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Abstract

The collection of disciplines referred to as “-omics” generally includes genomics, proteomics, and metabolomics, with other sub-fields including transcriptomics,
metallomics, and lipidomics playing important roles in the context of emerging healthcare applications. The rapid development in computing power and artificial
intelligence for the analysis of immense datasets has great potential for generating disease predicting models and may revolutionize personalized and preventative
medicine in the near future. However, these algorithms rely on consistent formatting of data, turning unstructured clinical data into semi-structured data, and reliably
annotating putative structures from mass spectrometry data, which are significant challenges. In addition, the complexity of biological systems complicates modeling
outside of specific metabolic pathways or genetic interactions; but hidden within this complexity are the biochemical fingerprints that can enable personalized
treatment. Indeed, combining analyses of the -omics fields along the structure of the central dogma of biology would represents a herculean task, but would yield
incredible predictive power. This review will introduce the major -omics fields listed above, introduce preliminary successes of these methods, and discuss their

potential for application in biomedicine.

Introduction

Next-generation personalized medicine has the potential to
transform healthcare as we know it by considering individual differences
in genetics, through genomics, and responses to environmental
exposure, through metabolomics, lipidomics, and metallomics. The
central dogma of biology describes the process of gene transcription
and translation that produces proteins that act a biological catalysts
and key gatekeepers of metabolic pathways (Figure 1). Systems biology
seeks to analyze key players in this dogma, from gene to metabolite, to
uncover novel associations, biomarkers of disease, and develop novel
strategies for the generation of therapeutics, antibiotics, and antitumor
drugs. This review will focus on recent developments in analytical
chemistry and molecular biology that have led to the generation of a
vast amount of “-omics” data that must be standardized and combined
for a complete systems biology description of healthy and diseased
states. While still in their infancy, the -omics fields have great potential
for future healthcare applications, enabled by the power of big data and
artificial intelligence (AI)-based solutions including machine learning.

Since the discovery of the DNA double helical structure, the
chemical means of storing information, the field of genetics has
expanded exponentially. The traditional model of Mendelian
genetics and the “one-gene one-polypeptide” hypothesis have been
demonstrated to be overly simplistic descriptions of the complexity of
genetic interactions and expression. Indeed, spliceosomes can generate
multiple products from a single gene, representing a significant source
of genetic diversity that can be clinically relevant for analysis of certain
cancers [1,2]. Thus, for accurate prediction of treatment outcomes and
disease risks, both genotypic and phenotypic considerations must be
incorporated for a personalized yet holistic assessment.
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Genomics

As the first -omics field, genomics was enabled by the development
of DNA amplification techniques and automated sequencing in the
1980s and 90s [3-5]. The human genome project soon followed and
promised unprecedent insight into various genetic diseases and ushered
in the age of omics. Despite the successful mapping of the human
genome [6], as well as those of other organisms [7], challenges remain
for making sense of the immense amount of data, the functionality of
non-coding regions [8], as well as genetic responses to environmental
conditions [9].

Next-generation sequencing technologies have dramatically
reduced the costs associated with genetic analysis, allowing for
comparative studies that are important for evolutionary biology
and analysis of polymorphisms on a large scale. This is essential for
genomics, as large datasets must be generated to build algorithms that
can be used for various applications such as in silico drug repurposing
for cancer patients [10]. The ability to inexpensively generate large
amounts of meaningful data that is accurately annotated and deposited
in accessible databases will be key to future -omics technologies. Thus
the next-generation sequencing technologies have underpinned the
explosion of potential for genomics to assist in the development of
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Figure 1. The central dogma of systems biology. The -omics fields and sub-fields are
provided in the blue boxes with indicated influencing factors nearby. Because all fields
and factors listed above can affect one another, the simplistic arrows provide only a general
scheme of cascading influence. It should be noted that environmentally induced changes
in the metabolome can result in a feedback loop, ultimately influencing genetics and gene
products for example.

novel treatments and personalized medicine facilitated by individual
genome sequencing [11,12].

A limitation of genomics is that the presence of a gene does not
necessarily indicate its influence on the phenotype, which can be
affected by protein synthesis and degradation rates, RNA splicing and
silencing, and environment influences on the gene products. Thus, for
a closer examination of phenotypes, examination of the functional
products of genes, proteins, must be performed.

Proteomics

The field of proteomics has traditionally relied on chromatography
coupled to mass spectrometry for data generation, but NMR studies
have also made valuable contributions to the field. The power of high-
resolution mass spectrometry can distinguish between proteins and
various post-translational modifications (PTMs), which are often
essential for protein function and serve as a key biological regulation
process. For example, lysine acetylation was demonstrated to play a
key role in regulating cellular metabolism through proteomic methods
[13]. Thus, the genes coding for these proteins may not influence
the predicted phenotype without post-translational activation by
acetylation/phosphorylation or by association with co-factors, such as
metals or small organic molecules (see the metallomics section).

As a representative example, Choudhary, et al. [14] used LC-MS/
MS to identify 3600 lysine sites on 1750 proteins. From the massive
dataset, the authors quantitatively assessed the acetylome and
connected functionally related proteins. Such studies are necessary to
unravel complex protein-protein interactions (often referred to as the
interactome) and PTMs for a more complete understanding of systems
biology. This is especially important as protein degradation can be
signaled by PTMs and changes in the modification rates can manifest
in altered protein concentrations and metabolic flux [15].

Metabolomics

In addition to proteins, their substrates can be systematically
examined to reveal various medical conditions and are the most
sensitive to environmental factors and the most downstream target that
are affected by protein activity and metabolic fluxes. The concentration
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and nature of metabolites is often thought of as the most sensitive
phenotypic marker. In addition, the presence of exogenous metabolites
may be indicative of infection and serve as a biomarker for clinical
diagnoses. The metabolome is composed of many classes of compounds
with diverse properties, making global analyses of all metabolites in a
given system challenging. The metabolome is often crudely separated by
polarity due to chromatographic considerations (see the Methodology
section), with the hydrophobic “lipidome” considered a sub-field due
to immense amount of structures that are classified as lipids.
Lipidomics

Because of the diverse range of lipid classes and their individual
importance in biological systems, the field of lipidomics is often
distinguished from metabolomics [16]. Since the mid-2000s, the
rapid development in analytical equipment capable of separating
(chromatography), detecting (mass spectrometry), and analyzing the
structure of lipids (tandem mass spectrometry) has enabled large-scale
data generation comparable to and even exceeding that of genomics
and proteomics. The development of general (LipidBLAST and
LipidPioneer) [17,18] and species-specific (MtB LipidDB) [19] lipid
databases has facilitated rapid annotation and analysis via LC-MS/MS.
In addition to the retention time, mass information, and characteristic
MS/MS fragmentation patterns used to populate these databases, ion-
mobility data has the potential to provide another layer for positive
structure identification in a field where authentic standards for the vast
amount of molecules are not available [20].

Using the complied and publicly-available databases, lipidomics
has emerged as a promising option for the rapid identification of
biomarkers of radiation exposure, ovarian and prostate cancers,
multiple sclerosis, nonalcoholic steatohepatitis and cardiovascular
disease to name a few. For clinical application, however, challenges
related to individual variation, sample preparation and handling,
variability due to environmental factors, and instrumental accessibility
must first be addressed [21-27].

Metallomics

As another sub-field of metabolomics, metallomics differs in
that metal substrates are largely unchanged as they pass through
metabolic pathways, unlike metabolites, and largely act as co-factors
and structural components of proteins and enzymes. While the ligands
and oxidation state of some metals can be altered, metal flux is largely
governed by uptake, affinity gradients, equilibria, and export/import
mechanisms [28].

Metal acquisition is an essential process for all organisms, and
pathogenic bacteria have evolved specialized systems for obtaining
metals such as iron, zinc, and copper from their hosts [29,30]. In
response, hosts have development strict regulatory systems to limit
the amount of “free” metals through a complex system of chaperones,
transport proteins, storage proteins and high-affinity functional
metalloenzymes [31-36].

In addition to isolated functional studies of metalloproteins and
determination of binding constants that drive the translocation of
metals, whole cell extracts can be analyzed to determine the localization
and importance of metals in a more biological context. Indeed, whole
proteome analysis of free zinc levels and their responses to toxic metal
exposure can reveal novel insights into detoxification mechanisms and
metabolic responses to heavy metals [37,38]. This is often achieved
using fluorescent metal sensors that are specific for certain metals
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and can be tuned in terms of binding affinity [39]. The Petering lab
has pioneered the analysis of the Zn-proteome using reactions with
various ligands and senors to classify biologically relevant zinc pools
(40,41] In addition, the Lindahl group has identified iron species and
the “ironome” response to various growth conditions in yeast and
other cells with spatial resolution down to the mitochondria [42-44].
Understanding the speciation and roles that metals play in response to
various conditions is key to a complete understanding of bioinorganic
chemistry and its role in systems biology.

Methodologies for next-generation -omics: mass spectrometry
as a multi-functional analytical tool

Recent advances in analytical techniques have revolutionized the
field of metabolite and lipid biology allowing an “-omics” approach to
be taken to tackle tough questions regardinglipid structure and function
[45]. The adaptability of MS allows it to act as a swiss army knife of
analytical techniques with the ability to deliver both quantitative and
qualitative information [46,47]. This emerging multi-functionality has
yet to be fully exploited and holds great promise (Figure 2).

In addition, to probe global protein conformation, ion-mobility
(IM)-MS is becoming an increasingly popular tool which can easily
distinguish between conformers in solution by drift times in a gas flow,
which are governed by the overall shape of the molecule [48-50]. IM-
MS has also been applied for the determination of lipid structure and to
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Figure 2. An example of lipidomic profiling using tandem MS (MS"), which can be used
reveal identities of key lipids through mass matching and fragmentation pattern assignment
and provide a platform for quantification.
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distinguish between proteins and isomers [51]. This provides a second
level of molecular identification after the crude MS mass measurement
and can facilitate more accurate identification of metabolites.

As an additional level of structure analysis that can be used for peak
annotation, tandem MS (MS") is commonly used in proteomics and
metabolomic analysis and it fragments the protein or small molecule.
The resulting fragmentation pattern can be analysed to determine
structure and pinpoint modification or ligand binding sites [52-54].
MS" is needed to distinguish between different lipids with the same
m/z and locate modified residues in proteins. Thus, the MS platform is
multi-functional for dynamic -omic analysis of the interactions of lipids,
metabolites, and proteins during disease and infection progression and
can be used for detailed studies of virulence and health outcomes.

The discovery of novel virulence factors can be achieved using
MS methods for high-throughput analysis of bacterial metabolites.
Limitations due to the vast array of lipids and other metabolites present
in an extract and unequal ionization efficiency can be overcome by
lipid-class specific modification protocols that facilitate their analysis
by MS [55]. In addition to qualitative data regarding the identity of
lipids, polar metabolites, and proteins, quantitative analysis can be
achieved through the use of isotopically labelled internal standards or
control cell extracts grown in isotopically-enriched media [56].

The cornucopia of lipid species can be separated simply by
switching ion modes in the MS.[57,58] Species such as wax diesters,
saccharolipids and free fatty acids ionize readily in negative-ion mode
whereas classes such as diacyltrehaloses, glycerolipids and mycobactins
are found primarily in the positive-ion spectra [59,60]. Further
separation can be achieved through chromatographic and ion-mobility
methods in addition to MS®, which can distinguish between different
lipid structures with the same mass [61].

By analysing vital lipid concentrations during the infection process,
key insights can be gained into their function and infection mechanisms
[62]. In addition, studying the lipid composition of gene knockouts can
elucidate bacterial strategies for metabolism modification in response
to shutdown of important biochemical pathway by antibiotics [63,64]
Upon identification of backup metabolic pathways, synergistic
antibiotic intervention strategies can be tested where multiple pathways
are targeted to prevent the development of resistance and make the
overall treatment more effective [65]. By taking a systems approach
to tackle antibiotic-resistant infections, more effective interventions
can be developed to improve patient outcomes. Thus, MS-based
metabolomic approaches have significant potential applications in
screening, environmental monitoring, fundamental biological studies,
and rapid identification of virulent strains of common pathogens.

In the field of metallomics, inductively coupled plasma (ICP)-MS
is useful for studying metal distribution and associate species after
chromatographic separation or tissue fixation [66,67]. In addition,
techniques such as Mossbauer spectroscopy and EXAFS can be used
to probe metal species distribution in biological samples, although they
typically require significant sample preparation and cleanup [68].

Big Data

The significant amount of data generated by the previously
described -omics fields provides a foundation that may allow future
researchers to “stand on the shoulders of giants”, which may be more
accurately be referred to standing on the shoulders of giant databases.
Through mining of the significant amount of previously generated data,
correlations can be drawn between seemingly disparate experiments
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and datasets to more clearly understand medically and biologically
important phenomena [69].

In addition, significant amounts of data from electronic medical
records can be analysed for the discovery of novel drug-gene interactions
and a refined characterization of pharmaceutical side-effects [70].
Thus, big data will further enable systems and clinical pharmacological
approaches at an integrative and holistic level that can be applied to an
individual for patient-specific treatment and healthcare maintenance.

Omics in action - Pharmacogenomics

Gene variations play an important role in determining a person’s
response to medication, affecting the medication’s efficacy and/or
safety profile [71]. While each person’s genetic makeup is unique, most
modern day medications are developed in a “one-size-fits-all” manner,
leading to sub-optimal treatment outcomes. Pharmacogenetics
enhance patient care by combining genomics and pharmacology to
customize patient-specific treatments which lower adverse drug event
(ADE) risks and optimize dosing. Additionally, pharmacogenomics
can proactively distinguish drug responders from non-responders
to further assist in selecting the most ideal therapy for a patient
[72]. The understanding of the genetic foundation and inter-patient
variability in drug responses have propelled clinical medicine towards
individualized patient care management. Pharmacokinetics play a
key role in pharmacogenomics, which studies genetic variations in
enzymes, receptors, and transporters which affect a drug’s metabolism,
elimination, absorption, and distribution [73].

Pharmacogenomics have been appreciated in the many specialty
medical fields. Substantial advances in genome interrogation
techniques have identified pharmacogenomic biomarkers for several
cardiovascular drugs including: clopidogrel, warfarin, and beta-
blocking agents. For example, clopidogrel is an antiplatelet agent
by inhibiting platelet P2Y12 receptors and is used to prevent stent
thrombosis in patients who require stent placement after an acute
coronary syndrome to decrease mortality rates [74]. Clopidogrel is an
inactive prodrug that must be metabolized to its bioactive form by the
hepatic enzyme protein CYP2C19. Because of 25 known polymorphic
gene variation of CYP2C19, patient response to this therapy varies
greatly depending on individual genetics. Genotyping CYP2C19
allow clinicians to identify patients who would be poor responders
or potentially resistant to clopidogrel, and guide them towards more
effective antiplatelet therapies.

Warfarin an anticoagulation agent used to treat and prevent venous
thromboembolism as well as to prevent stroke in patients with atrial
fibrillation. Warfarin targets and inhibits the enzyme vitamin K epoxide
reductase complex subunit-1 (VKORCI1) to prevent the activation
of clotting factors VII, IX, X, II, and proteins C and S [75]. Warfarin
is metabolized by hepatic enzyme protein CYP2C9. Variations in
VKORCI and CYP2C9 play a role in variation in warfarin responses
and are genetic determinants of dosing [76]. A marker of warfarin
resistance is the VKORCI D36Y variant, which can be identified by
pharmacogenomic advancements and technology.

Beta-blocking agents inhibit the beta-1 adrenoreceptors and
decrease catecholamine stimulation. This class of medication shows
improved mortality in patients with heart failure by preventing
and reversing cardiac remodeling. Beta-blockers are metabolized
by the enzyme CYP2D6 and some individual carry a variant of
the CYP2D6 enzyme that decreases their ability to metabolize this
medication, thereby increasing the risk of symptomatic hypotension
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and bradycardia [77]. While patients are not readily tested for the gene
variation, pharmacogenomics played a clinical role in beta-blocker
treatments in patients. The Federal Drug Association (FDA) utilized
pharmacogenomics to identify that 8% of the Caucasian population
lack this enzyme altogether. The use of pharmacogenomics allows
clinicians to identify patients who are on concomitant medications
that inhibit the CYP2D6 enzyme and are at higher risk of being poor
metabolizers of beta-blockers. In doing so, healthcare providers can
provide the most optimal care for their patients who require this class
of medication.

Substantial advancements in the field of pharmacogenomics
have been recognized by the FDA. Biomarkers in FDA drug labeling
include the specific genetic biomarkers and their role in drug exposure
which affects response variability and risks of adverse drug events and
the inclusion of pharmacogenomics in drug labeling have assisted
providers in drug selection and dosing recommendations which are
optimal for their specific patients.

While still in its infancy, pharmacogenomics have been useful
in precision medicine and individualizing patient care. However, its
application is not readily accessible nor affordable, thus not a viable
option for many patients and providers. Further advancements are
required before this technique is readily utilized in normal practice,
but with the development of big data and Al technologies the field may
becoming increasingly accessible in the coming years.

Conclusions

The powerful analytical tools, some of which were described herein,
used in the -omics fields have generated massive amounts of data and
provided unprecedented insight into various biological process. Future
challenges will include harmonization of disparate datasets containing
various types of information from the various -omics fields and
subsequent algorithmic analysis to identify novel interactions, drug
uses, and predict patient responses to certain treatments. While still in
its early stages, the -omics fields exhibit significant promise as medicine
shifts towards a holistic focus of the individual as a dynamic system at
the confluence of genes, proteins, metabolites, and metals.
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