section gives important clues about how
metabolomics is used in the immunology field. In particular, future roles
of metabolomics in the immune system will be discussed.

* Corresponding Author’s Email: sdalkilic@firat.edu.tr.

In: Metabolomics and Clinical Approach
Editors: Sevgi Durna Dastan and Taner Dastan
ISBN: 979-8-89113-095-1

© 2023 Nova Science Publishers, Inc.



186 Semih Dalkili¢ and Liitfiye Kadioglu Dalkilig

Keywords: metabolomics, immune cells, biomarkers, mass spectrometry,
immune system

Introduction

Metabolites are small molecules formed by cellular metabolism, which can
reflect the results of biochemical reactions, thus allowing information about
the physiology of the cell (Liu & Locasale, 2017). It covers the measurement
of endogenous, exogenous molecules, and even small molecules at the
substrate level in biological systems. Metabolome, on the other hand, is
defined as the qualitative and quantitative combination of all low molecular
weight molecules that are included in the general metabolic reactions of the
cell and are necessary for the proliferation, growth, and normal functioning of
the cell (Harrigan & Goodacre, 2003). The size of the metabolome varies
according to the organism in which it is found. For example, Saccharomyces
cerevisiae contains about 600 metabolites (Forster et al., 2003); however,
plants have about 200,000 primary and secondary metabolites (Fiehn, 2002),
while the human metabolome is estimated to be larger.

Today, Fourier transform infrared (FT-IR) spectroscopy, NMR, and liquid
chromatography-mass spectrometry are used to identify metabolic biomarkers
that may change in response to the presence of a disease or in response to drug
intervention. Among them, the determination of the effect against biochemical
or environmental stress on genetically modified (GM) organisms (Le Gall et
al., 2003) and it is also used in bacterial identification and is important in this
sense (Vaidyanathan et al., 2002). Recently, there have been new searches for
cellular immunometabolism in immunological studies, as well as future
prospects. It is in the direction that metabolomics will contribute to
immunology research. The metabolome influences the cellular physiology of
the genome, epigenome, transcriptome, and proteome through the modulation
of omic levels (Rinschen et al., 2019). The mRNA and protein levels studies
may not be used to directly determine cellular functions and interactions. In
order to determine the response to an environmental stimulus of an organism
or a cell, it is necessary to examine the biochemical parameters that constitute
the metabolic response, in addition to analyzes at the gene and protein level.
Omics provides answers to questions surrounding the biological effects of
exposure to environmental factors (Lin et al., 2006).
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Relationship of Metabolomics with Immune Diseases

Metabolites are known to be associated with immune diseases. Many studies
have been conducted to show that the molecules formed as a result of the
metabolic activities of the organism can affect the immune system’s activity
by affecting the immune system cells. It is important to reveal how these
metabolites affect our health, and therefore our immune system, or the
relationship of these metabolites with diseases. The determination of
metabolites that play a role in the emergence of different diseases and their
use as a biomarker that can be used in the diagnosis of diseases constitute the
research areas of metabolomics. It has been determined that there is an
absolute relationship between metabolites and type 1 diabetes (Galderisi et al.,
2018; Sas et al., 2015; Wang et al., 2011). T1D is a chronic autoimmune
disease that develops when the insulin-producing cells in the pancreas are
damaged and the body cannot produce insulin. Studies have shown that some
changes in metabolites are associated with an increased risk of T1D and, as a
result of the analysis of metabolites, it has been determined that it facilitates
the diagnosis of T1D (Oresi¢ et al., 2013; Pflueger et al., 2011; Sysi-Aho et
al., 2011). A study investigated the link between branched-chain amino acids
and Type 2 diabetes in overweight children, targeting the total concentration
of the three branched-chain amino acids, namely leucine, isoleucine, and
valine (McCormack et al., 2013). It was recorded in a cross-sectional cohort
study, with the identification of high concentrations of branched-chain amino
acids associated with insulin resistance (Savolainen et al., 2017). After all, it
is concluded that the density in these branched amino acids is an association
among T2D patients. It is known that there is a relationship between chronic
lung diseases and metabolites. Some studies using mass spectrometry (MS)
have reported changes in the sphingolipid metabolism of chronic obstructive
(COPD) patients (Nambiar et al., 2020). Metabolomics is used to investigate
many sample types such as plasma, serum, and cerebrospinal fluid in order to
obtain fast and efficient results in the use of biomarkers for cylinder purposes
(Adamko et al., 2016; Kumar et al., 2017; Locasale et al., 2012). These sample
types are very convenient as they are noninvasive. Studies show that diet and
bacterial metabolites have an important role in the examination of intestinal
and immune balance and immune pathways (Thorburn et al., 2014).

Short chain fatty acids (SCFAs) are among the metabolites with a
protective role and have many functions (Thorburn et al., 2014). SCFA are
important nutrient sources for intestinal epithelial cells (Martin-Gallausiaux et
al., 2021). SFCAs are shown to be among the main metabolites produced in
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the intestine. The rate of SFCA increases in the dietary intake of fiber. In a
study, the stool microbiota of African and European children was compared.
Prevotella and Xylanibacter genera were found in large amounts in the feces
of African children, but they were not seen in the feces of European children
(De Filippo et al., 2010). Asthma is a heterogeneous and chromic airway
disease (Diette et al., 2008; Ober & Hoffjan, 2006). Metabolomics profiles are
associated with asthma (Xu et al., 2022). Metabolomics is also used to identify
endotypes of asthma.

Methods Used to Determine Metabolomics

Metabolomics of a cell or organism is physiological, metabolic changes in
genetic or environmental modulation, similar to the fields of genomics and
proteomics, aims to investigate metabolites at certain levels for acquire
biological information, and different mechanisms are used to model and
determine biological processes (Stanley et al., 2005; Stentiford et al., 2005).
Many methods are used for these purposes, such as high-performance liquid
chromatography (HPLC), Fourier-converted infrared (FT-IR) spectroscopy,
mass spectrometry, and nuclear magnetic resonance (NMR) techniques
(Defernez et al., 2004; Gidman et al., 2003; Harrigan et al., 2004; Lenz et al.,
2005; Viant et al., 2003; Wilson et al., 2005).

Mass Spectrometry (MS)

MS is the most commonly used technology in metabolomics and, with its
selectivity and ability to identify metabolites immediately, it is an accessible
analysis method for both qualitative and quantitative analysis. With this
method, according to the mass/charge ratio of the ions, it allows them to be
easily separated from each other and to work with the detected ions (Dunn &
Ellis, 2005).
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Nuclear Magnetic Resonance (NMR) Spectroscopy

NMR spectroscopy in metabolomics is a useful method that is very fast in
terms of time, highly efficient, and requires minimal sample preparation
(Lindon et al., 2003; Reo, 2002). NMR spectroscopy causes the nuclei to affect
the nuclear spin of the nucleus in a magnetic field by acting on the nuclear
charges of the atoms with strong magnetic fields and radio frequency. Then,
the radiation oscillation will be determined by the transition from the low
energy spin number to the high energy spin number. S. cerevisiae mutants
were analyzed by the NMR method, although the enzyme flux was small due
to changes in metabolite concentrations (Raamsdonk et al., 2001).

Metabolomics in Uncovering Biomarkers
of Immune Responses

It is known that most diseases are caused by the immune system. Metabolomes
are important biomarkers in this sense. Examining the metabolites resulting
from the activities and interactions of the immune system and using these
metabolites as biomarkers in the diagnosis or prognosis of the disease provide
important advantages. Profiling metabolomics using NMR spectroscopy
constitutes a very important perspective (Altonen et al., 2020; Saric, 2010).
Developments in the field of metabolomics have revealed the connection
between the cellular and immune systems of conditions that were previously
thought to be unrelated to the immune system. Personalized metabolites are
important biomarkers for immune parameters in both infectious and non-
communicable diseases (Alonso et al., 2016).

Investigation of the Effects of Intracellular Signaling
Metabolites on Immune Cell Function

The domain of immunometabolism depends on changes in intracellular
metabolism that aid immune cell action and control immune cell functioning.
Depending on the effect, immune cells are metabolically reprogrammed to
support immune cell tasks such as cytokine production, proliferation, and
transfer activities to increase energy demand (O’Neill et al., 2016). All cells
that are mobile, immobile, proliferating, reproducing, or activated need to
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produce ATP and synthesize macromolecules in order to continue their life
processes. Cells’ needs are fulfilled by interconnected glycolysis, the
tricarboxylic acid (TCA) cycle, and oxidative phosphorylation (OXPHOS)
(Ganeshan & Chawla, 2014). In immunometabolism, it comprises an effective
energy production process by forming a whole with OXPHOS that consumes
mitochondrial TCA (Loftus & Finlay, 2016).

Extracellular Vesicles Untargeted Metabolomics Analysis

Extracellular vesicles (EV) are nano-vesicles that have a bilayer lipid layer
(Guan et al., 2021). EVs are heterogeneous and are divided into 2 groups:
exosomes and micro-vesicles. They also differ from each other in terms of
functionality. This difference is also due to the metabolite difference in their
composition (Guan et al., 2021). Exosomes, micro-vesicles, and apoptotic
bodies play an important role in cell-to-cell signal transmission. They also
control biological processes such as immunomodulation, carcinogenesis, and
tissue regeneration (Dudzik et al., 2021).

Conclusion

Metabolomics, especially in cancer biology, was used to substantiate
hypotheses and identify new avenues of treatments; was used in the study of
untargeted LC-HRMS to discover that cancer cells with mutant IDH1 produce
2-hydroxyglutarate, a metabolite found in the spectrum of mutants using LC-
HRMS. It has been stated that this metabolite provides a relationship between
metabolism and epigenetics (Dang et al., 2009; Lu et al., 2012). Cell and
tissue-based metabolomics aims to provide new targets for understanding and
interpreting the pathogenesis of disease or disease. Immunometabolism; New
therapeutic drug targets and biomarkers that interact with the link between
metabolism and the immune system can reveal agents that may be hope for
the future where biomarkers are needed (Maas et al., 2022). Amino acids,
carbohydrates, lipids, and nucleotides are closely related to the immune
system response and molecular mechanisms. Processes, such as diseases and
infections, affect this response and the system. Metabolomics research is a
promising field in evaluating the host response and determining the
metabolites that make this interaction.
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Abstract

Neurological and psychiatric diseases and disorders remain great public
health hazards. There is a need for research for their early diagnosis and
for developing more effective treatment approaches. In neurological and
psychiatric diseases, which are multifactorial conditions without a single
gene mutation, metabolomics is important for a holistic assessment.
Nuclear magnetic resonance (NMR)-based and chromatography/mass
spectrometry-based approaches can be clinically applied to assess the
metabolome. MS has become significantly important in biological and
biomedical research in the last 20 years. lonization sources, matrix-
assisted laser desorption/ionization (MALDI), secondary ion mass
spectrometry (SIMS), and desorption electrospray ionization (DESI), are
now included in the most important mass spectrometry imaging (IMS)
studies. The ability to identify the spatial distribution of hundreds of
analytes in a single imaging study without needing a label or preliminary
information is one of the main advantages of MALDI-IMS over other
imaging methods. Studies using MALDI-IMS have been conducted to
better understand the cellular pathology and/or severity of the disease in
neurology and psychiatry. Moreover, MALDI-IMS has enabled the
matching of specific classes of analytes with brain regions that may have
been lost using more traditional methods. The clinical uses of mass
spectrometry-based approaches in neurology and psychiatry will be
addressed in this section.
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Introduction

Nowadays, it is reported that only genome or proteome analysis is inadequate
to clarify the molecular mechanism of any disease; alternatively, more realistic
results are obtained from a holistic assessment, which also involves
metabolomic studies (Fiehn, 2001; Ibanez et al., 2012). Metabolomics has the
potential to diagnose diseases, classify subjects in a heterogeneous patient
population, monitor the effectiveness of treatment and the progression of
disease, and identify novel therapeutic goals (Nordstrom and Lewensohn,
2010; Abu-Asab et al., 2011). Almost all of them are significant characteristics
for psychiatric and neurological diseases, multifactorial circumstances
without single gene mutation. Considering a high increase in diseases, it is
urgently necessary to better understand the mechanisms related to endogenous
metabolism. Untargeted and targeted metabolomics are two different
approaches for measuring metabolites in biological materials.

Untargeted Metabolomics

It represents the detailed analysis of all measurable analytes in a sample,
regardless of their identity. The fact that it is agnostic in metabolome
measurement is one of the benefits of this approach. Thus, it allows discovery
of new or unexpected molecules for further studies. Its biggest disadvantage
is that it has a natural bias for detecting large amounts of molecules. There are
difficulties in processing and interpreting data since each sample analysis
produces large amounts of data that can be both complex and time-consuming.
The identification of each metabolite measured requires database searching,
and there is usually a need for more experimental studies to verify the full
identity of a relevant signal.

Targeted Metabolomics

It involves measuring a predefined set of chemically characterized metabolites
to cover a selected part of the metabolome. The metabolites measured
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represent only a subset of those to be measured with a non-targeted approach.
Hence, a targeted approach generates a much smaller data series in which
individual metabolites are detected with higher confidence. The metabolome
is composed of a series of various biomolecules, the end products of
transcription, translation, and protein activities, and mentions the complete set
of small molecule metabolites (e.g., metabolic intermediates, hormones, and
other signaling molecules and secondary metabolites) (<1.5 KDa) that are
presented in a biological pattern such as a single organism. A single analytical
platform cannot sample the whole metabolome/lipidome due to the chemical
variety of the said metabolites. Mass spectrometry approaches are among the
most trustworthy analytical platforms that ensure precise and structural
quantitative data for complicated biological samples (Koal and Deigner, 2010;
Dudley et al., 2010).

In addition to the ongoing development of new techniques for assessing
the metabolome, the current clinically applicable approaches can be divided
into two broad categories as nuclear magnetic resonance (NMR)-based and
chromatography/mass spectrometry (MS)-based approaches. Both approaches
have advantages and disadvantages (Mishur and Rea, 2012).

MS-based metabolomics has been utilized in various areas of disease
research. Nevertheless, it is a difficult and long process to investigate
metabolites in-depth. For multi-omic studies in neurology, mass spectrometry
imaging (IMS) seems a strong instrument. IMS combines the multichannel
(m/z) measurement capacity of mass spectrometers and a surface sampling
process allowing for the quick investigation and mapping of intact proteins,
released glycans, proteolytic digested peptides, glycolipids, small metabolites
and phospholipids in brain tissues (Xu and Li, 2019). MS is regarded as a
multipurpose instrument with high sensitivity and specificity and is frequently
used worldwide. MS technology has been implemented in different main
disciplines that ensure technical support for identifying and exploring
endogenous substances in living beings (Yang et al., 2019). It is possible to
combine all chemical isolation techniques, such as capillary electrophoresis
(CE) or gas-liquid chromatography (GC) and liquid-chromatography (LC)
with MS detection (K6nig, 2011). Some sources of ionization in MS have the
ability to ionize molecules. Matrix-assisted laser desorption/ionization
(MALDI), desorption electrospray ionization (DESI), and secondary ion mass
spectrometry (SIMS) are now included as ionization sources in the most
important IMSI studies (Buchberger et al., 2018; Chandra et al., 2000; Cooks
et al., 2006).
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Mass Spectrometry Approach in Neurology

Neurological diseases are important health problems, and there is a need for
research to improve early diagnosis and/or develop more efficient treatment
approaches. Despite the presence of numerous imaging methods and
techniques to investigate the mentioned diseases, the available approaches are
usually costly and time-consuming. MALDI-IMS represents a label-free,
creative, and ever-developing technique for tissue histopathology generating
2D ion density maps that represent the dispersion of an analyte across a tissue
section. The ability to identify the spatial dispersion of hundreds of analytes
in one imaging study without needing any preliminary information is one of
the primary advantages of MALDI-IMS over other imaging modalities
(Schnackenberg et al., 2022). Despite the fact that MALDI-IMS was basically
developed for the spatial profiling of peptides and proteins, it can detect N-
linked glycans, lipids, neurotransmitters, metabolites, and small molecule
drugs (Ryan, 2019). Moreover, MALDI-IMS has the ability to detect hundreds
of analytes at the same time in one imaging study. The increased productivity
has led IMS to become effective in numerous disciplines, such as psychiatry
and neurology (Chen et al., 2019). MALDI-IMS is quite appropriate for
detecting lipid types long associated with neurological diseases, such as
Parkinson’s, Huntington’s, Alzheimer’s, and multiple sclerosis. Many lipids
are ionized because a phosphate group or nitrogen center is present, resulting
in the abundant detection of negative or positive ions by MALDI. The majority
of lipids have molecular weights below 1000 DA, the mass range ensuring the
ultimate sensitivity in MS. Therefore, incorporating IMS platforms into
neurological research has provided a comprehensive assessment of diseases
by brain regions and the matching of specific classes of lipids to disease-
relevant brain regions (Zemski, 2011; Shariatgorji et al., 2014).

Alternative ionization approaches are available in IMS, which have
demonstrated that different applications, e.g., desorption electrospray
ionization (DESI) and secondary ion mass spectrometry (SIMS), are also
useful. DESI imaging has been employed for assessing lipid dynamics in
vascular dementia rat models, metabolite and lipid profiles in human brain
tumors, and chemical dynamics in fetal pig brain development (Severiano et
al., 2020; Jarmusch et al., 2016). SIMS imaging has been used in clinical
samples taken from Alzheimer’s patients, in addition to many studies on
protein and lipid localization in the brains of Alzheimer’s disease animal
models. Unlike other ionization approaches, an energy-absorbing matrix is
needed in MALDI. Nevertheless, MALDI is the most commonly used method,
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although a matrix material is needed for ionization (Carlred et al., 2014; Lazar
etal., 2012).

Stroke

Cell death occurs immediately because of the interrupted blood flow to the
brain. The researchers focused on imaging gangliosides, involved in the
formation of brain disease following a stroke. MALDI-IMS was implemented
as a novel instrument for better investigation of gangliosides in stroke. In the
early assessment of gangliosides using MALDI-IMS, it was found that stroke
is caused by middle cerebral artery occlusion (MCAO) in mice. After injury
and reperfusion, mice were sacrificed at different time points from MCAO to
day 28. Unique profiles of various ganglioside types, including
disialotetrahexosylganglioside (GD), trisialotetrahexosyl ganglioside (GT1b),
mono-sialotetrahexosylganglioside (GM1), mono sialotrihexosylganglioside
(GM2), and monosialodihexosylgaglycoside (GM3), the highest expression of
the brain regions and the changes occurring 3-7 days after reperfusion related
to secondary neuron death and neuroinflammation, respectively, were
evaluated. The research results verified previous studies describing GM1 in
white matter tracts and GD1a in the gray matter after stroke and detected GM2
and GM3 in the gray matter at the border of the infarcted region for the first
time (Whitehead et al., 2011). It has been reported that post-stroke, GM1 and
GD1 decrease in brain tissue, ganglioside disorder occurs, and GM2 and GM3
accumulate specifically in brain tissue (Caughlin et al., 2019).

The MALDI-IMS platforms were also used to investigate the effect of
stroke on other types of lipids. In a study in which MALDI-IMS was used with
in vivo PET imaging to evaluate lipids after stroke recovery, stroke-induced
lipid changes were detected (Henderson et al., 2018). Especially 1-palitoyl-2-
hydroxy-sn-glycero-3-phosphocol (LPC 16:0) and sphingomyelin (SM) N-
palmitoyl D-erythro-sphingosylphosphorylcholine (SM d18:1/16:0) indicated
up-regulation at the injury site three months after stroke. 1-palmitoyl-2-oleoyl-
glycero-3-phosphocholine (16:0/18:1 PC, POPC), phosphatidylcholines
(PCs), and 1,2-dipalmitoyl sn-glycero-3-phosphocholine (16: 0/16:0 PC,
DPPC found in healthy tissue) indicated down-regulation at the scar site. It is
impossible to determine lipids using other imaging methods such as MRI and
PET; therefore, in lipidomic brain studies, this work emphasizes an important
advantage of using MALDI-IMS (Henderson et al., 2018). Mulder et al.
(Mulder et al., 2019) used the mentioned approach to assess lipids in healthy
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tissue within, adjacent to, and surrounding the infarct core of mouse brains
collected following transient MCAO (tMCAO)-induced stroke. The findings
revealed an increase in sodium species of LPCs and PCs according to
potassium species in the infarct core in the first 24 hours after a stroke. Another
study used MALDI-IMS to assess alterations in the brains of wild-type mice
after N-methyl-D-aspartate receptor (NMDA) subunit GIluN2D knockdown
(GluN2D-/-) and MCAO-induced stroke. The NMDA receptor-mediated
neuronal death was determined after ischemic stroke (Andrews et al., 2020).
The changes in endogenous analytes in brain tissue after stroke and the
impacts of the suggested stroke treatments were evaluated by MALDI-IMS
studies. A neuroprotective agent should cross the blood-brain barrier (BBB)
to be able to protect against ischemic conditions, e.g., stroke. In their study,
Wang et al. (Wang et al., 2018) showed the potential of IMS to assess the
uptake and effects of drugs in brain tissue. The therapeutic effect of
chloroquine after stroke was researched. Chloroquine accumulation in
lysosomes disrupts the normal function of enzymes that catabolize complex
gangliosides. Therefore, chloroquine can prevent ganglioside dysregulation
and inhibit the catabolism of gangliosides after stroke. In the current research,
chloroquine pretreatment was shown to prevent GM2 and GM3 upgradings
and consumption of GD1 and GMI after a stroke (Caughlin et al., 2019).
Recently, MALDI-IMS has also been used to assess alterations in brain
metabolites and the impacts of cell therapies after neonatal stroke. Either
mesenchymal stem/stromal cells (MSCs) or CD43+ cells were administered
intravenously forty-eight hours after stroke induction by MCAO, and all
metabolites except glucose decreased significantly in the infarct core after
MCAUO. Glucose, carnitine, and glutamate increased significantly in the peri-
infarct regions (0.4 mm border of infarct) (Tanaka et al., 2020).

Multiple Sclerosis

Multiple sclerosis represents a debilitating disease when the central nervous
system (CNS) is attacked by the immune system of the body. The formation
of demyelinating lesions in the brain is one of the characteristics of multiple
sclerosis. Nevertheless, the occurrence and repair mechanisms of the lesions
have not been well understood. Axons are protected by the remyelination of
lesions, and the hypothesis that the degree of remyelination can affect the
severity of the disease in subjects has been established. For the purpose of
better understanding the roles of certain proteins in multiple sclerosis, IMS
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was used to evaluate peptides in brain tissues after death, taken from diagnosed
patients (Maccarrone et al., 2017). The research aimed to detect dissimilarly
expressed proteins and peptides in normal white matter, gray matter, and
lesions associated with multiple sclerosis. Depending on the degree of
myelination, different patterns of proteins and peptides were demonstrated.
Plaques with low remyelination levels were related to 7 low molecular weight
compounds that could be protein degradation products. From the MALDI-IMS
dataset, the patterns of protein/peptide changes also showed the existence of
cortical lesions, but the normal histological analysis could not detect lesions;
however, their existence was confirmed by immunostaining. Furthermore,
while the peptide, thymosin beta-4, was found in partially remyelinated lesions
in white matter, it was not identified in completely remyelinated lesions. It has
been demonstrated that thymosin beta-4 plays a role in cell migration and can
be involved in the differentiation of oligodendrocyte progenitor cells to induce
lesion remyelination (Maccarrone et al., 2017). IMS was used to research the
impacts on demyelination/remyelination and especially lipid composition in a
multiple sclerosis mouse model. Myelin is rich in lipids, and it has been
indicated that changes in lipid profiles are involved in multiple sclerosis
(Sekera et al., 2020; Grajchen et al., 2018). Bowman et al. (Bowman et al.,
2020) assessed the distribution of lipids in brain tissue taken from post-
mortem patients with active multiple sclerosis lesions. By conducting
histological analysis, they revealed that lipid signals were associated with
cellular-level characteristics, such as cell nuclei, neutral lipids, CDG6S,
monocyte lineage protein cluster, and myelinated areas.

Teriflunomide, an immunomodulatory agent, has been approved in the
United States and Europe for the treatment of recurrent forms of multiple
sclerosis. It has been argued by the studies that the drug may have a direct
impact on the CNS compartment due to the ability of the drug to cross the
BBB. The impacts of the drug on brain metabolites were evaluated after a four-
day treatment to assess the ability of the teriflunomide to cross the BBB, and
imaging findings revealed that the drug could not reach the CNS compartment.
Nevertheless, endogenous metabolites in the brain were affected by drug
administration. Among the twenty-four metabolites assessed, considerable
alterations were observed in mice administered teriflunomide for the adenine
and uracil nucleotides, uridine diphosphate (UDP)-glucose, glucose-6-
phosphate, and glutathione. Because the imaging findings show that the drug
did not cross the BBB, it is likely that the changed metabolites are due to drug
administration, which is due to an indirect mechanism of action that remains
uncertain. Furthermore, it was assumed that an indirect mechanism might
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probably involve drug interaction with cells that line the BBB and therefore
activate CNS cells (Rzagalinski et al., 2019).

Parkinson’s Disease

Parkinson’s disease (PD) represents a neurodegenerative disease, which
impacts movement and is usually described as a dopamine deficiency disorder.
Moreover, different non-dopamine neurotransmitter systems are impacted at
motor onset and become more apparent with the disease progression (Perry et
al., 1991). In 2012, a MALDI-IMS study was carried out to clarify the site-
specific distribution profiles of neuropeptides in the rat brain of a PD animal
model (Hanrieder et al., 2012). Concerning neuropeptide characterization,
MALDI-IMS reveals novel molecular mechanisms of neuropeptide
modulation of neuronal transmission and has advantages, especially in
determining unknown peptide processing products. On the other hand,
conventionally utilized antibody-based approaches aimed at previously
observed post-translational changes and known peptide sequences. In the
present research, MALDI IMS investigated a relationship between des-
tyrosine alpha-neoendorphine levels and the severity of dyskinesia. It has been
reported that removing N-terminal tyrosine may represent a previously
unknown mechanism of functional inactivation of dynorphins in the striatum
since it reduces the opioid-receptor binding of dynorphin (Hanrieder et al.,
2012). PD represents a degenerative brain disease that impacts nerve cells in
the substantia nigra and basal ganglia. Because the neurotransmitter dopamine
is generated by nerve cells in the substantia nigra, there is great interest in
monitoring neurotransmitter distribution in the brain concerning disease
development. It has historically been challenging to reach this by means of
MALDI-IMS. Nevertheless, a MALDI-IMS method has recently been
developed to obtain a comprehensive map of neurotransmitter networks using
Parkinson’s brain samples from postmortem human tissues and animal models
(Shariatgorji et al., 2019).

Alzheimer’s Disease
Alzheimer’s disease (AD) represents a lethal neurodegenerative disease,

which demolishes important mental functions, especially memory. The high
levels of amyloid-f (AP, beta-amyloid) peptides forming AP plaques and
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accumulated hyperphosphorylated tau protein inducing neurofibrillary tangles
(NFTs) in the brain are the main neuropathological characteristics of AD.
Moreover, in recent years, studies have strongly indicated that lipids play a
very important role in AD pathology (Chew et al., 2020). There have been
quite a low number of tools to evaluate lipids in tissues until recent times.
MALDI-IMS was applied for the investigation of both AD-related peptides
and lipids and is an advantageous tool for increasing knowledge about the
disease in question, considering that it is capable of visualizing the spatial
dispersion of analytes. MALDI-IMS was used to show the spatial dispersion
of a wide variety of AP species in the autopsied brains of humans. It was found
that the accumulation profile of AP1-41 was largely different in its
accumulation capacity from AB1-42, which was demonstrated to determine
the location of accumulation of the C-terminus of the AP structure in AD
brains. The distribution of various types of AP was also revealed in the same
parts of autopsied human brains without particular probes (Kakuda et al.,
2017). A new three-mode, high-resolution (10 pm) MALDI-IMS method was
developed by another group for the analysis of both lipids and proteins in the
identical tissue section. When the above-mentioned method was performed on
a transgenic AD mouse model, the co-localization of plaque-associated A
isoforms and different lipid species was revealed (Kaya et al., 2017a; Kaya et
al., 2017b). With increasing evidence, since lipids have been shown to be
involved in the pathology of AD, the usage of MALDI-IMS to detect AD-
associated lipids has appeared. A protocol using MALDI-IMS was published
for spatial mapping of lipids in brain tissues from the brains of patients with
Alzheimer’s disease and normal human brains (O’Rourke et al., 2019). The
expression of two different types of lipids was shown in the gray and white
matter of the inferior temporal gyrus (ITG) of a patient with AD compared to
a neurologically normal individual. Human hippocampus samples were
analyzed with the objective of identifying 43 lipids that differed considerably
between AD and normal tissue. It was concluded in further imaging research
that the majority of the alterations noticed in AD brains were specific to the
dentate gyrus (DG) and cornu ammonis (CAl) regions, and it was
hypothesized that each hippocampal subarea had its own function (Mendis et
al., 2016). Lipid changes are likely to be specific to every region of the brain.
MALDI-IMS will continue to participate in attempts to support identifying
AD-related peptides and enhancing new therapies for the treatment of AD.
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Epilepsy

Childhood absence epilepsy (CAE) has a genetic source known to be
associated with mutations in genes involved in the calcium, sodium, and
potassium channels and in GABAA receptor subunit genes. In children, CAE
may lead to behavioral, cognitive, and emotional disorders. Few studies
assessed protein alterations in CAE models. An IMS approach was used with
the objective of visualizing the potential protein markers of CAE along the
intact brain section using mouse BS/Orl and BR/Orl strains. Two strains
revealed contrasting epileptic characteristics with BS/Orl (Lagarrigue et al.,
2012).

Amyotrophic Lateral Sclerosis (ALS)

Few metabolomic studies have been conducted on ALS. In an untargeted
metabolomic assessment of ALS plasma, reductions in 4-vinylphenol sulfate
and catechol sulfate were measured. They are microbial host metabolites in
that vinyl phenol and catechol represent microbial metabolites of the
gastrointestinal flora. However, these metabolites are sulfated in the human
liver (Lawton et al., 2012).

Genetic Diseases

Most studies have focused on changes in lipid profiles. A recent study used
LC/MS and IMS to assess glycosphingolipids (GSL) in the brains of mice with
Gaucher disease. Gaucher disease increases the risk of developing Lewy body
disease and Parkinson’s disease. The accumulation of GSL species (possibly
associated with a mutation in GBA1) has been correlated with Gaucher
disease. Nevertheless, the relationship between GSL accumulation and disease
pathology is not clearly understood. Jones et al., used a Farber’s disease
murine model and introduced an IMS method to detect ceramides in kidney
tissue. Ceramides were not previously determined in the tissue by employing
other imaging methods (Jones et al., 2017).
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Mass Spectrometry Approach in Psychiatry

Recently, there has been an increase in attempts to discuss psychiatric
disorders at the molecular level to understand the relevant molecular and
pathophysiological mechanisms. An attempt to explore presumed biomarkers
specific to psychiatric disorders was an important step (Alawieh et al., 2012).
Biomarker investigation mainly uses "omic" technologies (genomic,
transcriptomic and proteomic), as demonstrated, for example, in the
transcriptomic profiling of mood disorders or psychosis and the proteomic
profiling of bipolar disorder (Herberth, 2011; Kurian et al., 2011). Proteomics
began to be increasingly studied, although transcriptomics and genomics were
among the first tools used. Nevertheless, there are individual and common
advantages and difficulties in all approaches. Confirming or validating the
identified proteins is a common difficulty for both proteomics and genomics
(Schmidt et al., 2011).

Psychiatric disorders may inherently have an adaptive pathway that
regulates down-regulation of multiple genes through epigenetic mechanisms.
For example, it is argued that DNA methylations or histone modifications
combined with glutamatergic and GABAergic gene promoters are crucial in
the pathogenesis of bipolar disorder and schizophrenia, as indicated by
reduced protein levels of GABAergic neuronal markers (RELN, glutamic acid
decarboxylase, and reelin). In psychiatric disorders, there are numerous
possible genetic sources from which biomarkers can be obtained.
Nevertheless, non-genomic biomarkers, including peptide/protein biomarkers,
are also promising. Differential gel-based quantitative proteomics is an
available common approach in the mass spectrometric characterization of
proteins (Unlu et al., 1997). It is composed of separating samples (from
controls with defects and influenced) by gel electrophoresis (usually 2D-gel
electrophoresis). Then, the gel bands are analyzed by MS/LC-MS and tryptic
digestion for protein quantification and identification. Ditzen et al. (Ditzen et
al., 2006) identified enolase phosphatase (EP) and glyoxalase I (GLX1) as
protein markers that might be risk markers for anxiety in a trait anxiety mouse
model. In a different study, the said technique was employed for the
identification of 59 potential biomarkers in the cerebral cortex and 11 in the
amygdala in the postmortem brain tissue of suicide victims (Kékesi et al.,
2012). Most of the said proteins have already been suggested as psychiatric
protein biomarkers. In another research concentrating on major depressive
disorder (MDD) in a rat model, MALDI-TOF-MS and 2D-gel were used to
identify 27 potential protein markers with roles in oxidative metabolism,
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transcription, neurogenesis, and signal transduction (Mu et al., 2007). The
exact molecular etiology and a different definition of many psychiatric
disorders have not yet been well identified. Thus, there is a great requirement
to discover new proteins and molecular biomarkers for monitoring,
forecasting, categorizing, or treating psychiatric disorders (Roy et al., 2012).

The presence of sufficient model systems that fully mimic
pathophysiological conditions in the brain is another difficulty.
Neuropsychiatric and cognitive symptoms, e.g., hallucinations or suicidal
thoughts, are difficult to evaluate in any model organism. With regard to
human research, the problem is the presence of well-characterized human
material obtained following international standard protocols. Furthermore,
there is a need for large sample pools for highly efficient analyses and data, as
well as because of individual variability. Concerning databases, programs, or
software utilized in proteomics and genomics, well-characterized and
identified genes and proteins have a higher risk of detection compared to those
having unknown functions (Ngounou Wetie et al., 2013).

MS may and will take an essential part in detecting psychiatric
biomarkers. There have been some innovations and developments in the area
of MS, particularly, and proteomics, in general. Elevated machine sensitivity
that allows detecting proteins present at low concentrations and advanced
software that allows not only protein detection but also the analysis of the
whole protein pathway are among them. The above-mentioned developments
turn the discipline in question into a discipline with an increasing potential of
benefit in order to improve the comprehensibility of the molecular
mechanisms that underlie the pathophysiology of psychiatric disorders. MS
has some potential advantages with regard to potential diagnostic use. Firstly,
MS is capable of identifying all proteins in a sample, while targeting the
protein of interest is required in other techniques. Secondly, the analysis of
biomaterials, e.g., urine, saliva, or blood, is appropriate and does not require
intervention (in the case of saliva and urine). Thirdly, newly developed
machines are extremely sensitive, which increases the potential of peripheral
body fluids to reflect the protein content of the central nervous system in an
actual way. Ultimately, protein marker alterations can possibly precede
behavioral changes by indicating in advance whether a treatment is effective.
This can be beneficial, especially in psychiatry, because the impacts of
treatment in people with psychiatric problems are usually not immediately
measured (Ngounou Wetie et al., 2013).
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Conclusion

MALDI-IMS represents a promising novel technology, which can be used for
assessing the spatial dispersions of analyte(s) concerning tissue histology. The
well-defined brain structure causes MALDI-IMS to be an especially beneficial
tool in neurological studies for the purpose of identifying the target regions
for therapy and focus areas for a better understanding of the mechanisms of
disease or injury. Despite the confirmed success of MALDI-IMS in various
neurological and psychiatric studies, there are areas that should be addressed
in: the existing databases and commercially available software for multimodal
analysis are needed to identify compounds of higher molecular weight,
develop more broadly, and load and standardize imaging experiments.
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Abstract

Metabolomics deals with small molecule metabolites, and one of their
main purposes is to identify those small molecules that make differences
in the metabolic effects of different diets. Thus, deepening our
knowledge of the interactive and regulatory roles of human health and
nutrition. Metabolomics, pharmacology, and toxicology have also been
widely adopted, but they are relatively new to human nutrition. Today,
scientists play an important role in the health status of people by finding
new bioactive food components that prevent cancer, obesity, diabetes,
cardiovascular and chronic diseases, as well as prolong life and improve
physical and mental health. In this context, the use of high-throughput
metabolomics techniques contributes to the development of nutritional
models, the benefits of a diet to metabolism, and the improvement of
physiological responses to this diet. That is, it provides a better
understanding of the effects of genes, enzymes, proteins, metabolites,
and microenvironments at the cellular level. Metabolomics can assist in
the design of nutritional programs and improve our understanding of
nutrition and the role of nutrients in promoting and maintaining cellular
functions and overall health. The purpose of this section is to make a
general assessment of nutritional metabolomics, to emphasize the effects
of nutritional metabolomics on clinical studies, and to contribute to the
scientific literature on these issues.
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Introduction

Nutritional metabolomics is a highly efficient and sensitive approach that has
emerged to determine the effects of different nutritional approaches on chronic
diseases with varying metabolic phenotypes and to describe and characterize
the biochemical reactions underlying the effects (Mihalik et al., 2012;
Purushotham et al., 2012). Challenges have arisen due to the associations of
the consumption of certain foods with the disease, the ability to identify new
correlations, complex metabolic pathways, and individual variability in
digestion, as well as newly discovered metabolites (Kim & Milner, 2011;
Lodge, 2010). This section discusses progress toward making these
approaches manageable for nutritional research. The aim of metabolomics is
to identify metabolites used in the diagnosis of disease or providing treatment
control. In this way; It allows dietary recommendations to be made according
to the patient’s metabolic profile and genetic structure. One of the main goals
of metabolomics is to identify these small molecules that differentiate between
the effects of different diets while deepening our knowledge of the interactive
and regulatory roles of human health and nutrition (Gibney et al., 2005).

Metabolomics analyzes the compounds in food components, determines
their metabolites in body fluids and biological tissues, and investigates the
physiological responses of the nutrition program (Llorach et al., 2012). All
natural and unnatural food components are often referred to as the "food
metabolome.” The food metabolome provides important insights into the
complex interactions between nutrition and health (Rubio et al., 2012).

The number of different non-nutrient molecules in the food source is
greater than the number of nutrients. For instance, plants produce and
accumulate secondary metabolites for defense, growth, reproduction, and
similar mechanisms that are not essential nutrients. Until recently, the
potential metabolic effects of these secondary metabolites, phytochemicals,
were mostly ignored in conventional nutrition (Cassidy & Dalais, 2003). In
fact, all of these non-nutritive metabolites, along with the potential metabolic
effects of food components, must be accounted for in the metabolome. At the
same time the thousands of compounds in foods such as coffee, red wine, fruit,
vegetables, and fish, there are also non-nutrients, some of which are man-made
or randomly generated, that occur in foods (Gibney et al., 2005).
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Clinical Studies

Many reviews and comments have revealed the difficulties and limitations of
the application of metabolism to nutrition, diet, and health (German et al.,
2004; Scalbert et al., 2009; Wishart, 2008; Zeisel et al., 2005). Most of these
studies have focused on the determination of nutritional metabolomics to
determine nutritional states and their effects on disease (Rezzi et al., 2007).
Scientists can obtain more nutritious foods with changes that will occur
as a result of food processing according to the metabolomic information and
molecular content of the food (Heuberger et al., 2010; Beleggia, 2011). In
recent studies, it has been found that products obtained from organic
agriculture contain much more antioxidants and phenolic compounds than
products obtained from conventional agriculture (Novotna et al., 2012). In
similar applications, metabolomics is beginning to show an effect on the study
of food conversion (Heuberger et al., 2010). Food-derived metabolites affect
cell metabolism by three main mechanisms: proteins, enzymes, and micro-
interactions. The composition with respect to a variety of metabolites directly
determines the chemical-physical properties of large macromolecules. For
instance, trials to change the composition of the nerve membranes of animals
have shown a change, especially in those fed a diet containing fatty acids
(Beleggia et al.,, 2011). The altered composition affects the shape and
flexibility of membranes, as well as the functions of ion channels and
intramembrane proteins (Rapoport et al., 2011). Nutritional metabolites
regulate pathways for energy supply and energy metabolism. For example,
sugars can enter the tricarboxylic acid (TCA) cycle and electron transport
system via glycolysis to produce energy-rich metabolites such as adenosine
triphosphate. In metabolism, when adenosine triphosphate is in excess, sugar
metabolism is involved in fatty acid synthesis (Bocarsly et al., 2010). There is
evidence from recent research that high fructose corn syrup-rich foods and
beverages lead to fatty liver and diabetes, and subsequently chronic
inflammatory diseases. Alternatively, some metabolites, such as B-complex
vitamins, modify or aid the catalytic activity of cofactors. For example,
thiamine pyrophosphate (vitamin B1), a thiamine derivative, catalyzes many
biochemical pathways as a cofactor in glycolysis and the TCA, including the
complex of the pyruvate dehydrogenase enzyme. Nutritional metabolites can
act as messenger signals. Likewise, Nicotinamide adenine dinucleotide (NAD)
is an important coenzyme involved in various energy metabolism pathways,
including glycolysis, oxidative phosphorylation, and fatty acids oxidation. For
example, it has been shown that fasting, calorie limitation, and low-
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carbohydrate diets may ultimately be responsible for increased lifespan,
modulation of enzyme activities and gene expression in animal models
(Sassone-Corsi, 2013). Some nutritional metabolites can modulate cell
metabolism by acting as antioxidants to reduce cell pollutants that cause
oxidation-induced damage. Antioxidants can interact with unstable
compounds such as free radicals, metals, and oxygen. In this way, it prevents
the propagation of the formation of reactive oxygen species (ROS) or
oxidative stress, which can damage all components of the cell, including
protein, lipid, and DNA (Sassone-Corsi, 2013). In summary, a better
understanding of the micro-level effects of genes, proteins, enzymes, and
metabolites at the cellular level and their effect on cell functions can help the
design of nutrition programs with a metabolomic approach in order to increase
general health (Sassone-Corsi, 2013). Epidemiological studies for some
diseases such as cancer, cardiovascular diseases, and Alzheimer’s suggest that
dietary habits can significantly reduce the risk of diseases (Snigdha et al.,
2012). Today, studies on nutrition programs enriched with natural
antioxidants, vitamins and phytochemicals, and regular food supplements are
continuing (Manach et al., 2009). For example, a certain genetic
polymorphism may occur, that is, the risk of catching the disease, the response
to treatment, and the different side effects of the drugs taken (Cornelis & El-
Sohemy 2007). With this evidence, a combination of genomics and
metabolomics suggests that the most appropriate nutritional recommendations
for individuals can be created. Like protein and carbohydrates, fats are among
the largest classes of foods. The metabolomic analysis is called lipidomics
because the solubility of lipids is different from carbohydrates and proteins
(Wenk, 2005). Lipomic approaches can be applied to develop appropriate
diagnostic methods to monitor nutritional imbalances or deficiencies in lipids
as the ratio of omega-3 fatty acids to omega-6 fatty acids (Moco et al., 2006).

Food frauds are common occurrences in foodstuffs such as fruit juice and
oils (Ogrinc et al., 2003). In this context, the metabolite profile of the
fraudulent product can be easily detected by using it to extract the product-
specific characteristics (such as aroma, color, amino acid profile, and vitamin
content) that cannot be made by other methods. In recent years, important
steps have been taken to determine the essential food components necessary
for the development and continuity of human health, with studies conducted
by food scientists and biochemists. Mandatory food supplements, such as
minerals and vitamins, are frequently used in the treatment of nutritional
deficiencies with nutritional programs (Lindon et al., 2013). Today, nutrition
scientists are looking for new methods to be used in the prevention and
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treatment of obesity, diabetes, cardiovascular, and chronic diseases (Gibney et
al., 2005). At the same time, studies are conducted to identify new bioactive
food components that delay aging, provide weight loss, improve mental and
physical health, and prevent diseases such as cancer and heart diseases. The
use of metabolomic techniques in this context provides benefits such as
improving food consumption patterns, improving physiological responses to
any diet and drug use, and new components can be discovered (Clarke &
Haselssen, 2008; Sébédio, 2017). In the evaluation of the vitamin D level, 25-
hydroxyvitamin D[25(OH)D] is preferred because it has a long half-life.
However, to evaluate the pathophysiological role of vitamin D metabolites in
various diseases, it is necessary to examine the whole metabolome. For this,
some metabolomic studies are thought to be necessary to know the total 2
(OH) D levels as well as various metabolites such as free/bioavailable forms,
vitamin D binding protein (DBP), parathormone, and lalpha,25-
dihydroxyvitamin D3, 3-epi-25-Hydroxyvitamin D3, 24,25-dihydroxy
vitamin D3 in order to make an accurate clinical interpretation of vitamin D.
In metabolomic studies to determine the effects and functions of vitamin D
metabolites in diseases and nutritional status, it becomes easier to evaluate the
efficacy of treatment with cholecalciferol or ergocalciferol. Metabolomics has
been evaluated as a universal and standard analytical method that covers all
vitamin D metabolites (Erdem & Akbas, 2018). The use of slimming tablets
is very popular today, as it causes rapid weight loss. However, aristolochic
acid, which is used in herbal slimming tablets of Chinese origin, has been
shown to have damage at the gene level in the bone marrow of rats and to be
associated with gene mutations by metabolomic methods in another study
(Yaman, 2015).

Some metabolomic studies in the World conducted on rats, diets
containing whole grain (n=10) or refined wheat flour (n=10) were applied to
two groups for two weeks. The whole grain consuming group was given 60
g/100 g of whole grain flour, while the other group was given the same amount
of refined wheat flour. Among the markers of oxidative stress, isoprostanes
and malondialdehydes, vitamin E and C, and lipid levels (liver and plasma
triglyceride and cholesterol) were measured by metabolomic techniques. It has
been shown that some TCA intermediates, aromatic amino acids, and hippuric
acid were significantly higher in the urine of rats fed whole grain flour, thus
causing a change in the basal metabolic rate. In addition, increased levels of
reduced glutathione and betaine have been reported. This is considered a sign
of reduced oxidative stress and good redox status (Fardet et al., 2007). In a
comprehensive study that grouped dietary patterns and examined the effects
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on the serum levels of 1003 women, 163 metabolites were examined. In this
study, seven different parameters were selected by taking food consumption
records. These are coffee, garlic, vegetables and fruits, alcohol, consumption
of red meat, low-energy diet, and traditional British diet (consumption of fried
fish and potatoes, meat, savory pies, and vegetables). A correlation was found
between garlic, coffee, vegetable intake, low energy diets, and metabolite
profile. As a result of these dietary patterns, plasma carnitines,
glycerophospholipids, and sphingolipids were found to be reduced. No
association was found between meat consumption, high alcohol intake, and
the traditional British diet and these metabolites (Menni et al., 2013). In
another study, 77 mildly obese individuals were fed a low-energy diet for 8
weeks. These individuals were then randomly divided into two groups, one
high glycemic index group and the other low glycemic index diet group,
followed by urine samples collected for 6 weeks. The metabolite profiles of
both groups were examined using the NMR technique. As a result, it has been
shown that there is no relationship between the glycemic index and Cpeptide
levels (Rasmussen et al., 2012). Obesity has become an important public
health problem in recent years with the increase in prevalence and incidence.
However, the underlying biochemical and metabolic pathways are not fully
understood. The metabolic approach, identifying biomarkers related to
obesity, helps clarify these mechanisms. In one study, branched chain amino
acids (BCAA), organic acids, non-esterified fatty acids, phospholipids, and
acylcarnitines were identified as potential biological products for obesity. This
suggests an association between high BCAA and other amino acids with
obesity. In addition, it has been reported that B-oxidation deregulation is
associated with the development of obesity (Rauschert et al., 2014; Yilmaz &
Ozpmar, 2019). Krishnan et al., used metabolomics in different groups to
classify the glycemic indices response to different diets. Twenty-four healthy
premenopausal women aged 20-50 years were included in the study. The
researchers identified blood sugar, leptin, and insulin as covariates. The study
revealed three different biologically significant subgroups, one with higher
leptin levels and the other with higher insulin resistance. Wang et al., evaluated
the response of 23 healthy individuals to dietary carotenoids in watermelon
and tomato juice. The study revealed five metabolic subsets of carotenoids in
juices. These different metabolic consequences appear to be induced by
genetic variants of the carotenoid-metabolizing enzyme B-carotene 15, 15°-
monooxygenase 1. The study by Li et al., included 1500 participants, 760
women, and 740 men aged 18 to 90 years. In this study, the researchers
evaluated twenty-six fatty acids. Identified four subgroups of participants with
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different fatty acid patterns related to their dietary habits, demographics, and
metabotype. Another study evaluated the metabolic phenotypes of 19 women
(postmenopausal) with a mean age of 61 years. 189 metabolites were
evaluated. Two different metabolic subgroups were identified in relation to
fasting and satiety metabolic profiles (Moazzami et al., 2014).

Conclusion

The metabolomics approach is a new and promising technology for use in
nutritional research and in determining the relationship between nutrition and
health. At the same time as metabolomics, a step towards personalization in
nutrition can be taken (Wishart et al., 2007). Prevention and treatment of
diseases through nutrition can be treated by classifying individuals into certain
groups based on the metabolome. It can be transformed into a routine analysis
and foresight method in the future by defining the nutritional needs of
individuals and their individual differences, and by developing personalized
nutrition programs suitable for individual nutritional needs with such a
strategy, giving importance to preventive medicine practices that should be
included in diet specialists. Thanks to the rapid development of technologies
used in metabolomics profiling, there is a need for a database that collects
nutritional metabolomics in order to evaluate the relationship of metabolomics
with health, which can be analyzed today.
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Abstract

Comparing the vast variation in biochemical processes seen in tumor
cells with normal cells can be considered the initiation of metabolomics
research, which is now used in different medical fields. Currently, there
is an undisputed need for clinically relevant biomarkers that can be used
for the diagnosis and prognosis of urologic cancer types, e.g., prostate,
bladder, and metabolomics can be considered promising at this stage.
Novel and relevant biomarkers are required for specialized diagnosis,
monitoring, and treatment of a particular disease, which would also
contribute to the improvement, enhancement, and personalization of a
designed therapy. While considerable progress has been made in
determining important biomarkers, more challenges remain to be solved
for the further integration of metabolomics into clinical practices. This
chapter reviews relevant metabolomics research conducted in the field
urology.
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Introduction

Metabolomics is a primer for integrative evaluation of all metabolism
processes, i.e., metabolites, of a given biological specimen. Since metabolites
of a given system, i.e., metabolome, are the final results from all interactions
of genome-to-proteome, metabolomics can be considered as the highly
specific indicator of a particular phenotype. Therefore, metabolomics is
particularly useful in the study of the discovery of drugs (Wishart, 2008), the
identification of disease biomarkers (Brindle et al., 2003; Dunne et al., 2005;
Kaddurah-Daouk et al., 2004; Mendrick & Schnackenberg, 2009; Ng et al.,
2011) and environment-gene interactions (Bundy et al., 2009; Montoliu et al.,
2012; Nicholson et al., 2012; Viant, 2008). Biological fluids, in other words,
bio-fluids have the potential of representing the integrative nature of a
biological system through the complexity of its metabolome, they would be
used for revealing interorganal connections, and the role of the host—
microbiota interaction. Also, collecting them is simple and less invasive.
Hematologic samples of blood serum- plasma, and urinary samples are the
generally used fluid specimens for metabolomics methodology (Zhang, 2012).

The results of analyses come from Omics Sciences have been very useful
and helpful in characterizing metabolic conditions such as metabolic
syndrome and diabetes and also in identifying congenital metabolism
disorders (Garcia-Cazorla et al., 2015; Lamari et al., 2015). Such disorders are
related to metabolites and/or lipids that are easily identified as abnormal. They
are significant outliers.

Proteomics, genomics, metabolomics, and transcriptomics are parts of the
whole. Each of the omics can analyze their respective coverage as a whole in
a system-wide manner, and cancer research in systems biology utilizes the
omics processes (Trock, 2011; He et al., 2012).

For the physiological status of a biological system, metabolomics can
provide an idea. For instance, a particular difference in the normal metabolic
pattern might be an indicator of a particular disease; therefore, the normal
metabolic profile has the prospect of a place for biomarker identifications for
clinical practice (Ramautar et al., 2013). The prospect of metabolites
unravelling and distinguishing the reasons behind the phenotypic variation in
a given state is clearly promising (Monteiro et al., 2014a).

Metabolomics is the integrative study in which the metabolites come from
endogenous and exogenous sources in a given system, which includes all
metabolism products to foreign substances such as drugs and nutrients.
Metabolites can offer some clues about some disorders and illnesses such as
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different cancers (Trock, 2011; Aboud & Weiss, 2013; Monteiro et al., 2013;
Weiss and Kim, 2012; Monteiro et al., 2014b).

The metabolic phenotypes presented by neoplasms are rather peculiar.
This may be because of cancer development and progression. Metabolomics
can be used as a plausible approach to expose metabolic aberrations, relevant
biomarkers, and uncovering pharmaceutical target sites (Monteiro et al.,
2014a; Aboud & Weiss, 2013; Monteiro et al., 2015).

Important Metabolomics Studies in the Urology Field

The metabolite patterns of plasma or serum samples from patients having low-
and high-grade bladder cancer were investigated by Cao et al. (2012), which
applied the human nuclear magnetic resolution (H-NMR) technique to serum
samples to determine cancerous stages in patients and contrast patients to
control. In their study, they used individuals who show urinary calculi along
with hematuria, which is the case for bladder cancer, as control, and they
managed to distinguish bladder cancer patients from both normal control
patients and others who show only calculi by contrasting metabolite profiles.
Alterations in serum metabolite profiles in patients were observed as increases
in lipids, some aminoacids, glucose, lactate, and citrate having bladder cancer
in contrast to the healthy and calculi groups. Between grades, the low-grade
bladder cancer patients showed an increase in glucose, but showed decreases
for tyrosine, glycine, phenylalanine, and lactate (Cao et al., 2012). In another
study, Bansal et al. (2013) utilized the H-NMR method on serum samples to
achieve differentiation between patients with low- or high-grade bladder
cancer and healthy individuals. In conclusion, they achieved a distinction
between healthy and patients with cancer. They have determined striking
differences in serum levels of glutamine, dimethylamine (DMA), histidine,
malonate, valine, and lactate between healthy and cancer patients. The validity
of these approaches was further supported by a further double-blind study that
used 106 bladder cancer suspects and provided feasibility for early diagnosis
(Bansal et al., 2013). To research metabolic pathways disturbed in non-muscle
invasive bladder cancer, a metabolomics approach using H-NMR was
conducted in urinary samples (Srivastava et al., 2010). The decreased urinary
amounts of phenylalanine, citrate and hippuric acid were determined
compared to controls. Gamagedara et al. (2012) designed a creatinine-
normalized liquid chromatography mass spectrometry (LC-MS) methodology
to calculate levels of urinary taurine, phenylalanine, and hippuric acid.
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Because Taurine’s increase in bladder cancer, urine is correlated with its
increases in bladder cancer, and taurine has the prospect of the relevant
diagnostic biomarker for bladder cancer (Tripathi et al., 2013).

Pasikanti et al. (2010) achieved a 100% sensitive GC-TOF-MS
application for the discrimination of patients having bladder cancer from
healthy individuals, therefore, researchers managed to provide a solid
foundation for metabolomics in different stages of cancer, even though further
studies with larger datasets are required. As ribitol, valine, uridine, citrate,
gluconic acid, glycerol, and melibiose, 15 of the 32 products of significantly
altered metabolites were detected. Kynurenine’s potential role in the grow of
bladder cancer due to altered tryptophan process was determined by Pasikanti
et al. (Pasikanti et al., 2013). Metabolic upregulation of tryptophan results in
higher concentrations of N-acetyltryptophan (Alberice et al., 2013; Pasikanti
etal., 2013), tryptophan (Putluri et al., 2011; Alberice et al., 2013), kynurenine
(Dettmer et al., 2013; Putluri et al., 2011). As well as acetylcarnitine,
isovalerylcarnitine, carnitine, and octenoylcarnitine were observed to increase
in bladder cancer urines. Another bladder cancer urine study (Alberice et al.,
2013; Putluri et al., 2011) results are consistent with this. In the cancer group,
they found that 2,6-dimethylhptanoyl carnitine, decanoylcarnitine and
glutarylcarnitine levels decreased. In non-muscle invasive bladder cancer the
levels of carnitines were lower than muscle invasive bladder cancer (Jin et al.,
2014). To distinguish grades of cancer, they can be useful. Acetyl-CoA’s
urinary levels in bladder cancer patients were found elevated (Jin et al., 2014).
Citrate levels decreased in bladder cancer (Cao et al., 2012; Srivastava et al.,
2010; Pasikanti et al., 2010; Pasikanti et al., 2013; Dettmer et al., 2013).

The excessive activities of cancer cells alter the normal metabolism of
purines and pyrimidines. Also, pyrimidine metabolism was found to be
upregulated in bladder cancer, which are related metabolites for transcription
and indicate highly active states of neoplasms (Pasikanti et al., 2010; Pasikanti
et al., 2013). As for the pyrimidine synthesis, ureidosuccinic acid’s decreased
levels may reflect its higher consumption (Shen et al., 2019). Enhancements
in the purine metabolism can be attributed to an increase in hypoxanthine and
a decrease in uric acid, inosinic acid, and adenosine (Alberice et al., 2013). In
the process of purine catabolism, hypoxanthine formed first and became uric
acid. Adenosine and inosinic acid deteriorations in bladder cancer cases are
explained by this bioprocess.

Various research was conducted to investigate proteins having higher
mass and associated modifications (Kreunin et al., 2007), which focused on
glycoproteins in urinary metabolisms. As alpha-1B-glycoprotein important
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biomarkers were described by them. Further glycoprotein biomarkers
associated with bladder cancer were also emphasized (Yang et al., 2011).
Linden et al. also highlighted alpha-1-antitrypsin (A1AT) in their study
(Linden et al., 2012; Lei et al., 2013). Some higher levels of mass urinary
proteins were found to be consistent with bladder cancer (Li et al., 2011; Li et
al., 2012). Sensitivity (89-92%) and specificity (85-86% for healthy
individuals) of the Apo-Al-biomarker were proposed and supported (Lei et
al.,2013; Lietal., 2014). Chen et al. also observed differentiated urinary status
of ApoAl (Chen et al., 2010). In the same research, a six-peptide panel was
presented as carrying diagnostic ratio, which was further supported in the
following studies using NMR on different samples (Chen et al., 2010, 2012).

Sarcosine, which is a glycine derivative that has N-methyl group, can be
determined in urine, that is strikingly increased in prostate cancer in stages of
metastasis. It was determined as an alternative metabolite, which is known to
be overexpressed in invasive prostate cancer cell lines but is relatively benign.
The GNMT (glycine-N-methyl transferase), which is a sarcosine generating
enzyme from glycine precursors, knockdown was used to hinder cancerous
invasion from prostate cancer. Similarly, SARDH (sarcosine dehydrogenase)
knockdown was used to inhibit the cancerous phenotype in benign prostate
epithelia by degradation of sarcosine. The sarcosine pathway’s components
are coordinately regulated by the ERG gene and the androgenic receptor
fusion product. Taken together, the obtained results eagerly indicate sarcosine
as a relevant metabolite for the deduction of cancerous invasion and metastasis
profiles. The promising aspect of sarcosine as a clinically relevant biomarker
is further maintained by the fact that benign samples did not provide noticeable
sarcosine levels. Further supporting this fact is the detection of pronounced
levels of sarcosine in more than 79% of all metastatic examples analysed
(Sreekumar et al., 2009).

For the prostate cancer, as a metabolic intermediary of glycine
biosynthesis, sarcosine was proposed as a urinary biomarker by Seekumar et
al. (2009) since it is almost indiscernible in healthy individuals, yet highly
pronounced in metastatic PCa (Sreekumar et al., 2009). Although the
importance of sarcosine in carcinogenesis is unknown. But carcinogenesis
makes alterations to the biosynthesis pathway of sarcosine. In the metabolism
of PCa tissues, GNMT is in the critical position. It catalyzes the transformation
from glycine to sarcosine (Cernei et al., 2013). Using urine as the matrix, other
studies also achieved similar results (Jiang et al., 2010; Stabler et al., 2011;
Bianchi etal., 2011; Cao et al., 2011; Khan et al., 2013). The clinical relevance
of sarcosine as a biomarker was examined using different cell lines (primary
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and immortal benign prostate epithelial cells and immortal PC cells), and
sarcosine levels were determined to be pronounced in immortal PCa lines
(Sreekumar et al., 2009; Putluri et al., 2011). Gene expression modifications
for the biosynthesis of enzymes contributing to sarcosine metabolism impact
normal stages of the cell cycle, which is also noticeable in cellular metabolism
of PCa (Sreekumar et al., 2009; Khan et al., 2013). Nevertheless, some studies
reported insignificant results for urinary sarcosine differences for prostate
cancer compared to control groups (Wu et al., 2011; Jentzmik et al., 2010),
and these contrasting results could be the results of individual variations or
variations in experimental methodology (Issaq & Veenstra, 2011).

In the urine of PCa patients, common metabolic patterns were observed
in amino and organic acids, fatty acids, sphingolipids, and carbohydrates. The
use of carbohydrates for energy production by cancer cells causes
dysregulation of carbohydrate degradation. Alterations in carnitine patterns
were also determined. The results showed disturbances in Krebs cycle energy
metabolism that can be explained by the Warburg effect and changes in m-
aconitase activity (Wu et al., 2011; Struck-Lewicka et al., 2015).

For the discrimination of low and high grades of PCa, the prospect of
sarcosine as a clinical biomarker was reinforced by different studies that
employed various methods, namely fluorometrics, LC-MS, and H-NMR,
which were pointed to the increased plasma levels of sarcosine in PCa patients
(Lucarelli et al., 2012; Koutros et al., 2013; Kumar et al., 2015).

Differences in certain biosynthesis pathways and associated metabolites
were found in the serum/plasma samples from the patients with PCa. For cell
proliferation abnormalities, the alteration in fatty acids is needed to provide
energy (Zang et al., 2014; Crowe et al., 2008; Johansson et al., 2009; Zhou et
al., 2012; Miyagi et al., 2011; Giskeodegard et al., 2015; Osl et al., 2008). The
high levels serum glucose samples were related to increases in cancer
recurrence even after rigorous treatment approaches such as radical
prostatectomy and radiotherapy at the time of PCa diagnosis (Wright et al.,
2013; Kumar et al., 2015; Pandeya et al., 2014).

Metabolomics results obtained from plasma and serum samples can be
used to distinguish profile changes in cases of medications. Research
investigated fasting plasma samples for metabolite profiling of patients with
prostate cancer before and three months after androgen deprivation therapy,
which was provided results for increases in majority of bile acids and
decreases in steroid levels that were apparent during the course of treatment
(Saylor et al., 2012). After 3 months of treatment, very low-level metabolites
related to fatty acid metabolism were also observed, which was coupled with
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decreases in catabolism of carnitines, ketones, and other compound structures
of keto-acids (Saylor et al., 2012).

To discover new biomarkers for cancer metabolomics can be successfully
used due to the particular property of metabolite profiles as being the final
phenotype in the cases of disease states.

Metabolic profiles are affected by different factors with diverse effects,
e.g., age, diet, drugs, and others, which is the prime reason behind the
interpretive challenges. The statistical platforms used, the analytical
procedures and sample preparation are additional problems. While
metabolomics is undisputedly a powerful field of research for the discoveries
of significant biomarkers to provide clinical applications in numerous disease
conditions, the vast amounts of data and inherent variations in such datasets
are the most obvious technical and analytical setbacks in the field. However,
the promising features are still bright.

Increases in amino acids, lactate, and choline were reported in nearly all
research conducted on prostate cancer that used different samples of prostate
fluids, urine, blood, tissues, and cell lines.

Using GC- and LC-MS, uniform metabolomics analysis of urinary, blood,
and tissue levels had been accomplished, which otherwise requires both cell
line and in vivo studies. Among all metabolites analyzed, three metabolites
(cinnamoylglycine, nicotinamide, and cysteine-glutathione disulfide)
provided highly critical changes from serum and tissue samples, which also
supported the validity of serum samples in metabolite changes in contrast to
tissue samples for developing pharmaceutical targets as evident in tryptophan
degradation and PPAR-alpha antagonism (Sheila et al., 2012).

In all three matrices (plasma, urine, tissue) of the suite of identified
metabolites, an apparent correlation between metabolic profiles was evident
for tissue and serum samples, which in turn supports the notion of metabolic
variation seen in different compartments (Sheila et al., 2012).

Research by Ganti et al. (2011) presented the feasibility of urinary
acylcarnitines in humans for metabolic alterations in tissue samples, as was
shown in patients with RCC, which was also supported by xenograft models.

Tissue cysteine-glutathione disulfide (CSSG) had the most increased
magnitude of alterations among all measured metabolites (Sheila et al., 2012).
This compound was below the detectable range in urine and changed in that
matrix insignificantly. For kidney cancer, the clinical relevance of oxidative
stress was emphasized from the striking differentiations in GSSG, GSH and
CSSG levels in the samples (Kim et al., 2011).
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The metabolic products in the nicotinamide and tryptophan pathways
intersect in the metabolite quinolinate and were represented very well. The
tryptophan metabolism pathway has been regularly observed in (Sheila et al.,
2012) RCC metabolomics and proteomics studies (Kim et al., 2011, Perroud
et al. 2008), and in other research a low amount of tryptophan in serum has
been observed in all grades of RCCs (Lin et al., 2011). Among the analyzed
metabolites, quinolinate was found to be proliferative for certain ccRCC cell
lines (Kim et al., 2011).

In general, human steroid hormone precursors were observed to be the
most down-regulated in urogenital schistosomiasis cases. To produce
testosterone, estrogens, and estradiol, these steroid precursors are required.
The host steroids are much reduced after urogenital schistosomiasis. Santos et
al. (2014) demonstrated that a high amount of infertility occurs along with
urogenital schistosomiasis. Botelho et al. suggested that this form of infertility
may be due to hormonal imbalances (Botelho et al., 2017). Adewale et al.
(2018) presented the notable reduction of precursor compounds for sex
hormones in cases of urogenital schistosomiasis in humans.

Gouveia et al. (2015) detected four molecules called m/z 269, 228, 204
and 369 which were estrogen-related parasite molecules (Gouveia et al.,
2015). These were significant enough to be considered as biomarkers on S.
haematobium, nevertheless, further validations of the proposed biomarkers
are needed to establish standards and reveal structures.

In wurogenital schistosomiasis associated-bladder pathology cases,
correlations were observed for phosphatidylcholine (PC) and
phosphatidylethanolamine (PE). Bagnoli et al., 2016 suggested that increased
PCs may have arole in induction of cancer (Bagnoli et al., 2016). Also, Zinrajh
et al. (2014) suggested this in their study about colorectal and non-small-cell
lung cancers (Zinrajh et al., 2014).

Azordegan et al. (2013) found GGM in pathologies of bladder without
tumours. Baez et al. (1997) suggested increases for benzenamines of
adrenochrome and 3-Succinoylpyridine, in cases of urogenital schistosomiasis
infection.

Mostafa et al. detected 3-Succinoylpyridine, a nicotine metabolite, in the
urine of schistosomiasis patients (Mostafa et al., 1999). It is suggested that
they have a role in carcinogenesis. Also, Felicia et al. (Felicia et al., 2000)
found 3SP in the urine of tobacco smokers in abundance in infection-only
cases. Thus, Mostafa et al. have suggested that in urogenital schistosomiasis
infection quinones could be formed (Mostafa et al., 1999).
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Conclusion

Since metabolic profiles are the final phenotypes of a given disease condition,
metabolomics has the convincing prospect of being a useful diagnostic method
in the urology field. Metabolomics is a powerful tool for this aim. For
example, prostate cancer, bladder cancer and kidney cancer. For detection, for
disease progression, and for the therapeutic response, they could be used. But
there are some challenges and limitations, such as insufficient samples in
research for clinical validation even though quantitative methods are
increasingly employed. The standardized qualification and quantification tests
and methods are lack, and because of this, understanding the diagnosis and
therapy can be challenging and takes too long. Even when the same samples
were analyzed, there is some weak relationship and small overlap between
biomarkers. The storage of samples, different handling, and work
environmental conditions may support the dynamic, reliable, and sensitive
metabolic profile. Different analytical techniques covering different
metabolites had been used. These are some of the factors affecting results
along with other diverse factors, e.g., genetics, lifestyle, environment, and
medical history. Urine is especially prone to changes from such factors.
Therefore, it may lead to errors in analysis. In the case of urinary
metabolomics, this is more important. Despite the related difficulties, they can
be used to detect therapeutic targets and to indicate of cancer prognosis.
Therefore, further studies are still needed to establish truly sensitive, specific,
and affordable non-invasive methods to use in clinical practice for the urology
field.
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Introduction

Metabolomics is a discipline to explain the performances of metabolites by
identifying, quantifying, and detailing their mechanisms of action. There are
several advanced instruments and techniques to investigate the metabolomes
of various samples, including fundamentally nuclear magnetic resonance
(NMR), mass spectrometry (MS), and vibrational spectrometry (VS) or
combinations of other techniques. Generally, all these instrumental techniques
are aimed to isolate, determine, quantify, characterize structures, and explain
their functions on the metabolic pathways. Since metabolomes are complex
molecules, it is highly needed to conduct many of these techniques together to
better understand the whole mechanism (Fraga-Corral et al., 2022; Zhang et
al., 2012).

Metabolomics has great potential to figure out the major problems of food
science. Moreover, metabolomics is considered as an effective technique for
further agricultural needs (Green et al., 2007; Hall et al., 2008). The
engagements of informative, discriminative, and predictive metabolomics
have been used for food quality, process, nutrition, and food component
analysis (Cevallos-Cevallos et al., 2009). This book chapter covers a review
of current metabolomics applications in food quality, safety, microbiology,
processing, and nutrition.

Metabolomics in Food Science
Analysis of Food Metabolomics

The analysis of food metabolomics has been used in food safety control,
including foodborne pathogens, toxins, some allergens, pesticides, antibiotics,
food quality (in terms of organoleptic properties and nutritional value), food
authenticity, and food traceability (Cook and Nightingale, 2018).

There are six main steps for metabolomics analysis including sample
preparation, metabolite extraction, derivatization, metabolite separation,
detection, and data treatment. In general, the essential steps for metabolomics
analysis are detection and data analysis. The steps could be selected according
to the purpose of the study, sample type, instrument type, and detection
method (Pinu, 2015). Some of the metabolomics studies related to different
food samples are summarized in Table 1. Since the metabolomic analyses of
foods are quite varied, most studies could be classified as discriminative. The
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informative metabolomic analyses are mostly interested in the recognition and
quantification of certain metabolites to obtain detailed information about the
food sample. The untargeted metabolomics solely focuses on the identification
of some groups of metabolites to obtain patterns or fingerprints, whereas
targeted metabolomics demands higher purification and selective extraction
stages (Alonso et al., 2015). Some metabolomics studies are predictive means
that statistical models are constructed to estimate a variable that is difficult to
quantify based on the metabolite profile and abundance (Table 1).

Table 1. The metabolomics studies of different food samples

Sample and purpose |Analysis Type |Instrumentation |Data Analysis Reference
Blueberries: Untargeted/ UHPLC-MS Principal Component |Zhao et al.,
polyphenol informative Analysis (PCA) 2017
composition
Cheese: Production  |Untargeted/ IMS Compound Vautz et al.,
control informative identification 2006
Honey: Untargeted/ NMR Partial Least Square |Li et al.,
determinations of discriminative/ (PLS) 2016
residues predictive
Meat: quality/safety |Targeted/ HILIC-MS/MS |MRL Validation Dasenaki et
discriminative al., 2016
Olive oil: Untargeted/ GC-HRMS Orthogonal partial ~ |Sales et al.,
classification predictive least squares 2017
discriminant analysis
(OPLS-DA)
Maize: GMO Untargeted/ CE-TOF-MS PCA Levandi et
identification discriminative al., 2008
Vinegar: Untargeted/ GC-MS Hierarchical cluster |Pinu et al.,
Metabolic profile discriminative analysis (HCA) 2016
Fermented vegetable |Untargerted/ NMR PCA Tomita et
juice: monitoring discriminative/ OPLS-DA al., 2017
metabolites predictive
Coffee: determination |Untargeted/ UHPLC-(Q)ToF |PCA Ossa et al.,
of product origin predictive/ MS PLS-DA 2018
discriminative
Almonds: Untargerted/ UHPLC-(Q)ToF |PCA Solsona et
discrimination discriminative/ PLS-DA al., 2018
predictive
Tea Targeted GC-MS MRL Validation Saito-Shida
etal., 2015
Shellfish: Targeted LC/GC-MS-MS |Compound Chang et
drug residue identification al., 2016
Wheat Untargeted UHPLC-(Q)ToF |PCA Rubert et
OPLS-DA al.,2017a
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Metabolomics in Food Quality

The main target of food quality states is to ensure the appropriate organoleptic
and desired characteristics of the product. The research related to food quality
aims to evaluate the impacts of food processes on food compounds. The
improvement in metabolomic techniques has allowed the monitoring of some
quality parameters of foods during processing. The metabolomics methods
have been commonly employed to identify the chemical composition of food
products (Cossignani et al., 2014). The taste quality of white tea was evaluated
by non-targeted metabolomics in combination with multivariate analysis (Yue
et al., 2019). A metabolomic data-based prediction model was constructed
which could separate green, yellow, and white teas according to unique tea
metabolites (Zhang et al., 2019). The two-dimensional liquid chromatography
was utilized in the determination of anthocyanins of different aged red wines
and also to make the comparison of metabolites of aged red wines (Willemse
et al., 2015). An untargeted metabolomics technique was used to distinguish
the volatile compounds of grape juices according to various fungal infections
performed by Botrytis cinerea, Penicillium expansum, Aspergillus niger, or A.
carbonarius (Schueuermann et al., 2019).

Food authenticity and quality are closely related to each other. Food
adulteration exposes defects in quality by incorporating prohibited ingredients
or poor products, causing a health threat to customers. Therefore, food
authenticity has great importance in the food industry for maintaining
nutritional benefits, origin, and production standards. The metabolomics-
based methods effectively specify the discrimination potential between
adulterated and authentic foods. Moreover, metabolomics has been used to
define the protected designation of origin (PDO) of food products. A
prediction model was performed to discriminate adulterated Bordeaux wine in
terms of geographical origin with LC-QTOF-MS (Lin et al., 2014). The
different ingredients of the milk powders were analyzed by metabolomics
coupled with 2DLC and monosaccharides were found in various trademarks
and types of milk powder (Ma et al., 2014).

Metabolomics-based methods have been extensively used in examining
the ingredients stated on the label of fruits, rice, and different vegetables
(potatoes, peppers, white cabbage), clarifying differences in established
production systems of wheat and maize, detecting the origin of olive oil,
vinegar, wine, almonds, cocoa beans, honey, coffee species, saffron, and citrus
fruit juices (Li et al., 2021).
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Metabolomics in Food Microbiology

The foodborne pathogens, particularly Salmonella spp., Listeria
monocytogenes, Campylobacter jejuni, and Shigella spp., spoilage
microorganisms (such as Pseudomonas spp., Acinetobacter spp., and Botrytis
spp.), and currently emerging pathogens have appeared as a result of the
internationalization of the food supply chain and food consumption trends (Li
and Zhu, 2017). Traditional laboratory techniques are primarily time-
consuming and labor-intensive. A large number of microbial biomarkers with
varying levels of microbial contamination have been identified using
metabolomics-based methods. These methods have demonstrated significant
promise in the early detection of microbial contamination. The GC-MS has
been used to characterize three prominent foodborne pathogens, E. coli
0157:H7, L. monocytogenes, and S. enterica. Several potential pathogen-
specific biomarkers were discovered, allowing the rapid differentiation of food
samples containing pathogens (Jadhav et al, 2019). Furthermore,
metabolomics has the ability to determine some antimicrobial compounds
responsible for the antimicrobial characteristics of foods (Cevallos-Cevallos
et al., 2009).

Despite the fact that this technique is promising in identifying metabolic
shifts in different stages of microorganisms and providing important
information on pathogen microorganisms, it is challenging to develop a
universal method for removing bacterial cultures during metabolomics
research. The extracellular and intracellular metabolites of microorganisms
are typically difficult to distinguish from each other and also to identify.
Moreover, metabolites are relatively unstable and could be quickly degraded
during the handling and processing of samples. The current improvements in
microbial metabolomics are not optimal. Therefore, more sensitive and
reproducible analytical tools, as well as appropriate sample treatment
techniques, are required to successfully determine the complexity of
metabolites for metabolomics analysis (Li et al., 2021).Metabolomics in Food
Safety

The foods could be contaminated with foodborne causative agents
(pathogens and biotoxins), and some physical and chemical materials
(pesticides and metals) which cause to foodborne illnesses throughout the
critical steps of food processes. Metabolomics is able to evaluate the safety
conditions of foods during processing and pre- and post-harvest periods and
storage. Generally, untargeted discriminative analysis has been used for food
safety. The MS/NMR-based metabolomics analysis is superior for the
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detection and quantification of pathogens, chemical contaminants, prohibition
compounds, and natural toxins (ReSetar et al., 2015).

Foodborne pathogens and their toxins do not remarkably the change
characteristic properties (flavor, texture, or appearance) of foods. As a result,
microbial contaminants are the most frequently reported foodborne causative
agents. Microbial metabolomics may also be used to explain how
environmental factors affect complex biological systems (Anderson et al.,
2014). The metabolomic applications for food microbiology are discussed in
the previous section.

Foodborne biotoxins are classified into two groups: intrinsic foodborne
biotoxins and extrinsic foodborne biotoxins. These toxins are synthesized and
released into the environment during pathogen growth and cause common
foodborne outbreaks. Metabolomics is able to detect toxins in the early stages
to ensure food safety. Mass spectroscopy, in particular, could profile
metabolites associated with microbial contamination, and NMR could also
directly define microbial toxins (Kleigrewe et al., 2012). Some natural toxins
are known to be lethal since they are extremely toxic at lower concentrations.
As a result, preparation methods should be improved to provide sensitive and
high-throughput detection. For example, the addition of multiple antibody
immunoaffinity columns prior to HPLC-MS/MS was selectively determined
different toxins with a reduction in the detection limit (Zhang et al., 2016).

Fungicides, pesticides, antibiotics, and nanomaterials are examples of
xenobiotics that can contaminate food via the atmosphere, soil, and water.
These xenobiotics negatively affect whole living organisms even at low levels.
Metabolomics can detect various groups of xenobiotics in various food
matrices (Li et al., 2021).

The metabolomics methods have been developed to control veterinary
drug residues and antibiotics in animals following alterations in metabolites in
biological tissues (Kaufmann et al., 2015). Liquid chromatography combined
with electrospray ionization and tandem mass spectrometry (LC-ESI-MS/MS)
has been utilized in the quantification and identification of 115 different
veterinary drug and pharmaceutical residues in milk powder, egg, and fish
tissue (Dasenaki and Thomaidis, 2015). A targeted analysis has been
performed by investigating 20 different antibiotic residues in dairy products
including powdered milk, commercial milk, and raw milk (Wang et al., 2017).

The pesticides are widely used in agricultural productions. Pesticides are
receiving much more attention since the presence of residues in foods involves
health risks. For multi-residue pesticide analyses in various foods, the
combination of QUEChERS (Quick, Easy, Cheap, Effective, Rugged, and
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Safe) with solid-phase extraction (SPE) or solid-phase micro-extraction
(SPME) has been achieved. The QUEChERS approach was optimized for the
determination of mycotoxins and pesticides in coffee. It was observed that 117
pesticides and 30 mycotoxins were present in raw coffee (Gonzalez-Curbelo
et al., 2015; Reichert et al., 2018).

The new genetic engineering developments and genetically engineered
(GE) crops with genomic modifications have been produced and allowed for
the cultivation of genetically modified (GM) crops. The unknown health threat
of GM foods is a source of health concerns among consumers, and they have
been restricted in many countries. It is critical to estimate the addition of
genetically modified foods and/or food ingredients to the food supply and to
evaluate risk parameters using metabolomics techniques. Untargeted
metabolomics is routinely involved in the differentiation of conventional
foods, transgenic foods, and genetically modified foods (Cevallos-Cevallos et
al., 2009; Li et al., 2021). There have been comprehensive researches related
to wheat (Shewry et al., 2007), soybean (Garcia-Villalba et al., 2008), barley
(Kogel, 2010) and potato (Shepherd et al., 2015) differentiate genetic
modification for food safety.

Metabolomics in Food Processing

Food processing comprises the all over changes in physical and chemical
structure that are created by components of foods that could be detected by
metabolomics. Informative metabolomics is able to determine undesired
effects pre-processing and during processing including degradation of
compounds and nutrients, and synthesis of new compounds like toxins
(Cevallos-Cevallos et al., 2009). The fermentation process of cheonggukjang
has been monitored by informative and discriminative untargeted analysis by
using nuclear magnetic resonance, and the final products were separated
according to the fermentation time (Choi et al., 2007). Metabolomics could
also be used to decide the suitability of raw materials for a certain process.
While some potato varieties are favored for frying, others are used in the
baking industry. The flow infusion electrospray-ionization mass spectrometry
(FI-ESI-MS) and compound identification were aided by GC-MS to determine
the differences between potato varieties (Beckmann et al., 2007).

Targeted and untargeted metabolomics have been widely used to measure
the effects of process parameters on the metabolite composition of foods.
There are several metabolomics studies related to different food processes; the
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effects of storage conditions on red wine (Arapitsas et al., 2016), the influences
of blending and heating on Tiger nut milk (Rubert et al., 2017b), carrot,
tomato, broccoli (Lopez-Sanchez et al., 2015), and banana (Chen et al., 2020),
the impacts of energy stages on mung beans sprout (Chen et al., 2019), and
the consequences of heat processing on Brassica vegetables (Hennig et al.,
2014).

Metabolomics for Nutrition

Foodomics is a discipline that focuses on food and nutrition to explain the
relationship between ingredients of food with quality and safety, daily diet,
health, and diseases via developed omics technologies and chemometrics,
bioinformatics, and biostatistics to enhance consumer’s beneficence, health,
and knowledge. The main subjects of foodomics could be summarized into
three groups;

1. Human health (food consumption related to human health)
2. Food resources (plant and animal origin of food)
3. Food Processing (Picone et al., 2019; Zotti et al., 2016).

Nowadays, foodomics is used to better understand the molecular
connections between human health, nutrition, and food. In particular,
foodomics has been used for developing novel nutraceutical and functional
foods. The effects of bee pollen (BP) on inflammatory bowel disease were
investigated utilizing metabolomics analysis by using ultra-performance
liquid chromatography in tandem with quadrupole time of flight-mass
spectrometry (UPLC-Q-TOF/MS). It was discovered that the BP extract’s
regulatory mechanism protects cellular metabolic pathways from DSS-
induced Caco-2 cell metabolism disorders (Li et al., 2019). The metabolomic
methods were used to assess the anti-proliferative potential of Passiflora
mollissima seeds on HT-29 human colon cancer cells. The results confirm that
foodomics enabled the identification of genes, comprising polyamine and
glutathione metabolism, or the inactivation of NUPR1 transcription could be
involved in fluctuations in intracellular ceramide concentrations (Ballesteros-
Vivas et al., 2020).

One of the most important and challenging aspects of nutrition is the
monitoring food consumption of consumers. It is a simple way to precisely
control the health of consumers by monitoring the food that a person has
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consumed. The food frequency questionnaires (FFQs) fill out by consumers
revealed some findings on the positive or negative effects of certain foods or
diets. It has also been observed that FFQ recall for retrospective diet studies is
not good enough. Moreover, FFQ does not provide direct information about
plasma levels of circulating nutrients or micronutrients (Wishart, 2008). Food
consumption monitoring combined with metabolomics provides detailed
knowledge of blood, urine, or saliva from volunteers in diet intervention
studies. Foods are complex molecules and have many more components and
metabolites. Food-specific biomarkers could be found in either blood or urine.
The presence of these biomarkers proves the consumption of a certain food or
the amount of the compound increases significantly over a period of time. It
is known that the substantial difference between urine and blood is the
percentages of metabolites to non-metabolites. Generally, urine has a
significantly higher proportion of non-metabolites than blood. In a study on
biomarkers of onion consumption, 11 relatively high abundance quercitin
metabolites were discovered in urine, whereas only 5 lower abundance
quercitin metabolites were found in the blood (Mullen et al., 2004). Therefore,
metabolomic studies could be a solution to the problems of food consumption
questionnaires used in probable diet objection or food interference studies.

Conclusion

Metabolomics has achieved great progress, with exciting findings associated
with food analysis through the development of analytical techniques. The
application of metabolomics in food processing, food quality control, and food
safety is satisfactory with appropriate statistical analyses. Furthermore,
targeted metabolomics should be improved with the automation, fast, and
precision of entire metabolite quantitation. The untargeted metabolomics
should be refined to control analytical data quality and develop a more reliable
standardization of protocols. Comprehensive attention should be paid to food
microbiology and nutrition for future aspects.
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Abstract

Recently, many articles and reviews on metabolomics have been
published in the fields of perinatology, obstetrics, and pediatrics.
Metabolomics, which lies at the end point of the “omics cascade,” allows
for the detection of alterations in systems-level metabolites within
biological pathways, thus providing insights into the mechanisms that
underlie  various physiological conditions and pathologies.
Metabolomics, along with transcriptomics, has an essential role in
discovering connections between genetic regulation, metabolite
phenotyping, and biomarker identification. Biomarkers discovered
through metabolomics may shed some light on the etiology of certain
newborn pathological conditions (such as preterm birth, intrauterine
growth retardation, asphyxia, metabolic diseases, neurological disorders,
organ pathologies, sepsis, nutritional problems) and their adverse effects
on infant development and improve current clinical conditions.
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Introduction

Metabolites are the substrates and products of metabolic reactions, which
require enzymes, minerals, lipids, peptides, amino acids, vitamins, and other
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cofactors. Metabolomics refers to the “systematic identification and
quantification of the small molecule metabolic products of a biological system
at a specific point in time.” In recent years, the new field of metabolomics,
which is included in the “omics” subclass of scientific studies, has received a
great deal of attention in both clinical and academic health. This collection of
small, low-weight molecules is called the metabolome, which is the fingerprint
of metabolism at a given time (Dettmer et al., 2007; Wishart et al., 2012).

Metabolomics measurement is evaluated by Mass Spectrometry (MS) or
Nuclear Magnetic Resonance Spectroscopy (NMR) of all metabolites in a
biological sample. By using high throughput technologies, metabolomics
allows the identification and measurement of recognizable metabolites in a
given biological sample. The available biological sample tissues can come
from the mother (plasma, urine, vaginal fluids, milk, and hair), the
fetus/newborn (amniotic fluid, umbilical cord blood, plasma, urine,
meconium, saliva, and other fluids from the infant), or the placenta. The most
commonly used biological sample is plasma, which is easy to obtain and rich
in proteins and metabolites. According to the results of human and animal
studies, metabolomics has a very important place in revealing the difference
between physiological and pathological conditions together with the detection
of specific biomarkers. Any abnormal metabolite concentration may be a sign
of a dysfunctional or impaired metabolic pathway, indicating the presence of
a disease (Horgan et al., 2009).

In conclusion, the outcomes of metabolomics analyses could be useful in
the diagnosis of a disease, the identification of therapeutic targets, the
detection of disease-specific markers, and offer solutions for prevention,
monitoring of drug efficacy, and safety, identifying neonatal and pediatric
disease onset, early diagnosis, and prognosis (Ismail et al., 2019; Mazzone et
al., 2015).

The Potential of Metabolomics in Pediatrics

Fetal life and the perinatal period are crucial phases for the neonatal. The
triggers and the conditions to which the fetus is exposed represent essential
factors influencing the development of the newborn. Intrauterine factors in
perinatal life can lead to negative consequences that will affect fetal
development. Metabolomics application can provide great advantages in
understanding, diagnosis and treatment of conditions such as preterm birth,
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IUGR, asphyxia, metabolic diseases, neuropsychiatric disorders, sepsis, and
nutritional problems (Ismail et al., 2019; Mussap et al., 2013).

Metabolomics and Asphyxia

The potential role of metabolomics in perinatal asphyxia is an interesting
topic. Asphyxia is one of the most important causes of neonatal death or
cerebral palsy, which leads to disability and poor neurodevelopment (Mussap
et al,, 2013; Locci et al.,, 2018). During asphyxia, disrupted cellular
homeostasis causes significant metabolic changes, and studies of the
metabolome may provide a pathophysiological ‘snapshot’ of these conditions.
Krebs cycle intermediates (hypoxanthine, acylcarnitine, succinate) play an
important role in perinatal asphyxia. Hypoxanthine, a purine metabolite, is
elevated under hypoxic conditions. Hypoxanthine is oxidized to uric acid by
xanthine oxidase when reoxygenated (Saugstad, 1988). The overproduction of
reactive oxygen products, including hydrogen peroxide, free radicals,
proteases, caspases, superoxide anion radicals, and reactive nitrogen species,
causes mitochondrial dysfunction and cell death (Liu et al., 2011). As a result
of asphyxia, fatty acid oxidation is incomplete, and fatty acid coenzyme A
esters increase, resulting in the production of acylcarnitines (Rebouche, 2004).
Debuf et al., found that acylcarnitines were promising in their study of
perinatal asphyxia biomarkers. Some studies detected the occurrence of
specific metabolic perturbations in the urine of asphyxiated newborns. One of
them analyzed that mediators such as maleic acid, glycine, and sorbitol varied
in relation to asphyxia, while aspartic acid, glucose, ornithine, asparagine,
gluconic acid and L-lysine were mostly affected by kidney damage (Fanos et
al., 2014). In another study, they found that acidosis and hypoxaemia
determined variations in metabolites involved in energy demand, oxidative
stress (lactate, threonine, hydroxysovalerate, glucose), and kidney damage
(Longini et al., 2015). As a result, it was determined that citrate, o-
ketoglutarate, dimethylamine, acetone, acetate, glutamine, pyruvate,
succinate, and arginine were decreased in urine profiles of asphyxia babies
(Locci et al., 2018). These data highlight that metabolomics can be used in the
diagnosis of asphyxia patients.
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Metabolomics in Intrauterine Growth Retardation (IUGR)

and Preterm Birth

Intrauterine growth retardation (IUGR) is a fetal growth retardation disorder
in which the expected fetal weight for gestational age is below the 10%
percentile. IUGR causes a significantly increased risk of stillbirth, neonatal
death, and perinatal morbidity. [UGR is in most cases caused by uteroplacental
insufficiency, but it can also be caused by many different factors such as
congenital anomalies, infections, and drug and substance use (Ergaz et al.,
2005). Studies have shown that low maternal manganese and selenium levels
are associated with [IUGR and low birth weight. It has been determined that
iron deficiency is associated with growth retardation, preterm birth, and
deterioration of cognitive functions and neurological development (Hofstee et
al., 2018). It has been shown that the incidence of preterm birth is reduced in
women who are supplemented with calcium (Villar et al., 2006). Studies have
found that low levels of selenium in maternal and cord blood are associated
with preterm birth, suggesting that adequate maternal selenium may protect
against preterm births (Dobrzynski et al., 1998).

Metabolomics and Neonatal Nutrition

Breastfeeding is the most important step in newborn nutrition. Breast milk
(BM) contains water, vitamins, minerals, lipids, carbohydrates, proteins,
growth-factors (GFs), chemokines, immunoglobulins (Ig), cytokines,
hormones, specific microbiome, immune cells, and multipotent stem cells.
BM is the most suitable food for newborns and especially for premature babies
(Dessti et al., 2016; Kaingade et al., 2017). BM oligosaccharides (HMOs)
regulate the neonatal gut microbiome, provide immune system development,
protect against infections, and may reduce the rate of development of
necrotizing enterocolitis (NEC) (Fanos et al., 2018). The content of HMOs
generally depends on maternal genetic factors, as they are divided into
Secretors (Se+) and non-Sectors (Se-) according to the expression of the a-1-
2-fucosyltransferase enzyme (Se gene encodes) in the mother. Metabolomics
studies have shown a definite difference between the higher content of
fucosylated oligosaccharides, 2a-fucosyl-lactose, lacto-difucotetraose,
lactoN-fucopentaose, and lacto-N-difucosose and the BM of mothers Se+ and
Se-. Therefore, newborns of mothers with the Se- gene may benefit from
supplementation of specific HMOs to avoid NEC and other infections (Dessi
et al., 2018). The first metabolomic study evaluating BM composition was
conducted in 2012. While maltose was found in a higher concentration in
formula milk (FM), the lactose concentration was higher in BM. Also, higher
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amounts of oleic and linoleic acids were detected in FM. A correlation with
gestational age was highlighted, in which lactose increases during milk
maturation, especially with regard to carbohydrates (Marincola et al., 2012).
In one study, urine metabolomes in the first week of life were compared in
groups of newborns classified as appropriate for gestational age (AGA), small
for gestational age (SGA), and large for gestational age (LGA). With this
study, the impact of early nutrition on neonatal metabolic pathways was
emphasized. In conclusion, the urinary metabolome of the AGA group was
found to be significantly different from LGA and SGA, and the urinary
samples were mostly affected by nutrition (Dessi et al., 2016). Metabolites
with the greatest variation are those related to energy metabolism,
neuromodulation, antioxidant action, brain development, and surfactant
synthesis. Variations in the HMO content and metabolites produced by the gut
microbiome were also detected. These results highlight the effects of early
feeding on neonatal development (Marincola et al., 2016).

Metabolomics and Sepsis

Sepsis caused by infectious pathogens is a common cause of morbidity and
mortality in newborns and especially in premature infants. If it occurs in the
first 72 hours of life, it is called early-onset sepsis, and sepsis that develops
between 3-6 days is called late-onset sepsis. Although sepsis is a life-
threatening condition, there is no clear early diagnosis marker yet.
Metabolomics can reveal metabolic pathways related to sepsis, such as
increased energy needs, hypoxia, and oxidative stress (Ng et al., 2018). In a
study, urine samples collected from septic neonates were compared with
healthy controls, highlighting effects on energy metabolites (including an
increase in lactate, acetate, glucose, maltose, ketone products, and effects on
antioxidants) (Fanos et al., 2014). In another study, attention was drawn to the
urinary profile in a preterm neonate affected by fungal sepsis. As a result,
increases in some amino acids were detected and the D-serine metabolite was
seen as a good indicator of the antifungal treatment response by reducing itself
during treatment (Dessi et al., 2014). Sarafidis et al., found that the urinary
metabolic profile evaluated allowed a certain distinction to be made between
septic and non-septic neonates by analyzing samples collected at the time of
diagnosis and on the following days (days 3 and 10). Metabolite variations
improved with the good conditions of the clinic, providing promising
information for prognosis and treatment (Sarafidis et al., 2017). In another
study in children with sepsis, an increase in lactate, glucose, creatinine, 2-
oxoisocaproate, 2-hydroxysovalerate, and 2-hydroxybutyrate, and a decrease
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in threonine, acetate, 2-aminobutyrate, and adipate was found in the serum
metabolomes of patients compared to healthy controls. According to the
results of the studies, metabolomics can provide an early and accurate
diagnosis of sepsis by showing disease progression, treatment efficacy, and
toxicity in children (Dessi et al., 2014).

Metabolomics and Neuropsychiatry

Autism spectrum disorder (ASD) is a complex neurodevelopmental difference
that is congenital or presents in the first years of life. Although it is not known
what causes ASD, there is evidence that genetic, environmental factors,
socioeconomic status, maternal and neonatal infections, formula feeding, and
epigenetic components are effective. Although the incidence of ASD has
increased in recent years, definitive biomarkers are not available for diagnosis.
In recent years, metabolomics has emerged as promising for better knowledge
of neuropsychiatric diseases as well, allowing for individualization,
monitoring of biomarkers, and perhaps the delivery of innovative treatments.
ASD-associated metabolites generally appear to be involved in amino acid
metabolism, cholesterol metabolism, folate metabolism, antioxidants,
nicotinic acid metabolism, and mitochondrial metabolism. Some metabolites
produced in the gut microbiota may play a large role in shaping the behavior,
metabolic patterns, and immune response of children with ADS, purine
metabolism, amino acid biosynthesis such as phenylalanine, tryptophan, and
tyrosine, vitamin B6 metabolism, and the TCA cycle (Fanos et al., 2018).
When urine samples of patients with ASD were compared with their healthy
siblings, differences were observed in nervous system-related amino acids
such as catecholamine and serotonin. According to these results, diet may be
considered a relevant epigenetic factor influencing the gut microbiome in the
pathogenesis of ASD (Noto et al., 2014). Metabolic disorders associated with
ASD can be detected in blood, urine, saliva, cortex, and cerebellum samples.
Significant differences were found when many metabolites were compared in
the prefrontal cortex of ASD patients and the healthy control group
(Kurochkin et al., 2019). The study and application of metabolomics in
neurological and psychiatric disorders is promising for the future. Specific
biomarkers that have been present since the early stages of fetal life and that
affect neuropsychiatric development from perinatal programming to
adulthood should be identified (Faa et al., 2016).
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Metabolomics and Some Organ Pathologies

Metabolomics studies have been carried out in systemic pathologies such as
sudden idiopathic sensorineural hearing loss, nephrourological diseases, and
cardiovascular diseases. The urinary metabolomes of patients with
nephrological system diseases (vesicoureteral reflux, urinary tract infection,
acute renal failure, renal dysplasia) and healthy children were evaluated.
Metabolomics seems a promising, non-invasive tool in nephrourological
disease (Atzori et al., 2010). Another study advocated the applicability of
metabolomics to predict chronic kidney disease early in healthy adults born
with extremely low birth weight (Atzori et al., 2011). Metabolomics can also
help in detecting the risks of cardiovascular diseases early before clinical signs
and can help prevent fatal outcomes (Dang et al., 2018). Metabolomics
associated with cardiovascular risk is generally related to the gut;
Trimethylamine N-oxide has recently been associated with an increased rate
of atherosclerosis and thrombosis. Trimethylamine N-oxide levels appear to
be associated with an increased risk of cardiovascular problems in stroke
patients via increased proinflammatory cells (Jia et al., 2019). Metabolic
studies have also been conducted on pathologies such as sudden idiopathic
sensorineural hearing loss. Metabolomics can be used to predict clinical
outcomes and to evaluate treatment responses to steroids. A study evaluated
the urinary metabolome of patients with sudden idiopathic sensorineural
hearing loss and analyzed it according to clinical outcomes after steroids.
There were significant differences in urinary metabolomes (B-Alanine, 3-
hydroxybutyrate and trimethylamine N-oxide, citrate, and creatinine) between
responders and non-responders to steroid therapy (Carta et al., 2017).

Metabolomics and Inborn Errors of Metabolism

Although newborn screenings are important for public health, their content is
not very diverse. Not all IEMs can be identified in routine newborn screening
programs. Metabolic profiling can contribute significantly to expanding
metabolic knowledge by obtaining an accurate diagnosis and discovering new
IEMs. Recently, numerous metabolomic studies have been published focusing
on IEMs. Metabolomics also seems promising in predicting the early
recognition of metabolic diseases and the treatment and prognosis of inborn
errors of metabolism. Metabolomics was first evaluated in the IEMs screening
in maple syrup urine disease and phenylketonuria. There were significant
differences between the metabolome of healthy children and the metabolome
of children with maple syrup disease. Also, metabolomics has been used to
differentiate phenylketonuria from maple syrup urine disease (Constantinou et
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al., 2004). Another study compared the urinary metabolomes of patients with
IEM (argininosuccinic aciduria, homocystinuria, methylmalonic acidemia,
maple syrup urine disease, phenylketonuria, and type Il tyrosinemia) and
healthy controls (Pan et al., 2007). According to the study, the urinary
metabolic profile of each patient was significantly different from that of the
controls, which appears promising for the use of metabolomics in the
differential diagnosis of metabolic diseases. In a large study in Italy,
metabolomics was used in newborn screening for the preclinical diagnosis of
IEMs. In this study, it was aimed to identify newborns at risk, including
organic acidemia, hyperammonemia, branched-chain amino acid deficiency,
fatty acid oxidation disorders, and maternally acquired metabolic diseases.
According to the results of the study, it was determined that metabolomics has
an important place to improve clinical risk estimation with the presymptomatic
diagnosis of IEMs (Scolamiero et al., 2015). Fabry disease is an X-linked
complex, multisystemic lysosomal storage disease characterized by the
accumulation of globotriaosylsphingosin (lyso-Gb3) and
globotriaosylceramide (Gb3) in the body due to a deficiency of the a
galactosidase A enzyme. Some studies have found different isoforms/
analogues of galabiosylceramide (Ga2) of Gb3 and Ga2 in the urine of
untreated Fabry patients (Boutin and Auray-Blais, 2015). Detection of these
isoforms has provided new insight into the pathophysiology and metabolic
mechanisms of Fabry disease. Using metabolomes, amino acid pathologies,
fatty acid oxidation disorders, and organic acidurias were also investigated
(Sandlers, 2017). A study evaluated genetic metabolic disorders using
metabolomics. In conclusion, this study demonstrated that targeted disorders
are potentially useful as a screening tool for a large group of IEMs (Jacob et
al., 2018).

Conclusion

Metabolomics is the study of metabolites in a sample and is the one that
corresponds most closely to the function of the cell, tissue, or organism
compared to the sciences of omics such as genomics, transcriptomics, or
proteomics. Although the clinical efficacy and safety of metabolomics need to
be formalized with large-scale randomized or multicenter studies for routine
use in patients, metabolomics is promising for the future according to the
results of the studies. In the near future, metabolomics appears to be extremely
promising in the early diagnosis, monitoring, optimization of therapy, and
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disease progression of a variety of fetal, perinatal, and pediatric conditions
through the detection of specific biomarkers.
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Abstract

Preterm birth is a multi-sided condition affecting more than 15 billion
infants and women per year around the world. In the challenges of
dealing with preterm birth and its accompanying morbidities, including
respiratory and neurological disorders, increase the medical and
pecuniary burden due to the increased survival of very preterm infants.
Therefore, prevention and early detection of preterm birth associated
mortality and/or morbidity is crucial to deal with these challenges.
Metabolomics are promising ‘clue’ molecules of human metabolism.
Maternal, fetal, and neonatal body fluids include many metabolomics
that can be used as either early biomarkers or targeted therapeutic
molecules of major preterm birth-related morbidities, including
respiratory  distress syndrome, pulmonary hypertension, and
bronchopulmonary dysplasia. Given the wide range of prematurity
associated disorders and human body fluid bioenvironment, more
metabolomics are expected to be identified to improve quality of care.
Thus, future research on body fluid metabolomics is expected to bring
today’s individualized medicine closer to predict PTB by providing a
better understanding of its underlying mechanisms.
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Introduction

Preterm birth (<37 gestational weeks) (PTB) is a major obstetric condition
resulting in prematurity-associated mortality and various morbidities,
including respiratory distress syndrome, bronchopulmonary dysplasia,
necrotizing enterocolitis, and neurologic disorders. Recent advances in
obstetrics and newborn medicine are still inadequate to elucidate the exact
mechanisms for the timing of birth due to it is multifactorial and complex
nature. Thus, scientific effort focuses on preventing or predicting PTB by
dredging for novel determinants including biomarkers, screening tools, or new
scoring systems. At this point, biological fluids represent a suitable and
dynamic bioenvironment representing the actual pathophysiological state of
maternal and/or neonatal metabolism.

Metabolomics are micro products of the metabolism which provide a
specific metabolic phenotype (metabotype) for each individual (Monni et al.,
2022). The unique nature of metabolomics serves as novel biomarkers, disease
predictors, and/or therapeutic agents in precision medicine. Since recent
advances in newborn medicine provided an enhanced survival of even
extremely preterm infants, the burden of PTB is increased. Therefore,
anticipating the risk and accompanying neonatal disorders is particularly
important in reducing the mortality and morbidity associated with PTB.
Hence, the number of research on metabolomics has been increasing since the
1960s by the discovery of metabolites in maternal serum, amniotic fluid,
umbilical cord blood, and placenta under various medical conditions (Fanos
et al., 2013a). The risk of preterm premature rupture of membranes and
placental abruption are some of the conditions that can be predicted by
metabolomic analyses of maternal serum even in the first trimester (Gelaye et
al., 2016). Therefore, the newborn metabotype in PTB can guide the physician
in dealing with both PTB itself and common co-morbidities such as pulmonary
hypertension as well as the rare ones including congenital abnormalities and
inborn errors of metabolism (Gil & Duarte, 2018; Monni et al., 2021).

Biological fluids for metabolomic sampling can be classified as maternal
plasma, urine, cervicovaginal secretions and postnatal breastmilk, fetal
amniotic fluid (AF), placenta, umbilical cord blood, and neonatal plasma,
urine, feces, and saliva (Table 1). Multiple methods including nuclear
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magnetic resonance spectroscopy (N-MRS), gas chromatography-mass
spectrometry (GC-MS), and liquid chromatography-mass spectrometry (LC-
MS) can be used in determining the metabolomics (Holmes et al., 2008).
Furthermore, as more cost effective, practical, and non-invasive metabolomic
analysis ways, near-infrared (NIR) and/or mid-infrared (MIR) spectroscopy
are promising to overcome the technical issues with the other methods (Graga
etal., 2013; Power et al., 2011). However, existing metabolomic studies using
NIR and/or MIR are inadequate to reach a certain result due to their small
sample size.

Table 1. The sources of body fluids for metabolomic analysis

Prenatal Postnatal
Maternal e Blood e Blood
e Urine e Breastmilk
e Cervicovaginal Secretions e Urine
Fetal e Amniotic Fluid e Umbilical Cord Blood
e Cord Blood e Saliva
e Placenta e Buccal swab

e Tracheal aspirate

e Bronchoalveolar lavage
fluid

e Urine

e Meconium

Metabolomics in Predicting Preterm Birth

Accurate estimation of the gestational age is crucial for a better understanding
of the PTB process, distinguishing the small for gestational age (SGA) infants
and/or intra uterine growth restriction (IUGR) from preterm ones. Since
common ways of estimating gestational age, including the last menstrual
period, prenatal ultrasound, and birth weight, have a respectable potential for
miscalculation, human cord blood metabolomics in combination with birth
weight are thought to be more reliable tools in prediction of PTB prevalence
(Jasper et al., 2022).

Preterm birth can be triggered by dysregulated maternal immune reactions
through  proinflammatory  processes and/or fetal haematological
disorganisation in fetal/placental angiogenesis or growth. Regardless of the
etiopathology, all those processes include cell-to-cell interactions reverberate
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to metabolomics of biological fluids including amniotic fluid, maternal, and
fetal plasma. Hence, Brou et al. demonstrated significant differences between
the amniotic fluid, maternal and umbilical cord plasma metabolomics, in a
race dependent manner, particularly those with inflammatory and
haematological functioning ones including IL8, TNFa, IL1b, ILIRA in PTB
(Brou et al.,, 2012). Herewith the race-dependent changes in biofluid
compartment metabolomics, the impact of genetic structure manifests the
multifactorial etiopathology of PTB. Given its complex configuration,
multivariate adaptive regression splines analysis (MARS) based on a machine-
learning algorithm is developed to define the biomarkers including the
metabolomics of spontaneous PTB (Menon et al, 2014a). Although
demographic and clinical data did not have a significant effect on this MARS
model, racial variations and different levels of specific metabolomics
including ILIRA, IL1b, TNFa, angiopoietin 2 between maternal-foetal
biofluid compartments is caught. Moreover, a metabolomic analysis revealed
that preterm labor is associated with a higher carbohydrate content than amino
acids in the amniotic fluid, reflecting the catabolic state of the fetus, thus
making it possible to determine the risk of preterm delivery (Romero et al.,
2010). In contrast to the previous research, the metabolomic profiling of the
mid-trimester amniotic fluid did not point to any relevance with PTB
(Hallingstrom et al., 2022). Consequently, these findings can be attributable
to the possible importance of timing and the cumulative effect of fetal and/or
placental maturation level on the amniotic fluid bioenvironment, since the
majority of AF metabolomics related to PTB are involved in inflammatory
pathways and/or energy metabolism. Nevertheless, another second trimester
AF metabolomic analysis found an increase in allantoin regarding in utero
oxidative stress and a decrease in alanine, citrate and myoinositol due to the
membrane phospholipid production and lung maturation (Graga et al., 2010).
Untargeted metabolomic analysis of amniotic fluid at the time of delivery by
Menon et al. revealed more than a hundred of metabolomics predominantly
hepatic metabolites including xenobiotic detoxification, fatty acid, coenzyme
A and histidine metabolism differed in PTB (Menon et al., 2014b). However,
it is still controversial whether those different levels of metabolomics are the
result or cause of the PTB. Presumptively, due to the enhanced fetal
catabolism, reduced amino acids such as histidine, isoleucine/leucine,
methionine, phenylalanine and valine with elevated hexoses are reported in
second trimester AF despite concurrent maternal urine analysis that revealed
no significant differences (Graga et al., 2012). Furthermore, in comparison
with dysregulated lipid profile of the paired maternal blood, glutamine,
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glutamic acid and pyruvic acid changes in the second trimester AF indicating
altered fetal energy metabolism are reported to be associated with PTB
(Virgiliou et al., 2017). Thus, maternal circulating metabolomics is thought to
be in a dynamic relationship with the fetal metabolism during the pregnancy
which makes them probable markers to be used in predicting the maternal-
fetal conditions including PTB. In terms of sample timing, while 28-32
gestational weeks’ maternal serum serpin B7 levels were found to be higher
in pregnancies ended by PTB, they were detected as normal for the same
women at 19-24 weeks of gestation (Parry et al., 2014). Although a NIR
spectroscopic analysis study revealed that the second trimester AF of
pregnancies ended by term and PTB had significantly distinct metabotypes,
providing the estimation of the PTB with a notable sensitivity, scientific
evidence is yet inadequate for certain results due to the small sample size of
this study (Power et al., 2011). Similarly, another study of MIR metabolic
profiling unveiled potential metabolomics predicting PTB cases in second
trimester AF, but these results should be re-evaluated with further research
due to the limited number of participants (Graga et al., 2013). In addition to
the increased risk of PTB in pregnant women with higher total cholesterol,
triglycerides, and low-density lipoprotein cholesterol, the second trimester
maternal plasma was also reported to have a predictive metabolic phospholipid
profile for PTB (Mudd et al., 2012; Pinto et al., 2014). Additionally, Lizewska
et al. defined distinct maternal plasma metabotypes that can be used to predict
preterm birth (Lizewska et al., 2018). A recent report revealed higher plasma
levels of diglycerides along with lower levels of some glycerophospholipids
in PTB, indicating the possible descriptive role of maternal plasma lipidomic
profile in the mechanism of PTB (Morillon et al., 2020). The predictive power
of metabolomics can be enhanced by using the metabolomic analyses in
combination with different clinical scoring systems, statistical analysis, and/or
artificial intelligent-based methods. Therefore, PTB has been shown to be
predicted in the second trimester by collating the results of serial maternal
plasma metabolomic analyses with specific depression scale scores (Huang et
al., 2021). Ultimately, a comprehensive study showed altered levels of various
fatty acids along with decreased phosphocholines associated with PTB in 24-
28 weeks of maternal plasma (Chen et al., 2022). Besides, a previous study
suggested a model for metabolic processes proceeding PTB by using
metabolomics with concurrent gene correlation network analysis and
machine-learning strategies.

Maternal urine stands for a practical, non-invasive, and superior to plasma
sample for metabolomic research. Nevertheless, the second trimester maternal
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urine choline and 2-hydroxibutirate levels were found to be associated with
PTB (Diaz et al., 2011). The maternal urine ingredient in metabolomics,
including histidine, hexose, phenylalanine, and methionine, was reported to
differ between the term and PTB (Fanos et al., 2013b). Besides, PTB was
reported to be in association with increased lysine and lower formate levels in
maternal urine in the first trimester (Maitre et al., 2014). Interestingly, in the
previous study, induced PTB was also shown to have a distinct metabolomic
profile with higher levels of glycoprotein N-acetyl in maternal urine. Hence,
the metabolomic reflection of maternal urine can be considered as a practical
and time sensitive environment for the prediction and evaluation of PTB.

Several metabolomics were detected to have significantly different levels
in PTB compared to normal controls by prenatal metabolomic analyses in
maternal cervicovaginal secretions. A mass spectrometric study revealed that
maternal cervicovaginal secretion sampling at 31-33 gestational weeks can be
predictive of PTB (Auray-Blais et al., 2011). Alongside a detailed
metabolomic analysis indicated that cervicovaginal secretions evolved
dynamically during pregnancy with enhanced sialic acid, N-
acetylneuraminate levels and reduced dipeptide levels in the third trimester
samples (Ghartey et al., 2015). Given the well-defined role of amniotic
microbial invasion due to maternal infection in PTB, cervicovaginal
metabolomic changes are not surprising to indicate PTB. Therefore, Vicente-
Muiioz et al. demonstrated elevated levels of hypoxanthine, proline, choline,
and acetylcholine accompanied by lower phenylalanine, glutamine,
isoleucine, leucine and glycerophosphocholine levels in PTB associated with
amniotic infection (Vicente-Mufioz et al., 2020). In contrast to the existing
data, Thomas et al. suggested that early pregnancy cervicovaginal
metabolomics were not predictive of PTB (Thomas et al., 2015). However,
these findings can be related to the importance of the timing of the biologic
sample, the effect of the microbiota, racial or genetic factors, and technical
methods of metabolomic analysis. Considering the role of race and micro flora
on the cervical remodelling during pregnancy, Gerson et al. that indicated
particular metabolomics included in dipeptide and amino acid metabolism
were related to PTB in association with regional microbiota in non-Hispanic
Black women (Gerson et al., 2021). Thus, a recent proteomic study determined
specific metabolomics such as fibronectin-1, the precursor of the extracellular
matrix protein 1 isoform 1, the laminin alpha 3 subunit isoform, the laminin
A/C isoform 2, the calsyntenin 1 isoform 2 as potential biomarkers for PTB in
cervicovaginal secretions by using both targeted and shotgun analysis
techniques (Parry et al., 2020).
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Elemental metabolomics is also a new research area for predicting and
diagnosing PTB. In this context, elevated plasma levels of Ca, Cr, Ni, As, Sr,
Mo, Sn, I, Au, and U were detected along with lower levels of Na, Mg, P, Mn,
Pb, and Ba were detected in human cord blood (McKeating et al., 2020). In
accordance with these data, maternal exposure to Cr before birth increased the
risk of PTB as well as increased lead level in maternal urine is also linked to
PTB (Pan et al., 2017; Zhang et al., 2015). Umbilical cord plasma ratios of
Sn/Pb, Cr/Pb, and Pb/U have been shown to have considerable diagnostic
power on PTB (McKeating et al., 2020).

Metabolomics in Preterm Morbidities

Accurate recognition of PTB is a must to prevent or mitigate disorders due to
prematurity. Since today’s medical advances are not yet able to prevent PTB,
an individual metabolomic map for the preterm infant can guide the clinicians
to provide a better neonatal care. Since prematurity alone is a major issue for
the infant, it is extremely important to avoid additional stressors such as
invasive laboratory tests or treatment modalities. Thus, metabolomic studies
focused on postnatal biologic samples revealed promising metabolomics that
foresee or facilitate the treatment of preterm morbidities. Maternal blood,
breastmilk, urine, umbilical cord blood, amniotic fluid, neonatal saliva, urine,
and meconium are the biofluids of interest for postnatal metabolomic research
in PTB (Table 1).

The placenta states an active, complex, and dynamic bridge between the
mother and newborn allowing perpetual metabolic interactions that are
mirrored by biologic fluids including maternal-neonatal blood and urine.
Therefore, several metabolomics including amino acids, carbohydrates, lipids
and lipoprotein molecules are defined as predictive markers of preterm
morbidities in prenatal and/or postnatal biofluid samples.

Necrotizing enterocolitis (NEC) is the most common gastrointestinal
disease in preterm infants. Since specific diagnosis modalities for NEC cannot
be defined yet, recent metabolomic research pointed to a variety of substantive
metabolomics as predictors of NEC (Agakidou et al., 2020). Therefore, a
lower level of IL1AR was determined as a potential predictor of NEC in buccal
swab samples from preterm infants under 32 gestational weeks (Murgas
Torrazza et al., 2013). Notable work revealed that NEC development showed
a strong and time sensitive relation with the levels of alanine, phenylalanine,
free carnitine, C16, arginine, C14:1/C16, and citrulline/phenylalanine levels
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in sequential dried blood samples from preterm infants under 32 gestational
weeks (Sinclair et al., 2020). Fecal calprotectin, a specific metabotype of fecal
volatile organic compounds, urinary serum amiloid A, intestinal fatty acid-
binding protein, prostaglandin E2 major urinay metabolit are defined as non-
invasive biomarkers for NEC (de Meij et al., 2015; Konishi et al., 2019;
Moschino et al., 2022; Wang et al., 2019).

Bronchopulmonary dysplasia (BPD) is one of the probable long-term
respiratory consequences of PTB. Although clinical and respiratory follow-up
of the infant has some clues whether BPD develops in the future, only genetic
and metabolomic analysis has the potential to make an accurate prediction of
BPD early in the newborn period (Piersigilli & Bhandari, 2020). Therefore,
AF, tracheal aspirate, bronchoalveolar lavage fluid, umbilical cord blood, and
neonatal urine were analyzed for BPD predictive metabolomics (Baraldi et al.,
20164a; la Frano et al., 2018; Piersigilli et al., 2019; Pintus et al., 2018). The
first postnatal week tracheal aspirate of the ventilated newborns under 30
weeks of gestation was analyzed and the researchers evidenced that significant
time dependent metabotypes were subject to foresee BPD development
(Piersigilli et al., 2019). In the previous work, elevated histidine, citrulline,
glycine, glutamic acid was detected along with higher isoleucine amino acids
and C16-OH, C18:1-OH acylcarnitines particularly in more preterm ones.
Since BPD incidence is in the reverse ratio of gestational age at birth those
data are considered extremely noteworthy for further research on elucidating
the ethiopathogenesis of BPD. A decent representative of integrative research
revealed that multiple metabolomic changes together with concurrent altered
respiratory tract microbiome associated with four pre-defined genes predictive
for BPD in an experimental model (el Saie et al., 2022). Besides, disturbance
in lipid metabolism allowed us to determine the severity of bronchopulmonary
dysplasia and related pulmonary hypertension by detecting lower levels of
phosphatidylcholine, sphingomyelin, along with a higher level of many
oxylipins, including COX-derived prostaglandins, in preterm infants’
umbilical cord blood (la Frano et al., 2018). Recent scientific evidence showed
that increased levels of hydroxylated and oxidated fatty acids, fatty aldehydes,
and amino acids were associated with both PTB and further development of
BPD in the newborn infant pointing to the acute and long-lasting impact of in-
utero fetal exposure to oxidative stress on the birth process and the neonate
(Baraldi et al., 2016b). Meanwhile, a longitudinal study of metabolomics did
not show a significant correlation between serum metabolomics and preterm
morbidities, including BPD and retinopathy of prematurity, in extremely
preterm infants (Nilsson et al., 2022). However, those findings can be related
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to the effect of genetic and racial factors, differences in postnatal
environmental conditions, sample timing, and the choice of proper analysis
and statistical methods.

Hemodynamically significant patent ductus arteriosus (hsPDA) is a
common prematurity associated morbidity. The diagnosis of hsPDA requires
an echocardiographic examination with a detailed clinical evaluation. As well
as the other disorders of prematurity, hsPDA pathophysiology has not been
elucidated yet. Therefore, early diagnosis and prediction is crucial to prevent
ductus-related cardiac failure, renal and/or systemic hypoperfusion. Since
echocardiographic evaluation cannot be continuously available for all settings,
metabolomics is considered a practical way to treat hsPDA. As a non-invasive
method within postnatal 12 hours neonatal urine showed to have higher levels
of lactate and glucose along with lower betaine, glycylproline, 4-
hydroxyproline,  3-methylxanthine, = myoinositol,  tryptophan, and
trimethylamine-N-Oxide levels (Bardanzellu et al., 2020). Given the time
advantage of early urinary metabolomic analysis for the diagnosis of hsPDA,
a further supportive study can reduce the need for unnecessary
echocardiologic screening of the preterm infants within the first 48-72 hours.
Moreover, serum metabolomics was also studied for the early detection of
hsPDA in several remarkable work, but the results did not point to specific
ones neither and had controversy in terms of some amino acids, particularly
for altered glutamate levels (Huizing et al., 2021; Oltman et al., 2021;
Ryckman et al., 2013).

Preterm birth itself becomes a significant issue for long-term
neurodevelopmental disabilities of the infant. Although it is more frequent in
term birth, hypoxic ischemic encephalopathy (HIE) occurs in PTB and is still
the most common cause of preventable neonatal mortality. Together with
possible injury due to PTB, overlapped HIE can be detrimental for preterm
infants. Given that the exact etiopathogenesis and underlying mechanisms of
HIE are not completely defined to date, the unique evidence-based therapy is
therapeutic hypothermia that is not an accurate solution. Hence, the preterm
population benefits most from the detection of the metabolomics predicting
and understanding of HIE development. Nevertheless, both clinical and
experimental metabolomic research in HIE intensified at term births, revealing
elevated acylcarnitine along with altered levels of several amino acids in
umbilical cord plasma, distinct L-lysine, L-3-methylhistidine levels in
neonatal urine (El-Farghali et al., 2018; Locci et al., 2020; Mikrogeorgiou et
al., 2020; Rasineni et al., 2022; Valerio et al., 2022). Therefore, further
scientific evidence is required to understand whether previously defined



280 Seda Yilmaz Semerci and Adviye Cakil Saglik

metabolomics also work for PTB; otherwise, novel metabolomic marker
studies are urgently expected for HIE in PTB.

Intraventricular haemorrhage (IVH) is a devastating cause of brain
damage associated with PTB. Actually, there is no accurate prevention
strategy nor curative therapy for IVH, therefore serial targeted metabolomic
analyses of neonatal urine samples revealed that a specific metabotype can be
used to monitor the presence and the follow-up of IVH (Sarafidis et al., 2019).

Conclusion

Currently, a wealth of biofluid-derived metabolomics is studied in the
pathophysiology of PTB. However, the metabolomics alone is not subject to
predict or prevent PTB. Instead, risk scoring and early diagnosis algorithms
based on the evaluation of the individual metabotype of maternofetal biofluids
in combination with pathway analysis and clinical parameters can reduce
global PTB related morbidity and mortality. Thus, metabolomics can be used
as a fortune teller for PTB, as well as many other medical conditions.
Therefore, further scientific collaborative effort is required to develop non-
invasive novel diagnostic tools and targeted solutions for PTB by combining
the benefit of metabolomics with computer technology.
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Abstract

Metabolites are small molecules that are the end products of enzymatic
processes in the human body. Inborn errors of metabolism (IEM) are
inherited, known to have a poor prognosis, generally and luckily rarely
diseases. More than 1000 diseases were defined about metabolite
deficiency, enzymatic dysfunction, or absence (Ferreira & van
Karnebeek, 2019). The first studies on inborn errors of metabolism
started in the 1900s with most popular diseases including albinisim,
cystinuria, and alkaptonuria (Vangala & Tonelli, 2007). From those
years, with the help of new technology, new studies are performed with
a few drops of blood and provided to check more than 20 metabolic
diseases with one sample. More than 100 years before, diagnosed
metabolic diseases numbers were smaller, but for now the diagnostic
ratio of IEM increased 5 times much more than those years. Thus, an
early diagnosis can be possible with screening all newborns, not only
probable patients or newborns with a family history. So, in many
countries it becomes a part of the routine neonatal screening programme
to diagnose in early newborn period before symptoms occur. By the help
of technological systems, the new study area of the point is metabolomics
and the analysing of the metabolite profiles of the biological system to

understand genes’ effects in many metabolic inherited diseases.
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Introduction

Inborn errors of metabolism (IEM) are inherited diseases seen rarely and the
caused by different enzyme defects in the newborn period and result in several
progressive diseases. These enzymes contribute to different systems of the
organism. In the carbohydrate, fatty acids, amino acids, nucleic acids, and urea
cycle system, enzyme defects disturb the metabolism of substrates and cause
accumulation of the toxins (Baumgartner & Baumgartner, 2006). By the
blockage of system at any stage, clinical symptoms start and lead to death. It
was first named in 1908 by a British physician, and first diagnosed diseases
were alkaptonuria, albinism, and cystinuria (Mussap et al., 2018). More than
a century of studies continue to focus on IEM. For today IEM prevalence is
known as 1 in 1000 people all over the world (Coene et al., 2018). IEM are
generally rare diseases and their prevalence change from disease to disease.
For example, congenital hypothyroidism is seen approximately 60 times much
more than branched chain ketoaciduria, which are both IEM (Baumgartner &
Baumgartner, 2006). If any disease seems to have such high incidence in a
society, it is much more important to diagnose it earlier. Symptoms and signs
of IEM differ in a wide range. Neurological signs are hypotonia, myopathy,
ataxia, convulsions, myelopathy, encephalopathy, movement disorders,
intellectual problems. Gastrointestinal signs are food intolerance,
hepatomegaly, and hepatic failure, splenomegaly, and jaundice. As cardiac
signs, cardiomyopathy is the most seen. In the skeletal system, joints easily
dislocated, short or tall heights are possible, osteochondrosis and osteopenia
can be seen. Also, eye problems such as lens dislocation, cataract or
retinopathy, and hearing loss can occur. And the metabolic problems are
dysregulation of blood glucose level, hiper or hypoketosis, hypocalcemia,
adrenal failure, and failure to thrive (Mordaunt et al., 2020).

In this view, newborn screening tests become more important by years.
Nowadays it is possible to check the IEM with a small blood sample as dry
blood spots (DBS) in developed and low-income countries. Early diagnosis is
essential to provide treatment or a better quality of life and a longer life. But
when delayed in diagnosis, it may result in metabolic decompensation,
progressive neuromotor disturbance, severe complications, and early death.
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Metabolomics in the Diagnosis of IEM

‘Omics’ are new molecules that are used to understand biological systems. It
can be checked proteins, lipids, carbohydrates, metabolites. As one of them is
metabolomics, they are small molecules in metabolic pathways and
fingerprints of the metabolic processes of the organism. The term of
‘metabolomics’ was first defined in 2002 (Fiehn, 2002). In metabolic
pathways, the process is affected both by genetic factors and non-genetic
environmental factors. Laboratory tests for metabolomics can be categorised
in four groups which are general metabolic screening tests, specific metabolic
tests, enzymatic studies, and nucleic acid analysis. By this technology we can
now diagnose more than 50 congenital metabolic diseases such as
aminoacidopathies, organic acidemias, fatty acid oxidations, and lysosomal
storage diseases. For specific diagnosis amino acid profiles, urine organic acid
profiles, enzyme activity assays, plasma acylcarnitine profiles, free fatty acid
profiles, oligosaccharides, mucopolysaccharides and mutational analyses
(Baumgartner & Baumgartner, 2006).

Nuclear Magnetic Resonance (NMR) spectroscopy and Tandem mass
spectrometry (MS) are reference methods to analyse complex metabolites
objectively. NMR spectroscopy measures the intrinsic magnetic speciality of
atomic nucleus (Beckonert et al., 2007). One dimensional proton NMR
spectroscopy is the most preferred method to study metabolomics due to its
advantages of no preanalytic stage needs, no manipulation to sample and no
destruction to the products occur and it analyses fast and highly reproducible
(Markley et al., 2017). Aygen et al., in 2014 in Turkey studied 989 newborns
urine samples by NMR and for outliers analyses checked 65 metabolites to
diagnose IEM (Aygen et al.,, 2014). By this NMR technology, they can
diagnose those with IEM in addition to the other newborns who have statistical
outliers. Maybe in the future, it will be a combined diagnosis method for
asymptomatic but suspected IME in newborns. Another method which is
reliable, cheaper and more suitable for complex metabolites is Tandem mass
spectrometry (TMS) (Gonzéalez-Dominguez et al., 2017). It first started to be
used in the 1980s and became one of the most important diagnostic methods
in IEM. Since it can be studied with a little DBS like general screening tests,
it is a practical method to check all newborns. There are two pathways to
analyse in TMS. One is direct infusion mode, in which the sample is infused
directly to the mass spectrometer, and the other method is conjunction with
high resolution separation such as liquid or gas chromatography (LC-MS or
GC-MS) or capillary electrophoresis (CE-MS) (Begou et al., 2017). The direct
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infusion method is used to separate metabolites from complex compounds.
LC-MS is the most commonly chosen method for polar and non-polar
products, GC-MS is used to analyse volatile compounds, and CE-MS is
generally used for polar metabolites (Begou et al., 2017). New technological
methods are ultra-performance liquid chromatography (UP-LC) and
supercritical liquid chromatography (SLC). However, any of the methods is
the sole and perfect for all metabolomes. Therefore, combined methods are
considered to be more preferable.

Metabolic Screening Tests in Neonates

Metabolic screening tests for newborn infants were first started in the 1960s
in the United States of America for Phenylketonuria (PKU) (Maccready &
Hussey, 1964). In 1968 newborn metabolic screening tests became World
Health Organization (WHO) standards for newborn infants (Wilson et al.,
1968). Standard screening tests for diseases that are important to public health,
are easily detectable, early treatment is beneficial, and it must be cost effective
(Arnold, 2018). With a single DBS, at least 50 and more metabolic diseases
should be checked.

Early diagnosis to start treatment in some IEM diseases improves life
quality and extends life in patients. Thus, we see that neonatal screening
becomes more important by the years, in particular for developing countries.
Although not all IEM can be detected with these tests, the chance of finding
as many as possible, plays an important role in public health. In the Human
Metabolome Data Base (HMDB), 247 metabolites are defined and 147 of them
are associated with IEM. This project named as multinational named Human
Metabolome Project (HMP) to facilitate diagnosis and find associated genes
of IEM (Lee et al., 2009; Ninomiya et al., 2020). Therefore, it is possible to
diagnose diseases with whole exome sequence analysis (Yu et al., 2013).

Metabolomic Tests Diversity

Metabolomic tests in diseases of metabolism can be classified as targeted or
untargeted. Untargeted tests have many limitations, such as expensive
instruments and special methods which need expensive instruments (Dhiman
et al., 2011; Koelmel et al., 2017). Apart from the other omics, metabolomics
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is affected by gender, diet, or other physiological factors (Zhang et al., 2013).
For example, age is one of the most significant factors including both
gestational age and chronological age (Courraud et al.,, 2021). As
environmental factors, temperature and humidity affect the sample preparation
and the results of metabolic profiles (Biagini et al., 2019). Complex analysis
takes more time to perform, however, timely accurate diagnosis and
correlation with clinical outcomes are extremely important in IEM (Beebe &
Kennedy, 2016). For metabolic diseases, ethnicity also has a crucial role, and
many variations can be seen in different regions around the world. Therefore,
studies for metabolomics must be variated for ethnicity differences (Rosenfeld
et al.,, 2012). Up to now, by the analysing systems improved, in the most
popular database -Human Metabolome Database (HMDB)- metabolite
numbers have doubled (Wishart et al., 2022).

In different organ-specific diseases and sample types, distinct
metabolomic profiles need to be analyzed. However, the sensitivity of
untargeted metabolomics is lower than the targeted metabolomics (Hertzog et
al., 2022). Almontashiri et al., controlled the trueness of the untargeted
metabolomic analysis in 87 known IEMs patients and found that its sensitivity
is as high as 86% (Almontashiri et al., 2020). Besides, Steinbusch et al., found
a similar sensitivity rate as 87% (Steinbusch et al., 2021).

For targeted tests on specific metabolites studies, many studies focus on
targeted tests. Both targeted and untargeted metabolomic studies are done for
a wide range of disease-associated metabolites (Vécsei et al., 2013). By DBS
more than 400 metabolites can be detected, such as lipids, organic acids,
carbohydrates, bile acids, and acylcarnitines. Galactosemia can be diagnosed
by detecting hexose metabolomes. A study carried out in Italy between 2007
and 2014, to detect IEM in the newborn period. They performed with LC-
MS/GC-MS for fatal diseases such as fatty acid oxidation, organic acidemia,
and hyperammonemia (Scolamiero et al., 2015). As the result, it is understood
that metabolomics can be used for diagnosis before symptoms occur.
Phenylketonuria and maple syrup urine disease (MSUD) are the most
important metabolic diseases for screening metabolomics (Constantinou et al.,
2004).

As an example, diagnose of an IEM for a clinician starts with the first
suspect. There are many factors that affect the decision. In some countries or
in some of regions some diseases are seen much more because of genetic
factors, or somewhere environmental factors affect the composition of DNA.
Physical signs are the main suspicious factors for an IEM, such as facial signs,
finger numbers and configurations, other abdominal or cardiac problems,
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neurologic impairments, and psychiatric problems help to make the decision.
If any screening test has been performed in the newborn period, it helps to rule
out some of the diseases, but of course not all. So, the clinician can start with
untargeted tests to tend a smaller disease group. Targeted tests can help
directly to the specific disease for restrict diagnosis.

Neuropsychiatric Symptoms of IEM

Generally, diagnosis of any suspected IEM is made if a family history is
known or in neonatal screening it is detected or after any physical symptom
occurs. But, of course, some IEM diseases have neuropsychiatric symptoms
such as cognitive dysfunctions, emotional stress disturbance, mental
deficiency, developmental delay. These symptoms may be seen in hormonal
change periods such as childbirth (for example, ornithine transcarbamylase,
urea cycle disorders) or in puberty (Fassier et al., 2011; Peterson, 2003; Sedel
etal., 2007). If it is a milder form of disease, it takes so long years to diagnose,
may be after adolescence or in adulthood years. So if we can diagnose more
early IEM with neuropsychiatric symptoms, may be in the following years
new parameters can be added in neonatal screening tests for more severe or
atypical neuropsychiatric diseases (Naylor et al., 1987).

Conclusion

IEM are genetically transmitted familial diseases. They are rarely seen and
increased in some regions with high-incidence marriages with relatives.
Sometimes the underlying reason is a gene defect, or sometimes an enzyme
deficiency or absence is the source of the disease. Any standard or sole
classification for IEM could not be done yet. However, several classifications
according to pathophysiology, clinical features, enzyme defects, accumulated
toxins, and many more exist. The most used one is divided into 3 groups as
follows; intoxication, energy deficiency, and complex molecules (Saudubray,
2001).

Metabolomics is at the core of IEM studies. Early diagnosis is important
because treatment costs are highly expensive. Targeted and untargeted
metabolomics with a combination of genomics improve early diagnosis and
start treatment of IEM, decrease morbidity and mortality and finally better



The Use of Metabolomics in Diagnosing and Evaluating... 293

prognosis. The role of epigenetics must be continued to study to better
understand the mechanisms underlying complex processes in the occurrence
of IEM. It is possible that every newborn who has and does not familial risk
factors of IEM, should be controlled with DBS for early diagnosis and to
increase quality of life.
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for Cardiovascular Diseases
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Abstract

Metabolomics is the systematic analysis of the particular chemical
fingerprints of small molecules or metabolite profiles which are
associated with a different cellular metabolic process in a cell, organ, or
organism. Events in a cell are not described completely by messenger
RNA gene expression data and proteomic analyses, but metabolic
profiling supplies direct and indirect physiological insights, which can
possibly be measurable in a broad range of biospecimens. Even though
not specific to cardiac conditions, identification, confirmation, clinical
validation, and bedside tests are a biomarker exploration path to translate
metabolomics into cardiovascular biomarkers. Technological progress in
metabolomic tools (such as nuclear magnetic resonance spectroscopy and
mass spectrometry) and more complicated bioinformatics and analytical
techniques help to evaluate low- molecular-weight metabolites in
biospecimens and ultimately supply a unique insight into determined and
novel metabolic pathways. Systematic metabolomics can provide
physiological knowledge of cardiovascular disease states in addition to
traditional profiling and can include the definition of metabolic reactions
of an individual or population to therapeutic interventions or
environmental exposures.
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Introduction

A severe popular health challenge and the main cause of death has been
cardiovascular diseases (CVDs) (D’Agostino et al., 2000; Kordalewska &
Markuszewski, 2015). According to the World Health Organization, CVD is
responsible for 17.9 million deaths in 2019 which is 32% of global deaths
(World Health Organization (WHO), 2009). Future predictions show that
CVDs could reach 23.3 million deaths in 2030 (Mathers & Loncar, 2006). For
the European Union, the estimated number of the costs per year is 196 billion
euros which include 54% direct healthcare, 24% performance deficits and
22% casual nursing of patients with CVD (Nichols et al., 2012).

Complications of the blood vessels and heart, which is a result of
atherosclerosis, cause CVDs and are mostly diagnosed in old age in both men
and women. These groups of diseases contain infarction, cardiogenic shock,
and myocardial ischemia, atherosclerosis, anthracycline-induced
cardiotoxicity, atrial fibrillation heart failure, ischemic cardiomyopathy, non-
ischemic cardiomyopathy, coronary artery disease (CAD). Early diagnosis and
intervention procedure will decrease the prevalence of CVD.

While many risk factors are responsible for CVDs, such as smoking,
gender, renal failure, lack of nutritious dietary, overweight as a result of less
body movements, cholesterol, increased blood pressure, and hyperglycemia,
the pathological mechanism fundamental to most CVDs are still not fully
known (Hackam & Anand, 2003; Kordalewska & Markuszewski, 2015;
Libby, 2002; P. W. Wilson et al., 1998; P. W. F. Wilson, 2008). Moreover, in
addition to popular risk factors for CVD, it is mostly expected that a patient
with CVD could have another CVD as time progresses (Hunt et al., 2013;
World Health Organization (WHO), 2007). Furthermore, one of the major
problems for CVD patients is that signs of the diseases do not appear early in
the progression of the disease. Actually, plaque formation will be formed
during asymptomatic processes, which will build up silent but growing tissue
damage (Barderas et al., 2011). When atheroma plaques subsequently tear, an
atherothrombotic event arises due to the discharge of highly thrombogenic
material (Barderas et al., 2011). When the metabolism is considered, the heart
is a very significant part of the human being. Therefore, complications in the
cardiac energy metabolism cause many cardiovascular diseases (Miiller et al.,
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2021; van Bilsen et al., 2009). Moreover, cardiac function and myocardial
metabolism can be affected by the pathogenesis of cardiovascular disease.
Cardiovascular diseases also induce changes in substrate metabolism that
result in distinct changes in the patient’s metabolic profile (Nascimben et al.,
1996; Smith et al., 2006).

Depending on these events, clinical intervention and early diagnosis of
CVDs require the discovery of original and practically important biomarkers,
which are used alone or together with existing ones (Barderas et al., 2011).
When evaluating particular responses to determine standard risk factors, a
mixture of existing biomarkers will only contribute slightly (T. J. Wang et al.,
2006). Thus, there is considerable interest in exploring and operating new
biomarkers, which will help decide the most useful from the current list and
diagnosing people with the potential to be caught in CVDs (Barderas et al.,
2011). Especially, if the used biomarkers predict the risk of rupture, it will
help patients receive pharmacological treatment in time and will create a
protective lifestyle. The investigation and innovation of biomarkers for
developments in outpatient and inpatient care adds a new dimension to the
landscape of CVD. The improvements in “-omics” technologies (genomics,
transcriptomics, proteomics, and metabolomics), which have fast, sensitive
and robust tools, have made it easier to examine these small molecules in
cardiovascular diseases.

Metabolomics Technologies

Tiny particles, which are responsible for common responses related to
metabolism and which are necessary to continue the sustenance, advancement,
and regular action of a cell, are called metabolites. Moreover, metabolome,
derived from the word genomics, is defined as the entire group of metabolites,
which can be found in a living thing and its organs (Fiehn et al., 2000; Oliver
et al., 1998) or the whole metabolites in a cell (Tweeddale et al., 1998). Thus,
usage regarding investigative procedures on determining and measuring whole
metabolites in the body, along with observing the differences in the
metabolome of the cell cultivation, tissue model, or a biofluid as a result of
perturbation are called as metabolomics and metabonomics (Fiehn et al., 2000;
Nicholson et al., 1999).

Cardiovascular diseases cause pathophysiological molecular, cellular and
functional changes, which can be better understood with the help of new
“omics” tools (genomics, transcriptomics, proteomics, and metabolomics)
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(Roberts & Gerszten, 2013). The excessive number of these small molecules
in liquid body substances (saliva, urine, blood) and breathing exhalation can
be measured by the use of modern metabolomics technologies (Miiller et al.,
2021; Shah et al., 2012). This information might be used as predictive and
characteristic tools to analyze early specific alterations during the beginning
and progression of cardiovascular disease (Miiller et al., 2021). For that
reason, metabolomics is projected as a valuable means of providing additional
insight into pathologic physiology in CVDs along with increasing
practitioners’ knowledge of pathogenesis of CVDs (Miiller et al., 2021).

One of the interesting characteristics in the area of metabolites is that the
number of metabolites in the body is slightly small (=7000) when compared
to the approximate number of transcripts (100000), genes (25000), and
proteins (1000000) (Shah et al., 2012). Nonetheless, concentration ranges of
metabolites are very wide, and metabolites display significant chemical
diversity. Therefore, it is impossible to measure the metabolites in the human
metabolome with the use of currently available instruments in an individual
analysis (Shah et al., 2012). Alternatively, metabolome analysis can be
performed with several analytical strategies (Dunn et al., 2005), such as
nuclear magnetic resonance (NMR) (Nicholson & Wilson, 2003), mass
spectrometry (MS), Fourier transformation infrared spectroscopy (FT-IR)
(Harrigan et al., 2004; Johnson et al., 2004), along with analysis methods for
example capillary electrophoresis (CE), gas chromatography (GC), or high
performance liquid chromatography (HPLC) (Barderas et al., 2011). The
metabolomics study includes various research approaches such as metabolic
fingerprinting, metabolic profiling, and metabolic foot printing (Kordalewska
& Markuszewski, 2015). Metabolic profiling is an illustration of the targeted
approach and in this technique metabolites, which have similar physical
characteristics such as carbohydrates, amino acids, grouped in a specific
biological approach such as purine metabolism and glycolysis are discovered.
A specific section of the metabolome composition can be learned better
qualitatively and quantitatively with the help of the data, which is gathered
with this strategy (Kordalewska & Markuszewski, 2015; Patti et al., 2012). In
the case of the metabolic fingerprinting method, which is an example of an
untargeted approach, metabolites are investigated without previous
information. Therefore, the whole metabolome might be discovered.
Metabolites’ levels vary under precise systems’ conditions by showing a
specific pattern, which can be described by this method. The metabolic
footprinting approach is used mostly in molecular biology and microbiological
studies. Metabolites, which are secreted into the culture medium by cells and
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microorganisms, could be recognized in these experiments (Kordalewska &
Markuszewski, 2015; Patti et al., 2012).

Metabolomics in Cardiovascular Diseases (CVDs)

Metabolomics is being performed to examine various forms of causes of
CVDs such as diabetes mellitus, fatness, and metabolic syndrome (Dumas et
al., 2006; Faber et al., 2007; T. J. Wang et al., 2011). Mostly, it has focused
on analyzing markers and explaining the natural history linked with various
common pathologies in CVDs. These have extended markers for cardiogenic
shock (Nicholls et al., 2007), myocardial ischemia (Lewis et al., 2008, 2010;
Sabatine et al., 2005), risk of developing atherosclerosis or future
cardiovascular events (Tang et al., 2009; Z. Wang et al., 2009b, 2011), atrial
fibrillation (Mayr et al., 2008), risk of developing diabetes mellitus (T. J.
Wang et al., 2011), chemotherapy-induced cardiotoxicity (Andreadou et al.,
2009) and pulmonary hypertension related to advanced heart failure (Shao et
al., 2012). These are some of the examples of cardiovascular events showing
that metabolomic data metabolomic data have a wide application in the control
of CVDs (Senn et al., 2012).

Metabolomics in Myocardial Ischemia, Cardiogenic Shock,
and Infarction

The possible discovery of metabolic imbalance, which may occur during or
after myocardial ischemia, can become an encouraging diagnostic instrument.
In the work of Sabatine et al., (Sabatine et al., 2005), LC-MS (Liquid
chromatography mass spectrometry), an untargeted approach, was used to
examine metabolic profiling of myocardial ischemia. In their work, specimens
of patients with and without myocardial ischemia were collected to test the
difference of workout in patients. Therefore, differences in small molecules
(metabolite) before and after to stress examination helped them determine the
possible signs (biomarkers) of coronary ischemia. The levels of 6 metabolites
changed and were recognized as inducible ischemia with a validated risk
score. y-aminobutyric acid, citric acid, uric acid, and several more metabolites
were determined at an abnormal level. It was concluded that studies in
metabolomics will be helpful in diagnostic studies and eventually will analyze
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new goals for therapeutic intervention. Apparently, cardiovascular metabolic
changes, which can be discovered with serial blood sampling, occur after
exercise (Senn et al., 2012).

To continue further ischemia, Lewis et al., (Lewis et al., 2008) worked on
an artificial infarction design with environment of a septal ablation for
obstructive hypertrophic cardiomyopathy to determine the momentary
diversities metabolomic profiling throughout the progression of myocardial
infarction. The interesting results of their work showed that the plasma marker
of threonine, aconitic acid, hypoxanthine, and trimethylamine-N-oxide
(TMAO) discriminated among with infarcted and with coronary angiography
patients.

The array of disorders in the body can also help to understand the level of
the disease. Intense heart attack (acute myocardial infarction (AMI)), which is
made difficult by cardiogenic shock, causes serious morbidity and mortality
rates in spite of tough therapy techniques such as revascularization (Hochman
et al., 1999; Hochman et al., 2001). Nitric oxide (NO) has useful impacts
containing coronary vasodilation and additional resting in the bed. Moreover,
NO has various harmful effects, such as, lowering the ability of heart to
contract, thus it can perform an essential duty in the hypotension and reduced
heart functionality, which describe cardiogenic shock. It has been
hypothesized that NO may participate in the pathogenesis of shocks in the
heart, depending on the idea that stimulation in the inflammatory cells may
cause isoforms of NO synthesize (Hochman, 2003). People with and without
coronary artery disease are studied in the work of Nicholls et al., (Nicholls et
al., 2007), and comparisons of metabolic profiles were made. Thus, patients
after AMI are complicated by cardiogenic shock. In their results, it was found
that the increased amount of the NO synthesize blockage, asymmetric
dimethylarginine (ADMA) presents to be a free predictor of death. On the
other hand, a future study of that group could not find a death advantage with
inhibition of therapeutic NO synthase by L-NG-monomethyl arginine
(TRIUMPH Investigators et al., 2007).

Metabolomics in Atherosclerosis

The metabolic profile that occurred during atherosclerosis should be examined
because approximately all CVDs have atherosclerosis as an underlying
process. The Multi-Ethnic Study of Atherosclerosis was started in 2000 in the
US and that project also included the metabolomics approach (Bild et al.,
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2002; MESA, 2022). In one of the studies, the relation between inflammation
in the immune system caused by fat having a dangerous effect on
atherosclerosis and plasma phospholipid polyunsaturated fatty acids degrees
of was examined (Steffen et al., 2012).

Another broad investigation was occurred in 2012 to improve the
identification of atherosclerosis before the infirmary stage. Tyrosine,
glutamine, and docosahexaenoic acid were found to be a possible indicator of
atherosclerosis growth as a result of serum metabolic profile analysis by using
the NMR technique (Vorkas et al., 2015). Chen et al., (Chen et al., 2010) the
used GC-MS method along progressive bioinformatics devices and 1-
monolinoleoylglycerol, stearate, and palmitate were found as a possible
plasma biomarkers of the disease.

The metabolic phenotype of the atherosclerotic plaque was examined and
a comparison of the metabolome arrangement of the intima tissue along with
atherosclerotic plaque tissue of people with carotid or femoral endarterectomy
was obtained. UHPLC-MS (Ultra-high performance liquid chromatography-
Mass spectrometer) method was applied to analyze tissue extracts. The
degrees of acylcarnitines were different, which demonstrated changes in -
oxidation operation in the atherosclerotic plaque tissue. Also,
phosphatidylethanoleamine-ceramides were recommended to be possible
biomarkers of atherosclerosis pathogenesis (Vorkas et al., 2015).

Metabolomics in Heart Failure

Zhang et al., (Zhang et al., 2009) analyzed the sequence of myocardial
infarction caused by isoproterenol in rats in metabolism. They performed
UHPLC-TOF/MS (ultra-high performance liquid chromatography time-of-
flight/ mass spectrometry) examination and found differences in the degrees
of 13 plasma lipids (phospholipids and fatty acids) in rats with activated
myocardial infarction (heart attack) as distinguished from healthy people.

Another study on heart attack was performed in pigs and in the control
zone, the “at-risk” regions and the necrotic districts of the hearts were imposed
on resection. As a result of the NMR-based metabolic fingerprinting approach,
the quantity of small metabolites decreased and the lipid signs were found in
necrotic cells (Barba et al., 2007).

The operation of the GC-TOF/MS (Gas Chromatography—Time-of-
Flight/Mass Spectrometry) method showed the existence of possible serum
biomarkers in the diagnosis of heart failure. As a result of the comparison
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between patients and healthy individuals, 2-hydroxy 2-methylpropanoicacid,
pseudouridine, 2-oxoglutarate, 2,4,6- trihydroxypyrimidine and erythritol
were different (Dunn et al., 2007).

The application of the LC-QqQ/MS (liquid chromatographic-triple
quadrupole tandem mass spectrometry) technique was used to perform
metabolomic analyses in plasma and it was found that asymmetrical
dimethylarginine, N-mono-methylarginine, and symmetrical
dimethylarginine were possible dangerous predictors of incident cardiac
occurrences (Z. Wang et al., 2009a).

The molecular process of acute coronary syndrome was analyzed using
the GC-MS technique with the help of plasma metabolic fingerprinting.
Comparison was made between the metabolic characterization of 9 samples
from acute coronary syndrome patients, ten examples of constant
atherosclerosis patients, and ten examples of patients in good health. As a
result of the comparison between acute coronary syndrome and healthy
individuals, aspartic acid, 4-hydroxyproline, citric acid, and fructose levels
decreased while glucose, urea, lactate, and valine amounts enhanced. The
partial least squares discriminant examination (PLS-DA) was performed to
discover the changes in metabolome composition and, as a result, the groups
were classified as excellent. The categorization error was 5.3% for sick people
with acute coronary syndrome and 0% for controls and patients with stable
atherosclerosis (Vallejo et al., 2009).

Conclusion

The scientific community has a growing interest in the metabolomics, which
is one of the most commonly used omic-related sciences, over the last decade.
A mixture of different sensitive analytical techniques and advanced
chemometric tools are needed to be used in metabolomics analyses. The
molecular processes underlying different diseases can be explained and
understood better with the help of metabolomics application. As a result of
acquired knowledge, determining the reasons behind diseases, optimizing the
cure, and choosing particular characteristic biomarkers can be explained
easily. When diseases progress asymptomatically or without particular
diagnostic biomarkers, the operation of metabolomics approach becomes
more important. These metabolomics analyses have a difficulty of excluding
the several effects, for example, age, dietary, used pharmacotherapy and
additional environmental aspects influencing differences in the metabolome.
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The composition of the metabolites should change as a result of the
development of disease particularly. In the case of untargeted analysis,
knowledge on organisms’ metabolome structure is provided. Nevertheless,
confirmation of possible disease markers can only be provided by the
quantitatively targeting the analysis of selected metabolites. These compounds
will gain a diagnostic and prognostic power by the measurement of them in a
large-scale population along with parallel validation. To summarize, the
operation of metabolomics in biomedical research can develop the
advancement in pharmaceutical studies. The work reviewed in this chapter
demonstrated that there has been an increasing concern about the use of
metabolomics in CVDs. The likelihood of utilizing various example classes
such as urine, tissue, blood, and breath with a concurrent operation of
particular analytic methods may supply the inclusion of all metabolites exist
in the body. The above cited works presents cases in which the metabolomic
path is becoming more developed into an effective instrument in the CVDs
analysis.
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