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Abstract

This review examines the transformative potential of dynamic genomics and systems biology in
modern healthcare, focusing on their roles in precision oncology for liver cancer (Hepatocellular
Carcinoma, HCC). It provides an integrated overview of how multi-omics technologies combine to
help understand the complex biological landscape of tumors, including genomics, transcriptomics,
proteomics, interactomics, metabolomics, and spatial transcriptomics. These advancements enable
detailed patient stratification based on molecular, spatial, and functional tumor features, supporting
personalized treatment strategies. The review emphasizes the significance of regulatory networks
and cell-specific pathways in influencing tumor behavior and immune interactions. By mapping
these networks with multi-omics data, clinicians can expect resistance mechanisms, identify the best
therapeutic targets, and customize interventions. The approach shifts from traditional one-size-fits-
all methods to dynamic, adaptable treatment plans guided by real-time monitoring, including liquid
biopsies and wearable biosensors. A practical case study illustrates how a patient with HCC benefits
from a personalized therapy plan involving epigenetic therapy, checkpoint inhibitors, and
continuous multi-omics monitoring. This highlights the move toward healthcare that anticipates
problems, considers the entire body, and adapts quickly to changes in a tumor. Looking ahead, the
review discusses innovations such as cloud-based genomic ecosystems, federated learning for data
privacy, and Al-driven interpretations that analyze complex multi-layered data. These advancements
aim to improve decision-making, enhance clinical results, and change the disease management
model, from reactive to predictive and preventative. The review also covers some important ongoing
or completed clinical trials targeting HCC that use advanced molecular and immunological
techniques. Overall, the review advocates adopting a systems-level, technological, and spatial
approach to cancer treatment, stressing the importance of integrating data-driven insights into
clinical workflows to advance personalized medicine.

Keywords: precision oncology; dynamic genomics; systems biology; hepatocellular carcinoma
(HCC); multi-omics technologies; spatial transcriptomics; liquid biopsies; personalized therapy;
epigenetic therapys; artificial intelligence (Al); genomic ecosystems; personalized medicine

1. Introduction

Living systems are more than just physical entities; they are complex information-processing
systems, informational systems [1]. This information provides the blueprint for constructing and
maintaining every part of an organism, from single cells to entire bodies. Its role in creating
complexity highlights the importance of the stored biological information. Genes do not store
information passively. They actively express, read, and interpret it through various molecular
mechanisms, contributing to the complexity of individuals and species [2]. How living things use,
turn on or off, combine, or modify these genes explains their diversity and adaptability.
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Biological relationships, such as those between proteins and DNA or different cells and tissues,
further organize and manage information. These relationships also interpret genetic data, helping
determine how genes function in different situations. This organization contributes to the
characteristics of individual organisms and the diversity seen within and between species. Because
each biological event, whether it is the activation of a gene, folding a protein, or the communication
between cells, involves the use and transmission of information, nature considers each biological
event informational. The process begins with the DNA or RNA. It plays out through many
interconnected physical and molecular interactions that drive life processes, building up the
incredible complexity seen in living organisms.

Therefore, information is fundamental to biology: it explains how life maintains order, adapts,
evolves, and passes traits from one generation to the next. Information plays its role in several ways.

In eukaryotes, DNA stores genetic information, which is transcribed into RNA to guide protein
synthesis. DNA serves as the static basis of biological information, encoding instructions for protein
synthesis. Genetic information influences organism characteristics as it passes from one generation
to the next [3].

1. 1.1. Information dictates which genes activate or deactivate in response to environmental
stimuli, regulating biological processes. Proteins represent the dynamic aspect, which is vital
for maintaining homeostasis and regulating gene expression [4].

2. 1.2. Molecular Interaction - Biological functions result from the combined activity of multiple
biomolecules, rather than from a single molecule. Physical interactions between biomolecules,
which are sequences of elementary acts, or “bits” of communication, allow data to be
exchanged through sequential molecular processes and can be viewed as elementary
information events.

3. 1.3.Functional Modules - A complex interactive network transmits the functional information,
which comes from elementary actions, through digital communication, processes it, and
generates specific biological functions, which is the processing product [5]. Relational activity
creates emergent properties that characterize specific informational and functional modules (or
subgraphs) within a biological system [6]. Therefore, biological function arises from the joint
processing of information via elementary events, which can be both long-lasting (e.g., protein
complexes) and momentary.

4. 1.4. Interactive networks - Elementary interactions between molecules form complex networks
that process information, generating particular biological functions.

5. 1.5. Cellular Interaction - Cells communicate through chemical signals, which are forms of
information that regulate cellular functions. This communication through signaling pathways,
transmits information through molecules like hormones, neurotransmitters, and cytokines.
These signaling events coordinate activities among cells and tissues, ensuring appropriate
responses to environmental changes or developmental signals. Cellular and metabolic
relationships are interconnected, enabling informed decisions at the tissue or organ level [7].

6. 1.6. Complex systems - Interactions among proteins, genes, and metabolites form complex
networks (interaction networks or graphs) that are essential for organism functioning through
information distribution. Biological complexity emerges from combining information at
different levels (molecular, cellular, ecological), leading to new properties [8].

7. 1.7.Biotechnology and research - Understanding biological information facilitates genetic
engineering and developing innovative therapies. Analyzing biological informational data is
crucial for medical and environmental research [9].

The framework discussed highlights two key aspects of biological information. First, it
serves as a crucial link that connects the structure, function, and evolution of living organisms,
deepening our understanding of life itself. We can understand each biological event as information
that acts upon, interprets, and converts into new states or behaviors. These processes lead to
emerging complex traits, behaviors, and even consciousness. Second, it asserts that simply analyzing
individual molecules will not allow us to gain complete knowledge of biology. Instead, it requires a
systemic view that considers how biomolecules interact and relate to each other. The relational model
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resulting from this holistic approach is vital for understanding the complexity and functions of life,
with DNA being the fundamental element from which this understanding starts [10]. Thus, biological
information is not static; it is dynamic and central to all processes in living systems. The way living
things manage, interpret, and use this information shapes everything from molecular interactions to
evolving species.

2. The Role of DNA

DNA and its functions form the foundation of genomics and functional genomics [11]. Our
current knowledge still provides only a snapshot of the phenomena we study. DNA segments contain
ambiguous information that requires contextual editing and rearrangement before being used.
However, genomics is an evolving, not static, process [12]. Much remains to be understood about
many aspects of gene activity, such as where, what, who, and which. “Where” refers to the context
of gene expression, “what” is the action that a gene’s product does, “who” is the expression of
different cell types, and “which” is where systems biology and network analysis come in, describing
the mechanisms that drive gene expression processes. Therefore, we should view genomics as a
dynamic and multifaceted process when applying this gene expression approach. The questions

v "o

“where,” “what,” “who,” and “which” are crucial for understanding not only the static model of
DNA but also the insights that enable us to explore its role in the complex choreography of cellular
function and its dynamic nature. The coordinated activity of many genes and their products allows
the functioning a living cell. We divide this activity into regulatory modules and co-regulated genes
with common functions [13] to organize it. Operating multi-protein complexes and most metabolic
pathways depends on this vital structuralization. Some additional dimensions could enrich this

framework.

2.1. What Do They Mean?

a) Some genes are expressed in specific contexts such as developmental stages, particular
tissues, environmental stimuli, or disease states, and understanding the “where” of gene expression
is essential in these situations. This leads us to epigenetics, which studies how external factors
influence gene activity without changing the DNA sequence [14].

b) The “what” of functional output indicates we need to understand what a gene’s product
does, beyond knowing the gene’s expression. Therefore, functional genomics links gene expression
to phenotypic outcomes, such as protein function, cellular behavior, or organismal traits [15].

) The “who” addresses cellular and tissue specificity [16]. Different cell types express
distinct sets of genes; understanding which expresses what adds another layer of detail. As a result,
technologies like single-cell RNA sequencing are helping us map this genomic aspect with increasing
accuracy [17].

d) The “which” question involves regulatory networks [18]. Genes do not act alone but use
regulatory elements, transcription factors, and noncoding RNAs to control their expression. This is
where systems biology and network analysis come into play [19].

This is important because genomics is shifting from just cataloging to becoming a dynamic,
systems-level science. We are progressing toward understanding the components and their
interactions, timing, and effects. Capturing the full complexity of biological regulation through
epigenetics or single-cell analysis helps us see how gene expression is a coordinated process that
converts genetic information into functional products like proteins [20].
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2.2. The Core Mechanisms That Drive Gene Expression

1. Transcription. RNA polymerase transcribes DNA into messenger RNA (mRNA) [21].
Promoters and transcription factors regulate where and when transcription begins. An example is
the lac operon in bacteria, which uses a repressor protein to block transcription without lactose.

2. RNA processing (eukaryotes only). The initial mRNA (pre-mRNA) undergoes
modifications [22]:

-5 capping: adds a modified guanine to the beginning.

-Polyadenylation: adds a poly-A tail to the end.

-Splicing: removes introns and joins exons.

An example is the alternative splicing of the DSCAM gene, which produces thousands of protein
variants in fruit flies [23].

3. Translation. Ribosomes decode mRNA to synthesize proteins, while tRNA provides
amino acids corresponding to the mRNA codons [24]. An example is the synthesis of haemoglobin,
which is regulated at the translational level in red blood cells.

4. Post-translational modifications. Various chemical reactions, characterized by covalent
modifications such as phosphorylation, glycosylation, and cleavage, chemically modify proteins after
synthesis [25]. An important example is insulin, which is produced as a precursor and activated by
peptide cleavage [26].

2.3. Regulatory Mechanisms

5. Epigenetic modifications. DNA methylation and histone modifications are chemical
modifications that regulate gene accessibility [27]. DNA methylation, for example, silences tumor
suppressor genes in cancer [28].

6. Enhancers and repressors. These DNA sequences increase or decrease transcription at a
distance [29]. An example is the 3-globin gene, which is regulated by a locus control region (LCR)
that acts as an enhancer [30].

7. RNA interference (RNAi). This is where small RNAs (such as siRNA or miRNA) come into
play [31]. These types of RNA, other than mRNA, bind specifically to mRNA, preventing its
translation or promoting its degradation. A specific example is miRNA21, which regulates cell
proliferation and apoptosis genes [32].

Gene expression is like a molecular symphony [33]; the mechanisms that regulate it are the
instruments and conductors that shape the performance. Here are a few more complex mechanisms.

2.4. Additional Gene Expression Mechanisms

Each of these mechanisms adds a layer of control, enabling cells to respond to internal and
external cues.

1. Chromatin Remodeling. Specialized protein complexes reposition or restructure
nucleosomes to make DNA more or less accessible [34]. For example, the SWI/SNF complex opens
up chromatin to allow transcription machinery to bind [35].

2. DNA Methylation. Adding methyl groups to cytosine bases silences gene expression by
tightening chromatin [36]. Extensive methylation drives X-chromosome inactivation in females [37].

3. Histone Modification. Enzymes that acetylate, methylate, phosphorylate, etc., histones
affect the tightness of DNA wrapping [38]. For example, histone acetylation promotes transcription
by loosening chromatin.

4. Non-coding RNAs. These RNAs do not code for proteins but regulate gene expression [39]:

-miRNAs bind to mRNA and block translation or trigger degradation.

-IncRNAs can scaffold chromatin modifiers or interfere with transcription. A typical example is
the XIST IncRNA, which coats the X chromosome to silence it.
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5. Riboswitches. Riboswitches in bacteria are RNA parts that modify their shape according to
metabolites and manage translation [40]. For example, the thiamine pyrophosphate riboswitch halts
thiamine synthesis when levels are sufficient.

6. Feedback Loops. Genes regulate their expression or that of others in a loop [41]. For
example, the p53 tumor suppressor regulates its inhibitors, creating a feedback system for stress
response [42].

7. Signal Transduction Pathways. External signals like hormones or growth factors activate
intracellular cascades that alter gene expression [43]. The MAPK pathway activates transcription
factors in response to stress or mitogens [44].

8. RNA Editing. Post-transcription processes alter mRNA sequences, changing the protein
product [45]. The ADAR enzymes convert adenosine to inosine in mRNA, affecting neural receptor
function [46].

2.5. The RNA Editing

RNA editing is a fascinating subject that warrants deeper exploration, especially considering its
biological significance and unique roles in living organisms [47]. It is one of the most intriguing yet
least understood processes after transcription, when our cells create RNA based on DNA. Nature
modifies the genetic message after writing but before translating it into proteins, which is fascinating.

RNA editing involves making chemical modifications to RNA molecules after transcription
from DNA [48]. These modifications can change the nucleotide sequence of the RNA, leading to the
production of proteins different from those expected based on the original DNA sequence [49]. This
opens up a world of possibilities.

There are several reasons RNA editing is so essential. First, it contributes to protein diversity.
Editing a single gene can give rise to multiple protein variants, increasing our proteome’s complexity.
This is vital because different proteins can perform various functions within cells and tissues.

Another critical aspect is tissue specificity. Some RNA editing changes occur only in specific
tissues, such as the brain or the intestine. This means that expressing the same gene can lead to
different outcomes depending on its location in the body, which is crucial to function specialized
organs [50].

There is a growing recognition of the role that abnormal RNA editing plays in various
diseases. Research has linked alterations in RNA editing to conditions such as cancers, neurological
disorders, and autoimmune diseases [51]. This connection underscores the potential significance of
understanding RNA editing better and how it might inform disease treatment and prevention [52].
The therapeutic potential of RNA editing is an area gaining traction. Innovative techniques, such as
CRISPR-Casl13, are being explored for their ability to edit RNA [53]. This approach offers the
possibility of reversible and precise gene regulation, which could lead to new avenues for treating
diseases at the genetic level.

RNA editing is a complex and crucial aspect of molecular biology that deserves more attention.
From creating protein diversity to its implications in health and disease and its therapeutic promise,
ongoing research could enhance our understanding of genetics and its medical applications. Table 1
shows significant RNA modifications.

Table 1. Types of RNA Editing.

Type Mechanisms Example

Adenosine is converted to inosine by

in th in; affect
A-to-I Editing ADAR enzymes. Inosine is read as Comumon in the brain; affects

. . . neurotransmitter receptors.
guanosine during translation.

Alters the ApoB gene in the
intestine, producing a shorter
protein.

Cytidine is deaminated to uridine by

C-to-U Editi
© tHng cytidine deaminases.
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Uridines are inserted or deleted, oftenin  Found in trypanosomes

U Insertion/Deleti
EErtonIeIeHON  Hitochondrial RNA. (parasitic protozoa).

In a few words, RNA editing enables a single gene to produce multiple protein variants,
increasing the proteome’s protein diversity [54]. Some modifications occur only in specific tissues,
such as the brain or intestine, creating tissue specificity [55]. However, editing also plays an essential
role in disease since abnormal RNA editing has been associated with cancer, neurological disorders,
and autoimmune diseases.

3. Epigenetic Effects and “The Why”

Gene expression is a complex process controlled by various mechanisms ranging from
transcription to translation. These mechanisms are determined by the inherited genetic makeup.
However, epigenetics is crucial in determining which genes are expressed and when by influencing
gene activity in each individual and tissue without altering DNA [56]. This component, therefore,
depends on individual experiences and environment, contributing to the formation of the particular
phenotype [57]. Transcription, RNA processing, translation, post-translational modifications,
enhancers, silencers, and RNA interference are all genetically regulated processes, inherited control
mechanisms that determine which genes are expressed and how intensely [58].

Epigenetics is a level of regulation that goes beyond the genetic code. It concerns the “Where”
of gene expression. Epigenetics involves specific chemical modifications of DNA or associated
proteins, such as histone modifications or DNA methylation, which can influence DNA accessibility
to the transcriptional machinery and thus gene expression. Epigenetic modifications occur in specific
cells, not in all cells of an organism concurrently. This specificity characterizes the differential
expression of genes: which genes are active or inactive, and “Where”. Epigenetic modifications are
the primary mechanism controlling this process.

The environment, age, lifestyle, and other external factors, which can change gene activity
without altering the DNA sequence, influence epigenetics [59]. This means that epigenetics
contributes to individual variability and determines one’s phenotype, or the observable
characteristics of an organism. In short, while genetic inheritance provides the basis for gene
expression, epigenetics is a key factor in individual specificity and phenotype manifestation, with its
close connection to the environment [60].

Epigenetics is where biology becomes poetic. It explores how something turns our genes on or
off without altering the DNA sequence. Epigenetics functions like a dimmer switch for our genetic
code: the blueprint remains the same, but the brightness (expression) varies depending on the
environment, lifestyle, and experiences. Figure 1 and Table 2 present the key mechanisms of
epigenetics.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. In the image, "PMo" is a protein modifier (Protein MOdifier). It represents one of many proteins
(enzymes) responsible for adding or removing epigenetic "markers," such as acetyl or methyl groups, from
histones or DNA. It is the worker who carries out the modifications. The yellow stars represent acetyl or methyl
groups. For example, histone acetylation opens the DNA wrapped around histones, making genes more
accessible and therefore easier to activate. The colored chemical structures represent the nitrogenous bases in
DNA, to which methyl groups can bind. These are the molecules that, by binding to a sugar and a phosphate
group, form nucleotides. DNA methylation, another key epigenetic modification, occurs by adding a methyl

group (CHs) to one of these bases (cytosine). This modification tends to "turn off" or silence genes.

Table 2 - Key Epigenetic Mechanisms
Mechanism Description Effect on Genes

Adds methyl groups to DNA, often silencing

DNA Methylation Turns genes off

genes.

Histone It changes the tightness of DNA wrapping around |Can turn genes on or
Modification histones. off

Non-coding RNAs Fine-tune gene

Regulate gene expression post-transcription.

activity

Epigenetic effects are changes in gene expression that can be reversible, heritable, and influenced
by external factors such as diet, stress, toxins, and aging [50]. Epigenetics explains why identical twins
can develop different diseases, how lifestyle choices influence future generations, and why some
cancers occur without genetic mutations. It's a powerful reminder that genes are not a fixed destiny
but a potential, shaped by the context [61].

3.1. Real-Life Examples

J Cell differentiation: All cells share the same DNA, but epigenetics determines whether a
cell becomes a neuron, a muscle cell, or a skin cell [62].

. Environmental influences: Exposure to pollution or poor nutrition can increase DNA
methylation, potentially silencing protective genes [63].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202509.1290.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 September 2025

8 of 42

. Mental health: Stress and trauma can change epigenetic markers, impacting genes related
to mood and cognition [64].

Epigenetic relationships influence gene expression, illustrating biology’s subtlety and control.
Epigenetics determines a gene’s expression in terms of how, when, and where, without changes to
the DNA sequence, but through modifications to the chromatin structure and regulatory signals.
These changes decide whether a gene is accessible to the transcription machinery or remains silent.
Table 3 outlines the essential epigenetic mechanisms and their effects on gene expression.

Table 3 - Key Epigenetic Mechanisms and Their Gene Expression Impact

Mechanism Molecular Players Effect on Gene Expression
. DNA methyltransferases | Silences genes by adding methyl groups to
DNA Methylation (DNMTs) CpG islands
Histone Modification Acetylases, kinases, Alters the chromatin structure to activate or
IS rmeatl methyltransferases repress genes
Chromatin Repositions nucleosomes to expose or hide

SWI/SNF, ISWI complexes

Remodeling gene promoters

. miRNAS, IncRNAs, Post-transcriptional regulation or chromatin
Non-coding RNAs piRNAs targeting
Transcription Factor Epigenetic modifiers inhibit or recruit
Interplay TFs + epigenetic marks transcription factors (TFs).

3.2. A Closer Look at Dynamic Relationships

1. Histone Code Hypothesis - Combinations result in modified histones (acetylation,
methylation, phosphorylation). These combinations form a “code” that proteins read to determine
transcriptional outcomes [65]. An example is H3K4me3 (trimethylation of histone H3 at lysine 4), a
mark of active promoters [66].

2. DNA Methylation and Gene Silencing - Methylation near gene promoters blocks
transcription factor binding [67,68]. For example, hypermethylation in cancers often silences tumor
suppressor genes like p16 [69].

3. Chromatin Accessibility - Open chromatin (euchromatin) allows transcription; closed
chromatin (heterochromatin) represses it. Remodeling complexes shift nucleosomes to regulate this
accessibility [70].

4. Non-coding RNAs as Epigenetic Architects - IncRNAs like XIST recruit silencing complexes
to the X chromosome. miRNAs bind mRNA transcripts to prevent translation or promote
degradation [71,72].

5. Feedback Loops and Crosstalk - Epigenetic marks influence transcription factor binding and
vice versa [73]. For example, a transcription factor may recruit a histone acetyltransferase to activate
its target gene, producing another factor that modifies chromatin elsewhere.

3.3. Environmental and Developmental Influences on the Epigenome

Nutrition, stress, toxins, and aging can reshape the epigenome [74]. These changes can be
transient or heritable and influence gene expression across generations.

Nutrition: Nutritional intake influences the shaping of the epigenome [75]. Specific nutrients,
such as folate, B vitamins, and specific amino acids, can affect the addition of methyl groups to DNA,
a process known as DNA methylation. For instance, a diet high in these nutrients can encourage
beneficial epigenetic modifications. In contrast, a poor diet may cause harmful changes that could
contribute to health problems like obesity, diabetes, and cardiovascular diseases [75].
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Stress: Psychological and physical stressors can activate pathways leading to epigenetic
modifications. Chronic stress has been associated with changes in gene expression related to stress
response, metabolism, and even mental health disorders[76]. Offspring can sometimes inherit these
epigenetic changes, influencing their stress responses and overall health.

Toxins: Exposure to environmental toxins, such as heavy metals, pollutants, and endocrine
disruptors, can negatively affect the epigenome [77]. These substances might disrupt the mechanisms
that control epigenetic changes or directly alter DNA or histones, resulting in gene expression
changes that could lead to various diseases, including cancer.

Aging: As organisms age, their epigenomes change [78]. These changes often include
modifications in DNA methylation patterns and histone alterations, which can affect regulating genes
involved in cellular aging and age-related diseases. Studying how aging affects the epigenome can
offer insights into potential approaches for promoting healthy aging.

Intergenerational Effects: Epigenetic changes triggered by environmental factors can be
temporary, yet they also have the potential to be inherited across generations [79]. For example, a
mother’s nutritional status during pregnancy can modify DNA methylation patterns in her children,
affecting their metabolic health and disease risk [80]. This shows that the effects of environmental
exposures can extend beyond an individual’s lifetime to influence the health and development of
future generations.

Overall, the interaction between environmental factors and the epigenome highlights the
importance of considering genetic and non-genetic influences in understanding health and disease.
Epigenetic research offers insights into interventions that could reduce negative environmental
impacts and enhance health outcomes across generations. Recent studies have emphasized the
importance of chromatin loops and nuclear architecture as key epigenetic regulators [81]. Chromatin
loops involve physical interactions between distant genomic regions that can bring enhancers and
promoters closer together, facilitating gene activation. The spatial organization within the nucleus is
essential for proper gene expression and cellular function, as it affects how the transcriptional
machinery accesses genes. The idea of phase-separated condensates has become a significant
mechanism in gene regulation [82]. These are fluid-like compartments inside the nucleus, where
various proteins, RNAs, and other molecules concentrate to boost transcriptional processes at active
genomic sites [83]. This concentration enables the efficient assembly and operation of the
transcriptional machinery, resulting in stronger and more precise gene activation. Advances in
single-cell epigenomics have also provided more profound insights into cell-type-specific expression
patterns [84]. By examining epigenetic modifications and transcriptional profiles at the single-cell
level, researchers can discover how different cell types preserve their unique gene expression
programs [85]. This approach reveals tissue heterogeneity and helps identify specific regulatory
elements that determine cell fate and identity. These findings highlight the complex interplay among
chromatin structure, nuclear organization, and gene regulation, offering a new understanding of how
cells maintain their identity and respond to various signals.

3.4. Epigenetic Mechanisms Driving Aging

Epigenetic mechanisms that drive aging include DNA methylation changes, histone
modifications, and non-coding RNA activity [86], called epigenetic drift. The drift is the gradual and
often irreversible deregulation of the epigenetic machinery that occurs with aging, leading to changes
in gene expression and a loss of cellular plasticity [87]. This process involves variable, bidirectional
changes in DNA methylation and other epigenetic marks, occurring in a cell- and tissue-specific
manner. Researchers hypothesize epigenetic drift contributes to biological aging, increases the risk
of age-related diseases like cancer, and may even influence an organism’s maximum lifespan, while
the functional implications are still being researched. However, changes in histone proteins that
package DNA affect chromatin structure and gene accessibility. Histone acetylation and
deacetylation, for example, regulate transcription [88]. ncRNAs, particularly microRNAs, play a
significant role in genome regulation and can contribute to age-related decline [89].
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Ongoing DNA damage triggers persistent changes in chromatin structure and epigenetic marks,
leading to epigenetic heterogeneity and functional decline [89]. These changes are a primary cause of
aging, caused by factors like DNA damage and environmental exposures, which interfere with
normal gene expression and cell function. Understanding these changes is vital for creating healthy
aging strategies, such as epigenetic rejuvenation therapies and lifestyle adjustments.

Unseen changes in gene activity also connect to the visible effects of aging on our bodies. As we
age, the epigenetic process of DNA methylation becomes less accurate. This results in changes in gene
expression associated with decreased organ function and increased susceptibility to disease as we
age. Today, we can analyze genomic DNA methylation patterns to create biological clocks of aging,
tools that allow us to measure an individual’s biological age. The epigenetic process affects gene
expression and can vary throughout life. The idea of a “clock” that can quantify biological
degradation relative to chronological age offers new insights for biology and preventive medicine
research [90].

A fundamental unresolved question is how different tissue types share these aging signatures.
Some cell types exhibit distinctive methylation patterns, influenced by development, lifestyle, and
environment [91]. This variability presents challenges in standardizing biological age measurements.
Understanding how these signatures intersect across different tissues could improve our
understanding of the mechanisms of aging and inform therapeutic strategies for age-related
conditions.

By analyzing the individual gene profiles of each tissue, we can find several genes with
methylation alterations that are also potent biological markers of aging. For example, HDAC4 and
HOX are developmental regulators correlating with senescence and age-related decline [92]. MEST,
associated with obesity and diabetes, also speeds up aging [93]. High methylation of the
protocadherin gamma (PCDHG) family has emerged as a key determinant of aging in several organs.
Other studies show that PCDHG hypermethylation reduces white matter in the brain, a marker of
rapid cognitive decline.

A recent preprint meta-analysis has made significant strides in understanding the role of DNA
methylation as a potential target for anti-aging interventions [94]. The study investigated epigenetic
changes across 17 different human tissue types, aiming to unveil patterns of DNA methylation that
correlate with aging. One of the study’s key findings is that specific tissues, including the retina and
stomach, show a more rapid accumulation of age-related DNA methylation changes than others. This
implies that the tissues could be susceptible to the effects of aging. The observed methylation changes
could show underlying functional changes rather than acting as a passive biological clock. In
exploring the general trends, the study noted that most human tissues exhibit an overall increase in
DNA methylation levels as individuals age [94]. However, the analysis highlighted exceptions to this
norm, in skeletal and lung tissues, which do not follow the expected pattern of increased methylation
with age [94]. This deviation raises intriguing questions about the mechanisms at play in these
specific tissues and their unique aging processes. The implications of this research are profound, as
understanding the specific patterns of DNA methylation changes could pave the way for targeted
anti-aging therapies. By identifying key sites of methylation that are altered with age, researchers
may develop interventions aimed at reversing or mitigating these changes, leading to healthier aging
and prolonged lifespan.

3.5. Key Epigenetic Mechanisms Driving Cancer

Epigenetics is a deep and fascinating field. Its modifications act as molecular switches that can
change gene behavior without altering the genetic code. Epigenetic changes impact cancer
development [95,96], and environmental factors like diet or stress can also reshape gene expression
across generations. In cancer, these switches often get stuck in the wrong position, leading to
uncontrolled cell growth, evasion of death signals, and resistance to treatment. Here is how it unfolds:

1.  DNA Methylation - DNA methylation involves adding a methyl group to the cytosine base
in DNA, at CpG sites. In cancer, hypermethylation of the promoters of tumor suppressor genes, like
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pl6 and BRCA1, causes these protective genes to be silenced, stopping them from regulating cell
growth and repair [97]. Hypomethylation across the genome can activate oncogenes, which leads to
uncontrolled cell division, and can also cause chromosomal instability, raising the risk of mutations
that can lead to cancer [98].

2. Histone Modifications - Histones are proteins around which DNA wraps to form
chromatin, and their post-translational modifications influence gene expression. Acetylation relaxes
the chromatin structure, making DNA more accessible and increasing gene expression. At the same
time, methylation can either activate or repress gene expression depending on the specific histone
and locating the modification. For instance, removing the H3K27me3 mark, a repressive histone
modification, can activate genes that promote cell proliferation, contributing to tumor development
[99].

3. Non-coding RNAs - Non-coding RNAs, including microRNAs (miRNAs) and long non-
coding RNAs (IncRNAs), are essential in regulating gene expression after transcription. miRNAs are
small RNA molecules that can bind to messenger RN As (mRNAs) and block their translation or cause
their degradation. In cancer, some miRNAs, such as miR-124a, are often silenced, removing their
protective effects against tumor growth [100]. Some miRNAs may be overexpressed, suppressing
tumor suppressor genes and promoting cancer progression [101]. IncRNAs can also influence gene
expression by interacting with chromatin and transcription factors, further adding to the complexity
of regulation [102].

4. Chromatin Remodeling - Chromatin remodeling involves the dynamic structural changes
of chromatin that enable transcriptional machinery to access DNA [103]. Proteins called chromatin
remodelers (e.g., SWI/SNF complexes) can reposition, remove, or restructure nucleosomes [104].
Mutations or functional changes in these remodelers can disrupt regular gene expression, leading to
abnormal oncogene activation or tumor suppressor gene silencing. These alterations can promote the
growth and survival of cancer cells by increasing their proliferation or resistance to cell death.

These epigenetic alterations lead to the aberrant expression of genes critical for cell cycle
regulation, cell death, and growth. Accumulating these epigenetic changes contributes to
transforming normal cells into cancer cells with hallmarks like uncontrolled proliferation and
metastasis [105]. Epigenetic mechanisms and genetic mutations often cooperate, with epigenetic
alterations sometimes causing genetic mutations and vice versa, creating a complex intertwining of
events that drives cancer progression [106]. Table 4 shows how epigenetic changes fuel cancers.

Table 4 - How Epigenetic Changes Fuel Cancer

Epigenetic Alteration Consequences in Cancer
Silencing of tumor suppressors Cells evade growth control and apoptosis.
Activation of oncogenes Promotes unchecked proliferation
Epigenetic instability Leads to heterogeneity and drug resistance
Reprogramming of stem cells Supports self-renewal and metastasis

4. Therapeutic Implications

Epi-drugs such as DNA methyltransferase inhibitors (e.g., azacitidine) and histone deacetylase
inhibitors (e.g., vorinostat) reverse abnormal epigenetic markers [107]. They show how we can exploit
reversible epigenetic changes to fight cancer. These drugs can reactivate silenced genes, sensitize
tumors to chemotherapy, and enhance immune responses. Let’s consider a case study to understand
how epigenetic changes influence cancer development.
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4.1. Case Study: Epigenetics in Colorectal Cancer

Colorectal cancer (CRC) is a complex disease marked by a series of genetic and epigenetic
changes that drive tumor development [108]. We can break down the sequence of epigenetic events
in CRC into several key stages.

1. Initial Epigenetic Changes: The process often starts with disruptions in key epigenetic
mechanisms, such as DNA methylation and histone modifications. DNA methylation can silence
tumor suppressor genes. In colorectal cancer, promoter hypermethylation silences genes like MLH1
(involved in DNA repair), leading to microsatellite instability, a hallmark of some colorectal cancers
[109]. In normal colonic cells, these mechanisms regulate specific genes. As cells accumulate
epigenetic changes, the promoter regions of tumor suppressor genes may become hypermethylated,
silencing these genes. For example, colorectal tumors often silence the CDKN2A gene [100], essential
for cell cycle regulation.

2. Histone modifications can promote oncogene activation [111]: loss of repressive histone marks
(e.g., H3K27me3) can turn on genes like c-MYC, which drives cell proliferation. Overexpression of
histone deacetylases (HDACsS) is common, resulting in more condensed chromatin and silencing of
protective genes [112].

3. Disruption of chromatin structure: The changes in histone modifications can make
chromatin more accessible, promoting the expression of oncogenes [113]. Histone acetylation is
associated with active gene expression, and modifications here can lead to expressing genes that
promote cell growth, such as MYC.

4. Non-coding RNAs: Another layer of regulation involves non-coding RNAs, including
microRNAs (miRNAs) and long non-coding RNAs (IncRNAs) [114]. These molecules influence gene
regulation. In colorectal cancer, miRNAs like miR-21 are often upregulated [114]. miR21 suppresses
tumor suppressor genes such as PTEN, shifting the balance toward unchecked growth. These RNAs
can either inhibit tumor suppressors or promote oncogenes, aiding the malignant transformation of
colonic cells. In particular, miR-21 is linked to a poor prognosis.

5. Tumor Microenvironment Effects (TME): The tumor microenvironment, involving
interactions with stromal cells, immune cells, and the extracellular matrix, can further influence
epigenetic changes [115]. Signaling molecules from surrounding cells activate pathways that lead to
epigenetic modifications supporting tumor growth and spread [116].

6. Somatic Mutations and Epigenetic Interactions: Often, somatic mutations work together with
epigenetic changes. For example, mutations in the APC gene, a key event in familial adenomatous
polyposis, can trigger further epigenetic alterations, such as changes in the Wnt signaling pathway,
helping tumors form and grow [117].

7. Tumor Evolution and Diversity: As tumors develop, they acquire diverse epigenetic traits,
resulting in varied treatment responses. Some cells may become resistant because of specific
epigenetic modifications that activate drug resistance mechanisms or alter cell death pathways [118].

8. Therapeutic Targets: Understanding the epigenetic landscape of colorectal cancer offers
opportunities for targeted therapies. Drugs that inhibit DNA methyltransferases or histone
deacetylases are being researched as treatments to reverse abnormal epigenetic states in CRC.

9. Epigenetic Therapy Examples: Drugs like azacitidine (a DNA methylation inhibitor) and
vorinostat (an HDAC inhibitor) are undergoing testing to reactivate silenced genes [119,120]. These
treatments aim to restore regular gene expression, making cancer cells more susceptible to
chemotherapy or immune responses. Breast cancer, leukemia, glioblastoma, and other cancers show
similar epigenetic alterations. Because these changes are reversible, they provide a promising avenue
for innovative treatments [121].

In summary, the sequence of epigenetic events in colorectal cancer is a dynamic process
involving multiple molecular changes that contribute to tumor onset, progression, and diversity,
ultimately guiding new therapeutic strategies [122]. Epigenetic therapies aim to reverse
inappropriate gene silencing or activation. Moreover, a medical expert can tailor personalized
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epigenetic treatments based on an individual’s specific profile [123]. Table 5 provides examples of
such personalized therapies for certain diseases.

Table 5. Some tailored approaches to epigenetic therapies.

Therapy Type Mechanism Example Use Case
DNMT Inhibitors Block DNA methylation Azacitidine for leukemia
Vorinostat for cutaneous T-cell

HDAC Inhibitors  Loosen chromatin to reactivate genes

lymphoma
E imental in 1 d breast
miRNA Modulators Restore normal miRNA levels Xperimetital in g and breas
cancers
Combination Pair epi-drugs with chemo or Enhances response and reduces
Therapies immunotherapy resistance

5. Epigenetic Biomarkers in Cancer Detection

Epigenetic biomarkers and personalized therapies are transforming cancer care [124].
This is where advanced science connects with personalized healthcare [125]. Epigenetic biomarkers
are chemical tags on DNA or histones that signal abnormal gene regulation. We can detect them in
blood, saliva, or tissue samples, often before symptoms appear.
Some examples include:

. sEPT9 DNA methylation, used in blood tests to detect early-stage colorectal cancer [126].

. gSTP1 hypermethylation in prostate cancer helps distinguish malignant from benign
tumors [127].

. miRNA signatures: Unique patterns of microRNAs in the blood can indicate breast, lung,

or pancreatic cancer [128].

These biomarkers are noninvasive and, therefore, ideal for screening and monitoring. Their
ability to find cancer early is due to their extreme accuracy. They can also reflect changes in tumor
behavior over time.

5.1. The Future: Precision Epigenomics

Liquid Biopsies and Epigenetic Markers: Noninvasive tests analyzing components found in
bodily fluids such as blood or saliva are revolutionizing early disease detection [129]. By focusing on
epigenetic markers and chemical modifications on DNA that do not alter the underlying genetic
sequence, these tests can identify disease-related changes at earlier stages than traditional methods.
For example, researchers are honing in on specific methylation patterns in circulating tumor DNA
(ctDNA) that can signal existing tumors, enabling more timely and less invasive diagnostics [130].

Al-Driven Epigenomic Profiling: Integrating artificial intelligence in healthcare is creating
powerful tools for personalized medicine. Al algorithms are being developed to analyze large
datasets of epigenomic information, identifying patterns that connect specific epigenetic
modifications to patient responses to various therapies [131]. This allows clinicians to match patients
with treatments most likely to be effective based on their unique epigenomic profiles [132]. This
improves therapy effectiveness and reduces adverse effects by avoiding ineffective treatments.

CRISPR-Based Epigenetic Editing: Advances in CRISPR technology extend beyond gene editing;
researchers are also exploring CRISPR’s potential for epigenetic editing [133]. Using CRISPR-based
systems, scientists can target specific epigenetic marks, such as methylation or histone modifications,
without permanently altering the DNA sequence. This precision enables reversible modulation of
gene expression. Such capabilities could lead to innovative treatments for various conditions,
including genetic disorders and cancers, by turning genes on or off with high specificity and minimal
off-target effects.
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6. From Epigenetics to Proteins: The Molecular Cascade.

Modern biology and genomics are heading toward connecting epigenetics, gene expression, and
the human proteome [134] to answer the “What?” Epigenetic changes, such as DNA methylation,
histone modifications, and regulating noncoding RNA, don’t just alter gene expression. They dictate
protein production, timing, and quantities, reshaping the entire proteomic landscape.

Here’s how the flow works:

1.  Epigenetic marks (e.g., methylation)

!
2. Gene Expression Regulation (transcription on/off)
!
3. mRNA Production and Processing
l
4. Protein Translation
}
5. Post-Translational Modifications
I
6. Functional Proteins in the Proteome
So, epigenetics acts as the gatekeeper of the proteome.
6.1. Real-World Implications in Molecular Processes
1. Protein Diversity. Epigenetic regulation enables alternative splicing and isoform variation,

expanding the proteome beyond the number of genes [135]. For example, one gene can produce
multiple protein variants depending on the cell type and epigenetic context.

2. Cellular Identity. Different cell types express different proteins because of epigenetic
programming [136]. Example: Neurons and liver cells have identical DNA but vastly different
proteomes because of epigenetic control [137].

3. Disease Mechanisms. Aberrant epigenetic marks can lead to misfolded proteins, overactive
enzymes, or missing structural proteins [138]. For example, silencing DNA repair genes in cancer
leads to accumulating mutated proteins [139].

4. Proteomic Signatures. Epigenetic changes leave protein-level fingerprints detectable in
blood or tissue [140]. We can use these as biomarkers for diagnosis, prognosis, and treatment
monitoring.

6.2. When Epigenetics and Proteomics Collide

Recent studies show that DNA methylation patterns correlate with circulating protein levels in
blood [141]. These relationships help uncover hidden disease pathways and guide personalized
therapies. Epigenome-wide association studies (EWAS) are now paired with proteomics to map
complex disease networks. In short, the epigenome is the conductor, and the proteome is the
orchestra [142]. Together, they perform the molecular symphony of life, and when something goes
off-key, disease can emerge. This interplay is being used in drug development and personalized
medicine. Everything we’ve discussed comes together to form an interesting vision for personalized
medicine, a field transforming healthcare from a one-size-fits-all approach to one tailored to each
individual.

Here is how epigenetics and proteomics drive personalized medicine:

1. Epigenetics: The Personal Blueprint. Epigenetic marks like DNA methylation, histone
modifications, and non-coding RNAs reflect our unique life history, diet, stress, environment, and
even prenatal conditions [143]. These marks influence which genes are active or silent, shaping our
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risk for diseases, drug response, and aging trajectory. In personalized medicine, epigenetic profiling
helps:

-Predict disease susceptibility (e.g., cancer, diabetes, neurodegeneration).

-Tailor treatments based on gene activity.

-Monitor therapy effectiveness in real time.

2. Proteomics: The Functional Fingerprint. The proteome is the dynamic output of our genome,
which our body does at the molecular level [144]. Proteomic analysis reveals:

-Which proteins are present, modified, or malfunctioning.

-How cells communicate and respond to therapies.

-Biomarkers for early detection and prognosis.

Together, epigenetics tells us what might happen, and proteomics shows us what is happening
[145]. Table 6 shows some interesting applications of the epigenetics-proteomics approach.

Table 6. Applications of Epigenetics-Proteomics.

Area Epigenetic Role Proteomic Role Personalized Impact
Identifies silenced tumor Tracks oncogenic protein Matches patients to
Cancer Therapy .
suppressors activity targeted treatments.
. . . Adjusts
Autoimmune Reveals immune gene  Measures inflammatory ) .
. . ) immunosuppressive
Disorders dysregulation protein levels .
regimens
Links stress to gene Detects neurotransmitter- Guides psychiatric dru
Mental Health _ 8 . -5 Py &
expression changes related proteins selection
Cardiovascular ~ Shows methylation of  Profiles heart-related Predicts heart attack risk
Risk lipid metabolism genes enzymes and markers and drug response

To sum up, through a Multi-Omics Synergy, modern personalized medicine integrates data
from:

*Genomics (our DNA code), DNA mutations, and variants

*Epigenomics (how our DNA is regulated), methylation, histone marks, chromatin accessibility.

eTranscriptomics (which RNAs are expressed), RNA expression levels.

*Proteomics (which proteins are active), protein abundance, and modifications.

*Metabolomics (what biochemical reactions are occurring), cellular metabolic activity.

This multi-omics approach provides a 360° view of our health [146], enabling:

e Precise diagnosis.

sTailored treatment plans

sPredictive prevention strategies.

We analyze these layers to build a molecular fingerprint of each patient’s disease. Integrating
such a mass of information causes it to grow, requiring optimization, which is often done using
artificial intelligence.

Al algorithms process massive multi-omics datasets to identify biomarkers for early diagnosis
and prognosis [147]. They can also predict drug response based on molecular signatures and stratify
patients into subgroups for personalized therapies. Monitor disease progression and therapy
resistance in real time [148]. For example, with an HCC patient, Al could:

*Detect subtle epigenetic changes linked to tumor aggressiveness.

*Match patients to immunotherapies based on PD-L1 expression and miRNA profiles.

e Predict recurrence risk using proteomic variations in circulating biomarkers.

7. The Near Future: Digital Twins And Virtual Trials

Digital twins and virtual trials are no longer science fiction [149]. Leading cancer centers and
research institutions worldwide have already adopted them. Digital twins involve Al in creating a
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virtual model of the patient to simulate treatment outcomes. Virtual trials match patients to therapies
based on molecular profiles, reducing the trial-and-error process.

7.1. Digital Twins

Digital twins in healthcare are dynamic virtual models of patients, organs, or systems based on
artificial intelligence (AI), which use real-time data to simulate health status, predict outcomes, and
optimize treatments [150]. This enables personalized medicine, virtual clinical trials, efficient system
operations, and improved patient monitoring and engagement. They offer advantages such as
customized treatment trials and medical device optimization, but face challenges such as data
privacy, system integration, high costs, and regulatory hurdles.

7.1.1. How Does the Virtual Digital Twin System in Healthcare Work?

A digital twin is a constantly updated virtual replica of a physical entity, such as a patient’s body
or a specific organ [151]. Unlike static models, it integrates real-time data from various sources,
including electronic health records, genetic information, and wearable sensors. Artificial intelligence
(AI) and advanced analytics are used to build and update these virtual models, creating a
personalized simulation of a person’s health status.

Doctors can use a patient’s digital twin to test different treatments and procedures virtually
before applying them to the patient, reducing risks and improving outcomes [152]. For chronic
conditions, digital twins enable remote monitoring of disease progression and treatment
effectiveness, enabling timely therapy adjustments [153].

7.1.2. Development, Discovery, and Planning Activities

Digital twins can accelerate in silico clinical trials, supporting biomarker research and drug
discovery. They facilitate the design and optimization of new medical devices and can help configure
existing devices based on specific patient needs [154]. Digital twins enable virtual surgical planning
and simulations to assess risk and plan complex procedures [152,154,155]. They offer patients easy-
to-understand health information, which helps them stay healthy and manage their conditions.

7.1.3. Future Challenges and Considerations

. Privacy and Data Security: Ensuring the secure handling of large amounts of sensitive
patient data is a significant concern [156].

. Integration: Integrating digital twin platforms with existing healthcare systems and
workflows is complex [157].

J Cost: The initial investment in technology, infrastructure, and data management can be
substantial [158].

J Technical complexity: developing accurate, reliable, scalable digital twin models requires

advanced technical expertise [159].
. Regulation: Establishing an appropriate regulatory framework for digital twin
technologies is challenging [160].

7.2. Virtual Trials

Virtual clinical trials use digital technologies like mobile apps and wearable devices to enable
participants to submit data and interact with the study remotely [161]. This reduces the need for on-
site visits to healthcare facilities. This participant-focused approach enhances convenience and
accessibility, leading to quicker recruitment and greater patient diversity. It also offers potential cost
savings and improved data accuracy through automated, real-time data collection [162]. However,
clinicians face challenges such as maintaining participant engagement, ensuring technology
reliability, and navigating regulatory requirements; hybrid models that combine virtual and
traditional methods are often helpful [163].
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7.2.1. How Do Virtual Clinical Trials Work?

. Remote data collection: Participants record and transmit health data using digital tools
such as wearable sensors, mobile health apps, and electronic patient-reported outcomes (ePRO)
devices [164].

. Telemedicine: Virtual visits with research staff via videoconferencing replace in-person
site visits for activities like drug assessments or reviews [165].

J Remote monitoring and verification: Techniques like remote data verification help
maintain the quality and accuracy of collected data [166].

7.2.2. Benefits of Virtual Clinical Trials

J Greater patient access and diversity: By removing the need to travel to clinical sites,
virtual trials allow patients in rural areas or with mobility challenges to take part, broadening the
participant pool and enhancing diversity [165].

. Enhanced convenience and engagement: Participants can complete study activities at
home, saving time and minimizing disruption to daily routines [165].

. Cost and time savings: Virtual models can cut overhead costs associated with traditional
sites and speed up recruitment and study timelines [167].

. Continuous data collection: Real-time information from wearable devices offers
researchers more detailed and frequent insights into participant health and study results [168].

7.2.3. Challenges of Virtual Clinical Trials

] Participant engagement: Keeping participants engaged can be challenging without
regular in-person contact and interaction with study staff [165,166].

. Technology and data security: Dependence on participants” devices and the internet can
lead to data loss because of power outages or device failures [168].

J Regulatory and oversight challenges: Ensuring compliance and managing remote
activities can complicate matters [169].

. Patient-staff interaction: The absence of direct contact makes it harder to ensure
participants understand study requirements [165,166].

7.2.4. The future of Virtual Clinical Trials

. Hybrid models: Many trials now combine virtual components with traditional onsite
visits to capitalize on the advantages of both approaches [170].

J Increased adoption: The COVID-19 pandemic has sped up the widespread adoption and
standardization of virtual trial models in the life sciences sector [170].

J Transformative shift: Virtual clinical trials mark a significant change toward more
patient-centered, accessible, and efficient research [171].

8. The “Who”, Cellular and Tissue Specificity

Cell and tissue specificity, a crucial aspect of functional genomics, addresses the “who” of gene
expression. It answers the questions: Which cells or tissues express which genes, and why? This
specificity allows a single genome to give rise to the diverse array of cell types and functions in the
human body [172]. Although every cell (with few exceptions) contains the same DNA, gene
expression is highly selective. Different cell types activate distinct sets of genes based on their
function, location, and developmental stage [172].

Cell specificity refers to gene expression patterns unique to a particular cell type (e.g., neurons
versus hepatocytes). In contrast, tissue specificity pertains to genes expressed in one tissue (e.g.,
insulin in pancreatic (3-cells) [173]. Various mechanisms regulate this specificity, including cell-type-
specific transcription factors, epigenetic signals that differ among tissues, chromatin accessibility,
enhancer landscapes, and non-coding RN As that influence gene expression.
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Some genes have ubiquitous expression (housekeeping genes), while others have conditional
expression, becoming active only in response to specific stimuli or during particular phases such as
development or regeneration [174]. The interplay between these categories adds further complexity
to the “who” of gene expression.

The importance of tissue-specific expression is in defining organ function and reflects their
functional identity. For example, liver cells, not neurons, express albumin because it is vital for liver
function. Failure to express tissue-specific genes can lead to disease; understanding these genes is
essential to clarify pathological mechanisms [175]. For example, MYH?7, expressed in cardiac muscle,
can cause skeletal muscle disorders if misregulated [176]. Understanding tissue specificity aids in
designing targeted therapies with fewer side effects, improving drug precision. For example,
anticancer drugs that target only proteins expressed in tumor cells spare healthy tissue [177]. Tissue-
specific proteins in the blood can signal disease in a particular organ, acting as biomarkers [178].
Elevated troponin indicates cardiac damage. Modern tools have enhanced our understanding of
these specificities. Single-cell RNA sequencing reveals gene expression at the level of individual cells,
while spatial transcriptomics (ST) maps the locations where genes are expressed within tissues
[17,179]. Epigenomics profiling uncovers differences in chromatin structure across cell types [180].
These technologies allow to construe cellular atlases and detailed gene expression maps across
various tissues and developmental stages [181].

9. Precision Oncology Reimagined

The merging of spatial and multilayered molecular data transforms cancer treatment, shifting
from a one-size-fits-all approach to a precision-focused strategy [182]. Instead of viewing tumors as
uniform masses, researchers now see them as complex ecosystems, where location, cell type, and
molecular activity are all essential factors.

Spatial transcriptomics enables scientists to map the tumor landscape, showing where genes are
active within the tumor and its surrounding area. This spatial understanding uncovers immune
landscapes versus immune hotspots and pinpoints invasive fronts filled with stem or resistant cells
[17,179-182]. It monitors how the tumor microenvironment (TME) changes after therapy. This helps
doctors target treatments more accurately by selecting drugs that work on specific regions or cell
types within the tumor.

Multi-omics decoding reveals the layers. Indeed, multi-omics platforms integrate genetic
mutations (e.g., TP53, CTNNB1), epigenetic silencing (e.g., tumor suppressor methylation),
transcriptomic changes (e.g., immune exhaustion markers), and proteomic and metabolic
reorganization [183]. Together, these levels offer a 360° view of tumor biology, enabling patient
stratification by molecular subtype and real-time monitoring of resistance and recurrence. This
approach leads to adaptive therapy tailored to the tumor’s evolving dynamics.

This allows us to expand the “What” and the “Which” concerning the tumor. The “What” refers
to identifying what to target, including specific pathways, cell types, and spatial zones that promote
tumor growth or immune evasion. The “Which” helps us determine which patients will benefit,
based on their tumor’s unique molecular and spatial signature. This dual clarity transforms clinical
trials into dynamic learning systems, where experts test treatments and continually refine them [184].
Al-based dashboards then come into play, simulating tumor progression to guide real-time
therapeutic decisions. Digital pathology offers spatial maps for physicians, which makes complex
data accessible; furthermore, mutation status, spatial immune context, and metabolic profile will
determine how physicians personalize combination therapies [185]. Overall, these combined
approaches promise more effective treatments, fewer side effects, and improved outcomes, treating
the right patient with the right drug at the right time and place.

The ability to track genomic evolution over time has fostered dynamic genomics. This involves
the real-time and contextual use of genomic data: not just static sequencing, but also ongoing
monitoring, interpretation, and response [186]. This genomics adapts to the patient, the disease, and
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the environment. Its future will be revolutionary. Genomic data now actively guides, adapts, and
predicts biology in real time, not just describes it [187].

9.1. The Key Trends Already Shaping The Future Are:

1. Real-time genomic monitoring. Wearable biosensors and liquid biopsies will monitor
genomic and epigenomic changes. As a result, continuous monitoring could detect tumor recurrence,
drug resistance, or immune activation before symptoms appear [188].

2. Artificial intelligence-driven genomic interpretation [189]. Machine learning models will
predict disease trajectories, drug responses, and even suggest interventions. Tools like DeepVariant
(a deep learning algorithm used to analyze DNA sequences and identify genetic variants associated
with diseases, including cancer, with extremely high accuracy, aiding diagnosis and treatment)
already outperform traditional variant analysis tools [190]. This deep sequencing technology is
essential for identifying specific mutations that can influence prognosis and treatment options in
cancer, and undoubtedly, researchers will extend it to whole-genome simulations.

3. Multi-omics integration. Researchers will combine genomics with transcriptomics,
proteomics, metabolomics, and spatial data to develop dynamic models of human biology [191].
These models will simulate treatment outcomes, optimize dosing, and personalize care in real time.

4. Cloud-based genomic ecosystems. Global platforms will store, share, and analyze genomic
data, enabling collaborative diagnosis and research [192]. Privacy-preserving federated learning will
allow Al models to learn from data without compromising patient confidentiality [193].

5. Genomic decision support in clinics. Doctors will use genomic dashboards to guide real-time
treatment, choosing therapies based on the patient’s evolving molecular profile [194]. This will be
revolutionary in oncology, rare diseases, and transplant medicine.

Dynamic genomics transforms medicine from reactive to proactive, from static to adaptive.
Instead of waiting for the disease to manifest, we will anticipate and prevent it. Instead of fixed
treatment plans, we will have adaptive protocols that evolve with the patient. It's the genomic
equivalent of moving from a snapshot to a live video.

9.2. Regulatory Networks: The Logic of Cellular Decision-Making

Regulatory networks describe how genes and proteins regulate each other, like a circuit of
switches and feedback loops [195]. Transcription factors activate or repress gene expression, while
signaling cascades transmit external signals to the nucleus, and feedback loops maintain homeostasis
or drive disease states. Examples include liver cancer. A patient with active Wnt/3-catenin signaling
might resist immunotherapy, while another patient with TGF-f-induced immunosuppression might
benefit from TGF-f inhibitors [196]. These insights come from mapping regulatory networks using
multiomics data, revealing each tumor’s functional architecture. Feedback loops can explain how
dual signaling pathways, such as VEGF and TGF-3, develop compensatory mechanisms that reduce
the effectiveness of therapy, requiring multi-targeted strategies.

10. Systems Biology: The Whole Is Greater Than the Sum

The cell functions as a complex, interconnected system, following the holistic principles of
Systems Biology. This approach stresses that biological systems are complete entities, rather than just
the sum of their parts [197].

In this framework, each cell component, such as genes, proteins, lipids, and metabolites,
interacts with others. These interactions can lead to emergent properties, where the entire system’s
behavior cannot be predicted by examining individual parts [198]. For instance, how signaling
pathways connect and respond to environmental cues can affect cellular processes like metabolism,
growth, and apoptosis.

Systems Biology employs computational models and high-throughput experimental techniques
to analyze data from various levels of biological organization, from molecules to cells to tissues [199].
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By combining data from genomics, proteomics, and metabolomics, researchers can better understand
cellular functions and their roles in health and disease.

In conclusion, the cell operates within a complex network of interactions driven by Systems
Biology principles, emphasizing the need for a holistic perspective when studying cellular behavior
and biological systems [200]. This theory views the cell as a dynamic, interconnected system that
integrates key functional activities, such as

o Genomics, transcriptomics, proteomics, metabolomics
. Spatial data and temporal dynamics
J Environmental and therapeutic inputs

This holistic approach allows us to simulate a patient’s tumor response to various perturbations,
such as drugs, immune activation, or metabolic stress. For “The Which,” systems biology helps to:

J Predict therapy response pathways
J Identify compensatory pathways that influence resistance
. Design combination therapies tailored to system-level vulnerabilities

Interactomics is a key tool in network analysis, which maps the molecular web. Network
analysis uses graph theory to study interactions among proteins, genes, metabolites [201].
Interactomics focuses on protein-protein interactions (PPIs), revealing functional modules [5,6].
Centrality measures identify key hubs (e.g, MYC, TP53) that control network behavior, while
pathway enrichment links molecular profiles to biological processes [202]. A tumor with a disrupted
immune interactome (e.g., low CD8-MHC-I interaction) may evade immune surveillance in patient
stratification [203]. Or, a network dominated by stemness factors (e.g., PROM1, SOX2) may predict
recurrence [204]. These patterns help define molecular subtypes, guiding the “Which One” [205].

Now, let’s try to put it all together and imagine a patient with liver cancer.

-Multi-omics reveals elevated PD-L1 expression, a CTNNB1 mutation, and suppressed
interferon signaling [206].

-Network analysis shows a compromised immune interactome and active Wnt signaling [207].

-Systems biology simulation predicts a poor response to checkpoint inhibitors alone [208].

So, the “Which” becomes clear. This patient might benefit from Wnt inhibitors combined with
immunotherapy, not just a monotherapy.

The rise of Systems Biology, with its holistic, indeterministic, and non-reductionist approach,
has affected our understanding of both genomics and proteomics. Many genes, as discovered in DNA
sequences, encode proteins. Unfortunately, something almost always changes the protein that we
once called native [209,210]. Proteins undergo various post-translational modifications, producing
products tailored to specific cellular environments, where they interact with particular targets,
usually other proteins, to perform specialized functions in collaboration with an extensive network
of proteins [210].

Over the past 30 years, this perspective has transformed our biological and biomedical
knowledge. Systems Biology enables dynamic tumor modeling, allowing us to understand better
how computational models simulate tumor progression and resistance. These models offer deeper
insights by integrating data from multi-omics studies, spatial heterogeneity, and immune system
interactions. For instance, simulations of Wnt signaling and its interactions with immune pathways
can help predict patient responses to combination therapies. Network-informed decision trees [211]
using algorithms that leverage network topology and patient-specific molecular data can adapt in
real time as new omics and spatial information are added. This adaptability enables more accurate
predictions of therapeutic responses.

10.1. The Which”: Patient Stratification Through Network Insight

Up to this point, we have considered the proteome in our analysis. Now we’ll explore how “The
Which,” the question of which patients benefit, intersects with regulatory networks, systems biology,
and network analysis, such as interactomics [212]. These fields form the analytical backbone of
precision medicine, especially in complex diseases like cancer.
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“The Which,” patient stratification through network understanding [213], asks which patients
will respond to a therapy based on their molecular and cellular profiles. To answer this, we need to
understand isolated biomarkers and how genes, proteins, and pathways interact. These interactions
vary from individual to individual, leveraging the entire body of genomic knowledge used thus far.

10.2. Dynamic Decision Tree: Network-Informed Stratification in HCC

Let’s now explore how this framework could apply to a patient profile through a dynamic
decision tree based on network-informed stratification. We analyze a conceptual dynamic decision
tree that uses network-informed stratification to guide personalized treatment decisions in liver
cancer (HCC) [214]. This tree adapts based on regulatory networks, systems biology, and
interactomics data, enabling clinicians to make real-time, biology-based decisions [215]. Let’s
examine the dynamic decision tree based on network-informed stratification. This tree is not static: it
evolves as new data emerge from multi-omics platforms, spatial transcriptomics, and clinical
monitoring [215]. Each branch represents a decision point informed by the behavior of the network,
not just isolated biomarkers.

10.3. Tumor Molecular Profile: Root Node

Input: Multi-omics data (genomics, transcriptomics, proteomics, epigenomics).
Events:
- If CTNNB1 mutation — Branch to Wnt/{3-catenin pathway analysis [216].
- If TP53 mutation + high PD-L1 — Branch to immune checkpoint evaluation [217].
- If PROM1/CD47 expression — Branch to stemness and immune evasion module [218].
Branch 1: Regulatory Network Activation.

Input: Pathway enrichment + transcription factor activity.
- If the Wnt pathway is active, — Consider Wnt inhibitors; immunotherapy is likely ineffective
[219].
- If TGF-f3 signaling is dominant, — Add TGF-{3 blockade to restore immune infiltration [220].
- If the interferon response is suppressed — Evaluate viral etiology (HBV/HCV) and consider
TCR-T cell therapy [221].
Branch 2: Interactome Disruption [222].

Input: Protein—protein interaction maps.
i If the immune interactome is disrupted (e.g., low CD8-MHC-I interaction) — predict immune
escape [223]; consider priming strategies.
o If the angiogenic interactome is active (e.g., VEGF hub centrality) — add antiangiogenic
agents [224].
o If the fibrotic interactome is dense — consider stromal remodeling agents (e.g., FAP-targeted
therapies) [225.
Branch 3: Systems Biology Simulation

Input: Al model simulating tumor evolution under therapy [226].
o If we predict adaptive resistance — Preemptively adjust drug combinations [226].
. If we forecast immune cell exhaustion — Add IL-2 agonists or checkpoint boosters [227].
. If we detect metabolic reprogramming — Tailor diet or add metabolic inhibitors [228].
Leaf Nodes: Personalized Therapy Recommendations.

Each leaf represents a tailored treatment plan, such as
° Anti-PD-1 + TGF-{ inhibitor for immune-excluded tumors [229].
. Wnt inhibitor + metabolic modulator for CTNNB1-mutant HCC [230].
. TCR-T cell therapy + antiviral for HBV-HCC with high viral antigen load [231].
The decision tree is dynamic, so new biopsy or liquid biopsy data can redirect the patient to a
distinct branch. Therapy response feeds back into the system, updating the interactome and
regulatory network maps, while Al continuously improves predictions, making the tree smarter.
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11. A Case Study of a Middle-Aged Patient with Hepatocellular Carcinoma
(HCO)

Despite ongoing research efforts, the fundamental biology of hepatocellular carcinoma (HCC)
remains understood. HCC’s high heterogeneity characterizes its ability to evolve throughout its
progression. As highlighted, intricate regulatory networks can describe the cellular dynamics
underpinning HCC. These networks illustrate the complex interactions between genes and proteins,
showcasing how they influence and regulate each other via protein-protein interactions.

These interactions are not only multifaceted but also vary in terms of their duration and stability.
The interfaces formed between interacting proteins and the temporal aspects of these interactions are
crucial, when substantial conformational changes occur during the binding process. This complexity
is fundamental in predicting the three-dimensional structure of protein complexes. However, many
current Al-driven methodologies encounter significant difficulties in predicting multi-chain
assemblies [232]. They frequently don’t have key information about the ligands, ions, and cofactors
needed for proteins to work. Capturing the dynamic characteristics of protein-protein interactions,
especially the conformational changes that transpire during binding, presents a substantial hurdle
for computational modeling [233]. The inherent structural flexibility of proteins is vital for their
biological function and contradicts the often-static perspective that conventional models adopt.
Understanding the dynamics of protein-protein interactions is essential for unraveling the
complexities of biological processes.

Digital systems can extract and analyze scientific information to support research endeavors or
validate existing theories. Information is the conduit for transmitting concepts or updates with
immediate or practical significance [234]. While this indirect approach is valuable for advancing
human knowledge, it is essential to note that research relies on observations presented as data [235].
Data are concrete, quantitative, and verifiable, derived from coded reference quantities that yield
consistent results upon replication [236,237]. In stark contrast to digital systems, the scientific method
employs a direct experimental approach to problem-solving by adhering to established scientific
principles for data collection [238]. Careful observation, thorough experimentation, precise
measurement, and results generation through generalization (induction) form its foundation. Then,
scientists confirm these results through multiple tests.

It is imperative that all research findings, those associated with hepatocellular carcinoma, align
with this logical and methodological framework, emphasizing the need for experimental validation
of all results and hypotheses. Recent quantitative estimates show that a mere 2% of the protein-
protein interactions within the HCC network have undergone experimental validation [239-241].
This dramatic gap in validated interactions negatively contributes to the challenges in understanding
and treating this complex form of cancer.

We now analyze a clinical case after examining and considering systems biology and integrating
various omics disciplines to determine the different phases through which we could develop a
personalized medicine protocol. Let's imagine that a 58-year-old patient suffers from chronic
hepatitis B and cirrhosis, two major risk factors for HCC. A routine scan reveals a suspicious liver
lesion. Here’s how we would develop the personalized medicine protocol for him.

Phase 1: Epigenetic Profiling

The patient’s biopsy undergoes epigenomic analysis.

o We observe hypermethylation of tumor suppressor genes such as CDKN2A and RASSF1A,
indicating aggressive tumor behavior [242].

o Histone modification patterns show a loss of H3K27me3, suggesting active oncogene
expression [243].

o Non-coding RNA signatures reveal elevated levels of miR-21, suppressing apoptosis and
promoting cell proliferation [244].

Further information: These epigenetic markers help classify the patient’s tumor as high-risk and
help guide the selection of targeted therapies.

Phase 2: Proteomic Analysis
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Mass spectrometry and protein microarrays allow physicians to analyze a patient’s tumor.
J Overexpression of AFP (alpha-fetoprotein) and GPC3 (glypican-3) confirms hepatocellular
carcinoma (HCC) [245].
U Increased levels of VEGF and PD-L1 suggest processes related to angiogenesis and immune
evasion [246].
J Unique protein signatures indicate pathways involved in drug resistance.
Insight: Proteomic data aids in predicting a patient’s response to immunotherapy and
antiangiogenic treatments.
Phase 3: Personalized Treatment Plan

Based on the patient’'s molecular profile, he receives epigenetic therapy with a DNA
methyltransferase inhibitor to reactivate silenced tumor suppressors [247]. Physicians add checkpoint
inhibitors (such as anti-PD-1) to counteract immune evasion, and a multiomics control panel
monitors his response in real time, allowing therapy adjustments as needed.
Phase 4: Monitoring and Prognosis
o Liquid biopsies detect circulating tumor DNA and protein biomarkers [108,125,188].
o Tracking epigenetic changes helps identify recurrence early [248].
o Proteomic alterations inform drug dosing and combination strategies. This approach

transforms patient care from reactive to proactive and precise, enhancing survival rates and quality
of life.

11.1. Cell and Tissue Specificity in Liver Cancer

Liver cancer is not just a mass of malignant hepatocytes but a complex ecosystem of different

cell types interacting within a unique tissue environment [249]. This is how specificity manifests:

1. Malignant Hepatocytes

U They are the primary tumor cells in HCC.

o They display altered gene expression patterns, often driven by mutations and epigenetic
changes.

i In HBV-related HCC, viral integration into hepatocyte DNA can activate oncogenes [250].

2. Tumor-Associated Macrophages (TAMs)

In a healthy liver, Kupffer cells maintain immune balance. In HCC, TAMs with distinct profiles
replace them; TREM2+ and UBE2C+ TAMs dominate primary tumors, and SPP1+ and WDR45B+
TAMs are more common in metastatic liver tumors and are associated with poor prognosis [251].

3. T Cells and B Cells

Effector T cells and memory B cells are active in the non-tumorous liver. In HCC, these shift
toward exhausted T and inhibitory B cells, especially in metastases [252]. A unique population of
TCF7+ CD8+ memory T cells in metastatic tumors can undergo exhaustion via the p38 MAPK
signaling pathway [253].

4. Cancer-Associated Fibroblasts (CAFs)

These cells remodel the extracellular matrix and support tumor growth. CAFs in HCC exhibit
plasticity, adapting to tumor needs and influencing immune evasion and angiogenesis [254].

5. Endothelial Cells

In HCC, they acquire immune tolerance and angiogenic capacity, promoting blood vessel
formation and tumor survival.

11.2. The Importance of Tissue Specificity in Hepatocellular Carcinoma (HCC)

Hepatocellular carcinoma (HCC) is the most common type of liver cancer, and understanding
its tissue specificity is crucial for developing effective therapeutic strategies. Here’s a deeper look into
the key features that significantly impact liver cancer progression:

1. Cell-Type Composition

Composing different cell types within the liver tumor microenvironment plays a vital role in

shaping the immune landscape [255]. Various immune cell populations, including macrophages, T
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cells, and natural killer cells, can promote or help eradicate tumor growth. The balance between pro-
inflammatory and anti-inflammatory signals is essential, as tumor-associated macrophages, for
example, may support tumor progression and contribute to therapy resistance [256]. Variations in
cellular composition can influence how patients respond to immunotherapy and targeted treatments.
2. Spatial Organization

The arrangement of cells within the tumor affects treatment success and the chance of metastasis.
This organization can create gradients of oxygen, nutrients, and drugs, which are critical in
controlling how a tumor acts and reacts to treatment.. For instance, cells located farther from blood
vessels may adapt to hypoxic conditions, resulting in more aggressive tumor types and increased
resistance to treatment. Understanding spatial organization better can help optimize drug delivery
systems and improve therapeutic outcomes by enabling the development of approaches targeting
specific tumor regions.
3. Gene Expression Profiles

The gene expression profile of HCC cells is vital for identifying biomarkers that predict disease
outcomes and guide treatment options. Specific gene signatures can reveal a tumor’s aggressiveness,
potential for metastasis, or likelihood of responding to particular therapies. Profiling these genes
facilitates the discovery of new therapeutic targets and supports the development of more
personalized treatment strategies. Differences in gene expression between tumor cells and
surrounding liver tissue can provide insights into tumor development and resistance mechanisms,
paving the way for innovative therapies.
4. Microenvironment Dynamics

The tumor microenvironment is more than just a setting for tumor cells; it is a dynamic network
of interactions among cancer cells, stromal cells, and extracellular matrix components. These
interactions influence tumor growth, progression, and the ability to evade immune detection [257].
For example, cytokines and growth factors secreted by the tumor and stroma can establish an
immunosuppressive microenvironment, aiding immune escape. Understanding these interactions
can help design combination therapies that disrupt communication pathways, boost immune
responses, and improve treatment effectiveness.

Recognizing prizing tissue-specific characteristics in HCC is essential for advancing
personalized medicine and creating more effective therapies tailored to each tumor. Table 7
summarizes the main points, showing prizing tissue specificity in hepatocellular carcinoma (HCC).

Table 7. Importance of tissue specificity in HCC.

Feature Impact on Liver Cancer Progression
Cell-type composition Determines immune response and therapy resistance
Spatial organization Influences drug delivery and metastatic potential
Gene expression profiles Guide biomarker discovery and targeted therapies
Microenvironment dynamics Shape tumor evolution and immune escape

11.4. Clinical Relevance in Liver Cancer.

Single-cell transcriptomics and spatial mapping reveal the behavior of different cell types in
primary versus metastatic liver tumors. This information helps identify prognostic markers and
therapeutic targets, such as WDR45B+ TAMs or TCF7+ T cells [251]. Understanding tissue-specific
interactions enables precision immunotherapy, antiangiogenic strategies, and treatments targeting
CAFs [258]. In studying liver tumor heterogeneity, we can explore the entire cellular landscape or
delve deeper into the plasticity of the tumor microenvironment.

Why It Matters: Understanding the “Who” in liver cancer, which cells are active, suppressed, or
transformed, allows physicians to predict treatment responses, design combination therapies, and
monitor disease progression with cell-specific biomarkers. This represents the frontier of precision
oncology, where the tumor’s cellular identity guides every clinical decision. Understanding how this
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information is used in liver cancer clinical trials and how spatial transcriptomics maps these
differences in real time is crucial. Let's complete the picture by exploring how we apply spatial
transcriptomics and multi-omics platforms in liver cancer research and clinical trials, especially to
comprehend cellular and tissue specificity.

11.5. Spatial Transcriptomics in Liver Cancer

Spatial transcriptomics (ST) enables researchers to map gene expression within the physical
context of tissue architecture. This is vital in liver cancer, where the tumor microenvironment (TME)
exhibits high heterogeneity.

Key insights of ST in HCC:

. Reveals distinct cellular neighborhoods: tumor clusters, immune niches, and stromal
zones.

o Identifies PROM1+ and CD47+ cancer stem cell niches linked to metastasis and immune

evasion [259].

. Maps tertiary lymphoid structures (TLS) and their proximity to tumor cells, influencing
immune infiltration and therapy response.

. Detects spatial gradients of gene expression from non-tumor to tumor regions, illustrating
how the tumor capsule affects transcriptome diversity.

Niche formation involves details about spatial gradients of gene expression that determine local
microenvironmental conditions, such as hypoxia or acidity, which influence tumor growth and
immunogenicity. These spatial data assist clinicians in pinpointing therapy targets and identifying
which cell types contribute to resistance or progression. They explain how the spatial proximity of
immune cells (e.g., exhausted T cells expressing PD-1 and LAG3) to tumor cells, through cell-to-cell
interactions, influences immune suppression. For example, the proximity of PROM1+ cancer stem
cell niches to immune-excluded zones suggests mechanisms of immune evasion and tumor
recurrence.

In summary, ST’s role in HCC maps the tumor microenvironment, showing how tumor cells
interact with immune cells, fibroblasts, and blood vessels. It locates immune cells such as exhausted
T cells expressing PD-1 and LAG3, which may cluster near tumor cells, indicating immune evasion
[260]. It also shows where immune cells infiltrate or retreat, aiding in assessing drug efficacy and
response areas to therapy. This spatial data helps researchers stratify patients: those with “hot”
tumors (rich in immune cells) may respond better to immunotherapy than those with “cold” tumors.
Multi-omics integrates multiple layers of biological data, as shown in Table 8.

Table 8. Integrated multi-omics layers in HCC.

Omics Type What It Measures Example in HCC Trials
Genomics DNA mutations TP53, CTNNB1 mutations
Transcriptomics ~ RNA expression miR-21, TCF7+ T cells
Proteomics Protein levels AFP, VEGF, PD-L1
Epigenomics DNA methylation, histone modifications RASSF1A methylation
Metabolomics Metabolic changes Lipid metabolism shifts

11.6. Multi-Omics in Clinical Trials

Network topology and critical nodes (e.g., hubs) explore how combining genomics,
transcriptomics, and proteomics helps identify key network nodes such as PD-L1, CTNNBI1, or TGF-
[, which can serve as therapeutic leverage points. These nodes often have high network centrality,
meaning their modulation results in widespread effects. Recent studies integrate genomics,
epigenomics, transcriptomics, proteomics, and metabolomics to create a comprehensive molecular
profile of each patient’s tumor. HCC trials focus on various aspects, including drug development,
treatment efficacy, and patient outcomes [261]. Here are some key applications:
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. Predictive biomarkers: multi-omics helps identify which patients will respond to
checkpoint inhibitors or TCR-mediated T-cell therapy.

J Resistance mechanisms: Studies reveal why only about 30% of HCC patients respond to
immunotherapy, often because of tumor-intrinsic and extrinsic factors [262,263].

. Cellular immunotherapy: Clinical trials evaluate engineered T cells, DC vaccines, and
macrophage modulation based on the patient’s immune profile.

These methods effectively distinguish HBV-related HCC from nonviral HCC, highlighting viral
antigen expression in HBV-related HCC, facilitating TCR-based therapies. Metabolic and fibrotic
signatures in nonviral HCC guide antiangiogenic and anti-fibrotic strategies.

11.7. The Future: Al-Driven Precision Oncology.

The future of liver cancer treatment looks promising with integrating Al-powered precision
oncology [264]. This method uses advanced Al platforms that combine spatial and multi-omics data,
information from genomics, proteomics, metabolomics, and other biological layers, to improve
treatment strategies. Al platforms now integrate spatial and multi-omics data to simulate tumor
evolution and therapy response, identify spatiotemporal recurrence niches, regions likely to relapse
post-treatment, guiding adaptive therapy regimens that evolve with the tumor’s molecular shifts.
This is transforming liver cancer care from reactive to anticipatory and personalized. Here’s a more
detailed overview of ST in clinical trials.

1. Tumor Evolution Simulation: Using machine learning algorithms, these Al platforms can
simulate how tumors evolve in response to different therapies [265]. This helps clinicians understand
tumor biology and adaptive mechanisms and allows them to predict how a tumor might change
when they apply other treatments.

2. Spatiotemporal Recurrence Niche Identification: A significant challenge in liver cancer
treatment is the risk of recurrence after therapy. Al tools can analyze spatial and temporal data to
identify specific areas within the liver (or the tumor) that are more likely to recur [266]. By pinpointing
these “niches,” healthcare providers can carry out more targeted monitoring and interventions to
address residual disease.

3. Guided Adaptive Therapeutic Regimens: As liver tumors change, their molecular profiles
shift. Al can monitor these changes in real time, enabling treatment plans to be adjusted [267,268].
This flexibility ensures therapies stay effective over time, tailored to the patient’s tumor
characteristics rather than using a one-size-fits-all approach.

These advancements represent a transformative shift in liver cancer management, from a
reactive strategy focused on treating recurrence to a proactive approach emphasizing prevention and
personalization. By forecasting tumor behavior and customizing interventions, the aim is to improve
patient outcomes and increase survival rates in those diagnosed with liver cancer. Al technology can
revolutionize cancer care and provide a roadmap for future oncology treatments across various
cancer types.
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Figure 2. Schematic representation of Al-Driven Precision Oncology.

11.8. Multi-Omics Platforms in HCC

HCC-specific multi-omics platforms integrate:

o Genomic mutations, such as TP53 and CTNNB1 [216,217].

o Epigenetic marks, like RASSF1A methylation [242].

o Transcriptomic profiles (e.g., miR-21, TCF7+ T cells) [115,231].

. Proteomic signatures (e.g., AFP, VEGF, PD-L1) [241].

J Metabolomic changes, such as lipid metabolism in NAFLD-HCC [269].

Clinical trials use these data to match patients to therapies. For example, patients with HBV-
HCC showing high expression of PD-L1 and viral antigens may receive immune checkpoint
inhibitors combined with TCR T-cell therapy [270]. Clinicians also employ them to monitor resistance
because proteomic changes can signal the onset of resistance before imaging detects its progression.
Epigenetic reprogramming may require flexible adjustments in drug combinations and dosing
strategies. Understanding its regulation illuminates mechanisms such as DNA methylation of tumor
suppressor genes (e.g.,, RASSF1A), histone modifications, and noncoding RNAs (like miR-21) that
drive oncogenic phenotypes and resistance, emphasizing its dynamic and reversible nature. Some
clinical trials use real-time Al-based dashboards to simulate tumor evolution or predict recurrence
zones based on spatial and molecular data [271]. This enables real-time therapy adjustments based
on biomarker changes. These are useful in differentiating HBV-related HCC from non-viral HCC,
where the tumor microenvironment and immune dynamics differ [272]. Gene regulation and
signaling cascades help describe how transcription factors (e.g., -catenin, STAT3, TGF-3) participate
in feedback mechanisms that can stabilize or promote oncogenic states. For example, in Wnt/p-
catenin activation, stabilized B-catenin translocate to the nucleus, promoting cell proliferation and
immune evasion by influencing expressing immune checkpoints.

In liver cancer (HCC), research concentrates on targeting various biological features and
mechanisms driving the disease, including molecular drivers, immune landscapes, and tumor
vulnerabilities. Key therapeutic targets in HCC trials include immune checkpoints such as PD-1, PD-
L1, and CTLA-4, often upregulated in immune-excluded tumors, alongside oncogenic pathways like
Wnt/p-catenin (with CTNNB1 mutations), TGF-f3 signaling, and VEGF-mediated angiogenesis.
Cancer stem cells (like PROM1, EpCAM, and CD47) link to recurrence and resistance, while
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metabolic reprogramming, lipid metabolism in NAFLD-HCC and glutamine addiction, plays a vital
role in aggressive subtypes. Epigenetic silencing through methylation of tumor suppressors such as
RASSF1A and SOCS1 is also essential. Spatial transcriptomics allows precise identification of where
these targets are active within tumor regions, and multi-omics approaches validate their behavior
across various biological layers. Patient stratification, which considers factors such as viral versus
nonviral HCC, with HBV-induced HCC often exhibiting immune exhaustion, opens the way to
checkpoint inhibitors and TCR-T cell therapy. Tumors are also categorized as “hot” or “cold,” with
treatment strategies differing; “hot” tumors may benefit from direct immune engagement, while
“cold” tumors could require priming with oncolytic viruses or TGF3 blockade. Mutation-driven
subtypes, such as CTNNBI-mutant tumors resistant to immunotherapy, may respond to Wnt
inhibitors, and fibrotic versus non-fibrotic microenvironments might cause stromal remodeling
agents to improve immune cell access. Multi-omics platforms integrate these layers to develop
predictive models, with some clinical trials using Al dashboards to simulate responses and adapt
therapies in real-time, promoting personalized treatment approaches.

Multi-omics Platforms in HCC
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Figure 3. Schematic representation of the Multi-omics Platforms in HCC.

11.9. Tailored Solutions Are Only One Element of the Total Scope

Precision oncology combined with advanced artificial intelligence platforms may not be enough.
It represents only the last step after patients discover they have the disease. HCC is a subtle disease
that doesn’t show symptoms until it is very advanced. However, it’s not just its subtle nature that
creates complex clinical situations; the difficulties associated with early diagnosis lead to detection at
an advanced stage, when symptoms become clear or patients present in an emergency setting. This
highlights a significant gap in current strategies focused on diagnosis and prevention.

Integrating advancements in imaging and Al into preventive strategies beyond symptomatic
patients is crucial [273]. They should be part of routine screening programs to identify pre-
symptomatic or asymptomatic cases, which can improve outcomes through earlier intervention.

Primary prevention strategies, such as vaccination against hepatitis B, lifestyle modifications to
prevent non-alcoholic fatty liver disease, and public health initiatives to raise awareness about HCC’s
risk factors, are necessary. Without these preventative measures, reliance on advanced diagnostics
may not address the fundamental issues of late-stage presentations. Health policymakers should
outline guidelines for screening high-risk populations using advanced technologies and biomarkers
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[274-277]. A multifaceted approach that combines advanced diagnostic capabilities with proactive
public health initiatives will be vital to reducing the incidence and mortality associated with HCC
[278-280]. Raising awareness among patients and healthcare providers about the risks associated
with liver disease and the potential for HCC formation can drive proactive health behaviors and
encourage earlier consultations, thus facilitating earlier detection.

12. Advanced International Trials on HCC

Here are some noteworthy ongoing or completed advanced clinical trials targeting HCC that
incorporate innovative molecular and immunological strategies. Trial govID provided by National
Library of Medicine NIH-NLM (https://clinicaltrials.gov/):

IMbravel50 Trial - A Study of Atezolizumab in Combination with Bevacizumab Compared
With Sorafenib in Patients With Untreated Locally Advanced or Metastatic Hepatocellular
Carcinoma (IMbravel50) - Hoffmann-La Roche (Responsible Party) — NIH, USA, ClinicalTrials.gov
ID: NCT03434379. This study will evaluate the efficacy and safety of atezolizumab (anti-PD-L1) in
combination with bevacizumab (anti-VEGF) compared with sorafenib in participants with locally
advanced or metastatic Hepatocellular Carcinoma (HCC) who have received no prior systemic
treatment. The study showed significant improvement in overall survival and progression-free
survival compared to sorafenib. It incorporates immunotherapy combined with anti-angiogenic
therapy; it exemplifies a modern approach integrating immune modulation and vascular targeting.

HIMALAYA Trial - This study - AstraZeneca (Responsible Party) - NIH, USA,
ClinicalTrials.gov ID NCT03298451 - is a global, randomized, open-label, Phase III trial evaluating
the efficacy of the dual checkpoint inhibitor “STRIDE” (Single Tremelimumab Regular Interval
Durvalumab) combination regimen and durvalumab (anti-PD-L1) monotherapy, with or without
tremelimumab (anti-CTLA-4), compared to standard sorafenib in patients with advanced
hepatocellular carcinoma in the first-line setting. The study enrolled 1,171 patients with advanced
hepatocellular carcinoma (HCC) who did not have refractory ascites, portal vein invasion, or hepatitis
B or C virus co-infection. The updated four-year overall survival results from the HIMALAYA study
underscore the efficacy of the STRIDE immuno-immunotherapy combination as a first-line treatment
for hepatocellular carcinoma and confirm its role as a practice-changing treatment. The announced
approval by the Italian Medicines Agency (AIFA) for the durvalumab plus tremelimumab
combination is consistent with these results and provides access to this important therapeutic option.

LEAP-002 Trial - Safety and Efficacy of Lenvatinib (E7080/MK-7902) in Combination With
Pembrolizumab (MK-3475) Versus Lenvatinib as First-line Therapy in Participants With Advanced
Hepatocellular Carcinoma (MK-7902-002/E7080-G000-311/LEAP-002) - Merck Sharp & Dohme LLC
(Responsible Party) — NIH, USA, ClinicalTrials.gov ID NCT03713593. This study evaluated the safety
and efficacy of lenvatinib (E7080/MK-7902) in combination with pembrolizumab (MK-3745) versus
lenvatinib in combination with placebo as first-line therapy to treat advanced hepatocellular
carcinoma in adult participants. This study’s core assumptions are that lenvatinib combined with
pembrolizumab is better than lenvatinib with a placebo, looking at how long people live without the
disease getting worse and overall survival. Details: Evaluates combination immunotherapy targeted
at both immune evasion and angiogenesis pathways.

HCC-5YS-QC Trial - Study on Recurrence Monitoring of Hepatocellular Carcinoma With 5-
Hydroxymethylcytosine Test - Shanghai Zhongshan Hospital (Responsible Party) — NIH, USA,
ClinicalTrials.gov ID NCT03493763. In this study, investigators aim to determine how plasma 5ShmC
level changes in hepatocellular carcinoma patients after liver resection and whether 5hmC can be
used as a biomarker for HCC recurrence monitoring. Using systems biology and network modeling
to individualize therapy is in the early phases, but promising for therapeutic decision algorithms.
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