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1.Introduction

The tumor microenvironment (TME) is a complex and ever-changing
ecosystem that includes malignant cells alongside immune cells, stromal
components, vascular structures, elements of the extracellular matrix,
and various signaling molecules. The complex interaction of these vari-
ous components significantly impacts tumor initiation, progression, me-
tastasis, and therapeutic response (Binnewies et al., 2018). In recent years,
it has become increasingly evident that microbial communities—includ-
ing bacteria, viruses, fungi, and protozoa—are essential components of
the tumor microenvironment. Inflammation, immune evasion, metabol-
ic pathways, and drug metabolism can all be modulated by their presence,
which introduces additional layers of complexity.

Microorganisms inhabiting the tumor microenvironment often ex-
hibit patterns that are specific to different types of cancer. For instance,
Fusobacterium nucleatum has a significant correlation with colorectal
cancer, playing a role in tumor progression via immune modulation and
the activation of oncogenic signaling (Kostic et al., 2013). In the same
way, the colonization of Helicobacter pylori is recognized as a significant
factor in the development of gastric cancer, as it promotes chronic in-
flammation and induces genotoxic stress (Plummer et al., 2015). Viral
pathogens are crucial in the development of certain cancers: human pap-
illomavirus (HPV) is a significant cause of cervical and oropharyngeal
cancers, whereas hepatitis B and C viruses are major factors in hepatocel-
lular carcinoma due to their role in persistent inflammation and oncogen-
ic transformation (de Martel et al., 2020). Furthermore, the Epstein-Barr
virus has been associated with lymphomas and nasopharyngeal carcino-
ma through the encoding of viral proteins that interfere with cell cycle
regulation and immune surveillance (Young et al., 2016). In addition to
bacteria and viruses, certain fungal species like Malassezia have been
associated with pancreatic cancer, possibly influencing tumor growth
through the activation of the complement cascade (Aykut et al., 2019).
The findings collectively emphasize that the tumor-associated microbiota
plays an active role in cancer biology, rather than just a passive bystander.

The impact of the tumor microbiome significantly affects the response
to therapy. Intratumoral bacteria have demonstrated the ability to metab-
olize chemotherapeutic agents, thereby directly influencing their efficacy.
For example, Geller et al. (2017) showed that Gammaproteobacteria found
in pancreatic tumors can metabolize gemcitabine, making it ineffective.
Similarly, the gut microbiome has been shown to affect the systemic im-
mune environment and impact the effectiveness of immune checkpoint
inhibitors. A significant study conducted by Routy et al. (2018) demon-
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strated that the presence of Akkermansia muciniphila in the gut was as-
sociated with enhanced responses to PD-1 blockade in epithelial cancers,
underscoring a direct relationship between microbial composition and
the effectiveness of immunotherapy. In the same way, lida et al. (2013)
found that dysbiosis caused by antibiotics diminished the effectiveness of
cyclophosphamide in preclinical cancer models, highlighting the impor-
tance of interactions between microbiota and drugs.

Investigating the intricate interactions between microbes and tumors
necessitates sophisticated methodologies. Conventional culture-based
microbiology fails to adequately represent the complete diversity of mi-
crobes found within tumors, primarily due to low biomass, contamina-
tion risks, and the existence of unculturable species (Salter et al., 2014).
Metagenomics, characterized by the high-throughput sequencing of
microbial DNA directly from clinical or environmental samples, has
emerged as a groundbreaking approach. This approach allows for the
impartial identification of microbial taxa, the characterization of func-
tional genes, and the analysis of host-microbe interactions without re-
quiring cultivation (Riquelme et al., 2019; Poore et al., 2020). 16S rRNA
gene sequencing and shotgun metagenomics are both extensively utilized
in the study of the cancer microbiome, each offering different advantag-
es and disadvantages. By integrating metagenomic insights with clinical
and multi-omics datasets, a deeper understanding is emerging regarding
how tumor-associated microbes influence oncogenesis, immune infiltra-
tion, therapeutic resistance, and clinical outcomes. This has created new
opportunities for the advancement of diagnostic biomarkers, prognostic
indicators, and therapies aimed at the microbiome (Nejman et al., 2020).
Nonetheless, considerable obstacles persist, such as the need for standard-
ized methodologies, effective contamination control, and the translation
of research findings into clinical practice.

The topic of this section investigates into the infections present in the
tumor microenvironment and examines how metagenomic technologies
contribute to the characterization of these microbial communities. This
chapter aims to provide a comprehensive overview of this rapidly evolv-
ing field at the intersection of oncology, microbiology, and computational
biology by investigating the mechanisms that make tumors susceptible to
infection, the methodological approaches used to investigate tumor-as-
sociated microbiota, and the therapeutic implications of these findings.
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2.The Tumor Microenvironment

The tumor microenvironment is frequently colonized by diverse spe-
cies including lots of different bacteria, viruses, fungi and other micro-
organisms, all of which can influence cancer initiation, progression and
immune evasion. Among bacterial species, Fusobacterium nucleatum is
usually associated with colorectal cancer, leading to promotion of tumor
growth through altering host immunity and epithelial cell signaling.
Moreover, Helicobacter pylori is highly seen in gastric cancer. It causes
chronic inflammation and production of genotoxins in gastric cancer pa-
tients (Kostic et al., 2013; Plummer et al., 2015). Viral pathogens also play
a significant role in the tumor microenvironment. For instance, while hu-
man papillomavirus is a key etiological agent in cervical and oropharyn-
geal cancers, hepatitis B and C viruses are implicated in hepatocellular
carcinoma through mechanisms involving chronic inflammation and di-
rect oncogenic transformation (de Martel et al., 2020). Epstein-Barr virus
is another notable example, contributing to lymphomas and nasopharyn-
geal carcinoma by encoding viral proteins that disrupt host cell cycle con-
trol and immune surveillance (Young et al., 2016). In addition to bacteri-
al and viral species, fungal communities are increasingly recognized for
their impact in the tumor microenvironment. For example, Malassezia
species have been linked to pancreatic cancer, potentially promoting tu-
morigenesis through activation of the complement cascade and immune
modulation (Aykut et al., 2019).To sum up, interactions among bacteria,
viruses, fungi and protozoa in the tumor microenvironment may lead to
synergistic effects on inflammation, immune suppression and metabolic
reprogramming, emphasizing the need for holistic microbiome profiling
in cancer research.
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Figure 1: The tumor microenvironment (TME)

2.1. The Mechanisms of susceptibility to infections

The tumor microenvironment (TME) is prone to infections due to im-
munological, structural, and metabolic changes that distinguish it from
normal tissues. These methods not only allow infections to survive within
tumors, but they can also affect tumor biology.

2.1.1. The immunosuppressive environment

The TME is differentiated by the increase of regulatory T cells (Tregs),
myeloid-derived suppressor cells (MDSCs), and tumor-associated mac-
rophages (TAMs). These cells decrease antimicrobial T-cell and natural
killer (NK) cell activities, allowing for microbial colonization (Joyce &
Fearon, 2015; Binnewies et al., 2018). They also secrete immunosuppres-
sive cytokines such IL-10 and TGF-.

2.1.2. Hypoxia and metabolic stress

Tumors can cause hypoxia and metabolic stress due to rapid expan-
sion and abnormal vasculature, resulting in nutrient-depleted zones.
HIFs change the metabolism of immune cells, decrease the effectiveness
of antimicrobial reactions, and increase microbial tolerance. Parallel to
this, immunological surveillance is further compromised by an accumu-
lation of lactate and acidosis (Noman et al., 2015).
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2.1.3. Vascular abnormalities:

Tumor vasculature is disordered and leaky, affecting immune cells and
antimicrobial peptide delivery to the tumor microenvironment. These
anomalies in blood vessels also limit drug penetration, allowing microor-
ganisms to escape detection and thrive (Jain, 2014).

2.1.4. Therapy-induced vulnerabilities

Cancer therapies including chemotherapy, radiation, and immuno-
therapy can impair mucosal barriers and reduce immune responses, lead-
ing to an increased risk of secondary infections. Furthermore, drugs and
hospitalization in cancer patients might alter the natural microbiota, al-
lowing opportunistic infections to thrive (Montassier et al., 2015).

Collectively, these pathways show how the TME’s structural and im-
munological features make tumors highly susceptible to microbial inva-
sion. This weakness not only promotes pathogen persistence but also al-
lows these microbes to actively alter tumor growth, immune evasion, and
treatment response.

3. Applications of Metagenomics

In cancer microbiome research, metagenomic techniques are crucial
for analyzing microbial populations inside tumor tissues, surrounding
non-malignant tissues, and biofluids. There are two primary sequencing
strategies that are extensively used: 16S rRNA gene sequencing and shot-
gun metagenomics sequencing, all of which have their own processes, ad-
vantages, and limits.

3.1. 16S rRNA Gene Sequencing

The 16S rRNA sequencing targets the ribosomal RNA gene, which is
found in nearly all bacterial species and is made up of both conserved
and hypervariable regions. The conserved regions facilitate the applica-
tion of universal primers, whereas the hypervariable regions (V1-V9) of-
fer phylogenetic signals for species classification (Caporaso et al., 2011).
In oncology research, particular hypervariable regions, such as V3-V4,
are frequently amplified and read utilizing next-generation sequencing
technologies. This approach is particularly valuable in cancer microbi-
ome research, as it facilitates dependable taxonomic profiling of bacterial
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communities, generally at the genus level, while its resolution at the spe-
cies and strain levels is constrained. Moreover, it offers a cost-efficient
and high-throughput approach, facilitating rapid screening of many sam-
ples. These properties make it particularly advantageous for compara-
tive assessments of microbial composition, such as examining differenc-
es between tumor tissues and neighboring normal tissues or comparing
variances among different patient cohorts. Nonetheless, 16S rRNA se-
quencing possesses limitations. It is not capable of detecting non-bac-
terial species, including viruses, fungi, or archaea, and is limited in its
capacity to identify functional genes or metabolic pathways (Knight et al.,
2018). Within the tumor microenvironment (TME), this indicates that
significant interactions with fungi (e.g., Malassezia in pancreatic cancer)
or viruses (e.g., HPV, HBV) may be disregarded when depending exclu-
sively on 16S profiling.
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Figure 2: The workflow of 16S rRNA gene sequencing

3.2. Shotgun Metagenomics Sequencing

Conversely, shotgun metagenomics sequencing comprises sequencing
all genetic material inside a sample without targeted amplification. The
entire genetic content is sequenced using high-throughput technology af-
ter DNA extracted from tumor tissue or associated biofluids is randomly
fragmented.

This strategy supplies many advantages. It facilitates high-resolution
taxonomic profiling, down to the species and strain level, which is crucial
for differentiating pathogenic subtypes (Ranjan et al., 2016).
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This approach facilitates the characterization of functional genes,
identifying microbial genes that play roles in metabolism, virulence, and
resistance. It offers valuable insights into the ways microbes may affect
tumor progression or contribute to therapy resistance (Beghini et al.,
2021). Furthermore, shotgun sequencing facilitates the identification of
a wide range of microbial kingdoms beyond just bacteria, encompassing
viruses, fungi, protozoa, and archaea, thereby providing a comprehensive
perspective on the tumor-associated microbiome (Wood et al., 2019). A
significant benefit involves the integration with host data, enabling the
investigation of host-microbe interactions, including the metabolism of
chemotherapeutic agents by microbial enzymes and the disruption of
host immunity by viral proteins.

While there are notable strengths, shotgun metagenomics encoun-
ter serious obstacles, such as low microbial biomass in tumor samples,
increased host DNA contamination, and the requirement for advanced
bioinformatics pipelines (Poore et al., 2020). To tackle these challenges,
specific workflows—like host DNA depletion techniques and computa-
tional subtraction methods—are frequently utilized.

The analysis of tumor-associated microbial data in downstream bioin-
formatics necessitates the use of specialized computational tools that are
specifically designed for each sequencing method. In the analysis of 16S
rRNA datasets, it is common to utilize platforms including QIIME2 for
tasks such as quality control, sequence clustering, and taxonomic classifi-
cation. In contrast, shotgun metagenomics data are generally examined
through more extensive pipelines, such as MetaPhlAn, HUMAnN, and
Kraken2, which facilitate not only taxonomic profiling but also the re-
construction of functional pathways and gene-level annotation (Beghini
et al., 2021; Wood et al., 2019).

The combination of these bioinformatics frameworks offers numerous
significant benefits for the study of the cancer microbiome. In addition
to identifying taxa, metagenomic analysis has the potential to reveal the
functional characteristics of microbes associated with tumors, bring at-
tention to rare or novel taxa that could have clinical significance, and
demonstrate host-microbe interactions from a systems biology perspec-
tive. The comprehensive nature of this information enhances our com-
prehension of the roles that microbial communities play in carcinogene-
sis, tumor progression, immune modulation, and therapeutic responses.
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3.3. Complementary Roles in Cancer Research

Although 16S rRNA sequencing serves as an economical and rapid
method for assessing bacterial community structures, shotgun metag-
enomics provides a more thorough understanding, incorporating taxo-
nomic, functional, and ecological perspectives. In practice, numerous
studies on the cancer microbiome utilize a two-tiered approach, begin-
ning with 16S rRNA sequencing for exploratory profiling, and subse-
quently employing shotgun metagenomics for comprehensive functional
and taxonomic analyses of samples (Nejman et al., 2020; Riquelme et al.,
2019).

Consequently, the use of metagenomic techniques in cancer research
enhances our comprehension of the tumor microbiome and facilitates the
identification of biomarkers, therapeutic targets, and treatment strategies
informed by the microbiome.

4.Insights from Metagenomic Studies in Cancer

Recent studies have uncovered distinct microbial signatures associat-
ed with specific cancer types, revealing potential roles for intratumor-
al microbiota in cancer biology and therapy response. For instance, as
mentioned before, fusobacterium nucleatum is consistently enriched in
colorectal cancer tissues and it causes tumor progression and immune
evasion in TME (Kostic et al., 2013). On the other hand, similarly, He-
licobacter pylori is associated with gastric cancer development and lead
to chronic inflammation and oncogenic signaling in the tumor micro-
environment (Wroblewski et al., 2010). So, the tumor microenvironment
possesses unique microbiota that modulates immune cell infiltration, cy-
tokine profiles, and metabolic pathways, thereby influencing tumor behav-
ior and treatment outcomes. For example, microbial metabolites within
the tumor microenvironment can change the efficacy of immunotherapy
and chemotherapy, as observed in pancreatic cancer where intratumoral
bacteria metabolize gemcitabine, reducing its effectiveness (Geller et al.,
2017). When come to the comparison between the tumor-resident micro-
biota with the gut microbiota, it seems that they are significantly differ-
ent from each other in terms of composition and function. While the gut
microbiota predominantly influences systemic immunity and inflamma-
tion, the tumor microbiota acts locally within the TME, contributing to
heterogeneity in therapeutic responses (Routy et al., 2018; Nejman et al.,
2020).
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5.Challenges and Future Directions

The study of infections within the tumor microenvironment presents
significant technical and methodological challenges, due to the low mi-
crobial biomass of tumor tissues, higher risk of contamination and the
complex interplay among host, microbial and cancer signals. Standard
culture-based methods often lack the sensitivity and resolution to capture
the full diversity of microbial species within the tumor microenviron-
ment (Nejman et al., 2020). Metagenomic sequencing, especially shotgun
metagenomics, has emerged as a powerful tool for overcoming these chal-
lenges. Shotgun metagenomics allows the unbiased detection of bacterial,
viral, fungal and archaeal genomes directly from tumor samples (Poore
et al., 2020). Metagenomic sequencing, especially shotgun metagenomics,
has thus become an effective way to address these challenges. Through
the direct sequencing of microbial DNA extracted from tumor samples,
shotgun metagenomics facilitates the impartial identification of genomes
from bacteria, viruses, fungi, and archaea (Poore et al., 2020). By com-
bining clinical and molecular datasets, these methods have revealed sig-
nificant functions of tumor-resident microbes in shaping immune re-
sponses, affecting therapy resistance, and promoting tumor progression.
These findings pave the way for the identification of biomarkers and the
creation of innovative therapeutics aimed at the microbiome in various
cancer types (Riquelme et al., 2019). However, the application of these
insights in clinical settings is still limited due to differences among pa-
tients, the lack of standardized processes, and the pressing requirement
for extensive validation studies. Integrative multi-omics approaches that
integrate metagenomics with transcriptomics, proteomics, metabolom-
ics, and spatial profiling offer potential for a comprehensive understand-
ing of host-microbe-tumor interactions and could aid in the discovery of
reliable biomarkers and therapeutic targets (Minot & Willis, 2019).

The field of study is expected to be shaped forward by several import-
ant directions. Initially, it is crucial to standardize sampling procedures
and analytical workflows to improve reproducibility and facilitate signifi-
cant cross-cohort comparisons. Creating standardized protocols for sam-
ple collection, processing, sequencing, and bioinformatic analysis will be
crucial for the progression of clinical applications (Gilbert et al., 2025).
Secondly, integrating spatial and longitudinal analyses can provide re-
markable insights into the structure of microbial communities within
tumors and their dynamic evolution throughout disease progression or
treatment. Third, there is an increasing demand for functional validation
using experimental model systems including patient-derived organoids
and tumor-on-a-chip technologies, which can aid in establishing causal
relationships between specific microbes and tumor phenotypes (Qasem
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et al., 2024).

Another promising direction is the advancement of interventions that
modulate the microbiome, such as probiotics, engineered microbial con-
sortia, and fecal microbiota transplantation. These strategies may im-
prove therapeutic responses; however, they necessitate thorough clinical
evaluation to verify their efficacy and safety (Routy et al., 2024). The com-
bination of artificial intelligence and machine learning with multi-omics
datasets presents opportunities for identifying predictive microbial sig-
natures, stratifying patients for personalized oncology, and discovering
novel therapeutic targets (Gilbert et al., 2025). Ultimately, advancements
in this area require meticulous consideration of regulatory, ethical, and
biosafety factors. It is essential to tackle concerns surrounding patient
consent, data privacy, and the potential long-term risks associated with
microbiome manipulation to ensure the ethical clinical application of mi-
crobiome-based diagnostics and therapies.

6.Conclusion

In conclusion, infections within the tumor microenvironment play
multifaceted roles in cancer progression, immune modulation and ther-
apeutic response. Specific microbial populations have been shown to
promote oncogenesis, influence immune infiltration and even modulate
drug efficacy, highlighting the clinical significance of characterizing the
tumor-associated microbiota (Riquelme et al., 2019; Kostic et al.,2013).
In this context, metagenomics has emerged as a transformative tool in
oncology, since it enables comprehensive, culture-independent profiling
of microbial communities within tumors and their surroundings. Shot-
gun metagenomics offers high-resolution insights into taxonomic and
functional diversity of microbial populations, providing a foundation for
biomarker discovery, personalized therapy and novel treatment targets
(Poore et al., 2020; Nejman et al., 2020). However, this field faces critical
challenges including the absence of standardized sample collection pro-
tocols, contamination control, or data analysis pipelines. To fully harness
the potential of microbiome research in cancer, there is an urgent need
for standardized methodologies and more translational studies that val-
idate microbiome-derived biomarkers and elucidate causal relationships
(Salter et al., 2014; Minot & Willis, 2019). By integrating microbiome data
with host multi-omics and clinical parameters, future research can more
effectively translate these findings into actionable insights for precision
oncology.
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1. Giris
Tanim ve Onem

Gen regiilator aglar1 (GRN), hiicre i¢i transkripsiyonel diizenlemelerin
network temelli gosterimidir. Bu aglar, gen ekspresyonunu kontrol eden
transkripsiyon faktorleri (TF) ile bu faktérlerin dogrudan veya dolayl
olarak etkiledigi hedef genleri arasinda kurulan kompleks etkilesimleri
icerir (Davis ve ark., 2017). GRN’ler biyolojik siireclerde kilit rol oynar:
gelisim, homeostaz, metabolizma, davranis ve hastalik gibi fonksiyon-
larin diizenlenmesinde 6nemli katki saglar. Sistem biyolojisi agisindan da
biiyiik 6neme sahiptir ¢iinkii genetik risklerin anlasilmasi, ilag hedefleri-
nin onceliklendirilmesi ve kisisellestirilmis tip uygulamalarinin gelistir-
ilmesinde dogrudan kullanilirlar (Davis ve ark., 2017).

Yeni nesil sekanslama teknolojileri ve hesaplamali yaklasimlarin
gelisimiyle birlikte, GRN ¢ikarimi ve analizi giderek daha sistematik ve
hassas hale gelmistir. Ozellikle genomik verilerin artmasiyla birlikte, TF-
TG iliskilerinin zamansal ve doku spesifik dinamiklerinin modellenmesi
hem normal fizyolojik siireglerin hem de patojenik durumlarin anlagil-
masinda hayati 6nem kazanmistir (Davis ve ark, 2017).

2. Transkripsiyon Faktorleri
2.1. Tarihge

Transkripsiyon kontroliinii anlamak biiyiik bir ¢abadir. 1980’lerin
baglarinda, model 6karyotik genlerde dogru baslatma i¢in ¢ok sayida
degiskenin gerekli oldugu agikti (Lis, 2019). Tek bir gen i¢in RNA polim-
eraz II (Pol II) transkripsiyonuna dair kapsamli bir mekanik bilgi, bircok
bilesenin izole edilmesini ve uygun kromatin sablonlar: iizerinde dogru
bir sekilde bir araya getirilmesini gerektirir. Bu ¢alisma alani, molekiiler
diizeyde transkripsiyonun kapsamli bir anlayigsinin 6nemli ¢aba ve yeni-
lik¢i teknoloji gerektirecegini kabul etti ve Pol I'nin tiim mRNA kodlayan
genleri transkribe ettigini, her birinin belirli diizenleyici proteinler
gerektirdigini kabul etti (Lis, 2019).

Insanlarda yaklagtk 20,000 protein kodlayan genin hiicreye 6zgii
ifadesi, bircok biyolojik siire¢ i¢in hayati 6neme sahiptir ve Oncelikle
transkripsiyon diizeyinde diizenlenir. Transkripsiyonun mekanizmalari
ve diizenlenmesi konusundaki ilk anlayis, ¢ogunlukla genetik
arastirmalardan kaynaklanan bakteriler ve bakteriyofajlar tizerindeki
calismalardan gelmistir; 6zellikle Jacob ve Monod’un 1961’deki lac oper-
onu lizerine yazdiklar: dikkate deger makalede vurgulanmistir (Roeder,
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2019).
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Figiir 1. TF Kullanimimin Tarihi Geligimi

2.2. Yapisal Ozellikleri

Transkripsiyon faktorleri, DNA’ya baglanma alanlari, aktivasyon veya
represyon domainleri ve diger proteinlerle etkilesim kurabilen bolgele-
rden olusur. Yaygin DNA baglama motifleri arasinda zinc finger (C2H2
tipi), helix-turn-helix, leucine zipper ve bHLH (basic Helix-Loop-Helix)
yapilar yer alir. Aktivasyon veya represyon domainleri, gen ekspresyonunu
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artirict ya da baskilayict sinyaller gonderir. Ayrica TF’ler epigenetik
diizenleyicilere (HDAC, HAT, SWI/SNF kompleksleri) baglanarak uzun
vadeli genetik degisimleri tetikleyebilir. Bu yapisal farkliliklar, TF’lerin
islevsel cesitliligini ve regiilasyon mekanizmalarindaki esnekligi saglar
(Spitz & Furlong, 2012).

TFIID kompleksi, transkripsiyon baslangicinda anahtar rol oynar. Bu
kompleks, TBP (TATA-box baglayan protein) ve gesitli TAF (TBP Asso-
ciated Factor) proteinlerinden olusur. TAF’ler hem DNA hem da diger
TF’lerle etkilesim kurarak promotor bélgesindeki niikleozomal yapry1
a¢gmak ve RNA polimeraz II'yi ¢ekmek i¢in gorev alir. Bazi TAF ler his-
ton benzeri yapilar tagtyarak kromatin modellemesini destekler. Ornegin,
TAFII250 histon asetiltransferaz (HAT) aktivitesine sahip olup promotor
bolgesinin agik hale gelmesinde kritik rol tistlenir (Carlberg & Molnar,
2016).

2.3. Fonksiyonel Siniflandirma

Transkripsiyon faktorleri, islevlerine gore ii¢ ana gruba ayrilabilir:
aktivatorler, represorler ve gelisimsel anahtar faktorler. Aktivator tran-
skripsiyon faktorleri, 6rnegin CREB ve NF-kB gibi, gen ekspresyonunu
tesvik ederken, represér TFlerden REST ve GFI1 gibi faktorler gen ek-
spresyonunu bastirict etki gosterir. Gelisim siirecini dogrudan yonlen-
diren kritik TF’ler arasinda OCT4, SOX2, FOXA1 ve PU.1 gibi faktorler
yer alir. Bu gruplar, hiicre farklilagmasi ve doku gelisimi siireclerinde ha-
yati oneme sahip olup, gelisim biyolojisi ve patojenez baglaminda incelen-
melidir (Spitz & Furlong, 2012).

Ayrica dokuya 6zel transkripsiyon faktorleri de vardir ve bu faktorl-
er, spesifik hiicre tiplerinin islevsel 6zelliklerini kazanmasinda 6nemli
rol oynar. Ornegin, hematopoetik hiicrelerde PU.1, néronlarda NRSF/
REST, kas hiicrelerinde MyoD ve karaciger hiicrelerinde HNF4 gibi fak-
torler belirli hiicre tiplerinin genomik programlarini aktif hale getirir ya
da susturur. Bu envanter, 6zellikle kanser arastirmalar ve gelisimsel bo-
zukluklarin anlasilmasinda temel bir referans kaynagidir (Vaquerizas ve
ark, 2009).

2.4. Baglanma Dinamikleri

TF’lerin DNAya baglanma 6zgulligii, motif tanima yontemleriyle
analiz edilir. PWM (Position Weight Matrix) modelleri yaygin olarak
kullanilir. Yiiksek ¢oztinirliiklic SELEX ve ChIP-seq verileri ile motif
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¢ikarimi yapilir. Enhancer bolgeleri ve cis-regiilatuar modiiller de TF
baglamasina 6nemli katk: saglar. Ancak bazi motifler genomda islevsel
degildir veya niikleozomal DNA {izerinde erisilemez konumlarda olabil-
ir; bu da motif tabanli yaklasimlarin sinirliligini gosterir (Weirauch ve
ark, 2014).

PWM modelleri, genomik sekanslarda TF baglanma sitelerini tah-
min etmede olduk¢a yaygindir. Ancak bu modellerin dogrulugu, mo-
tiflerin cevreleyen sekanslarin etkisiyle degisebilir. Ozellikle enhancer
bolgelerinde motiflerin ¢evresel dizilimi, TF baglanma kapasitesini
belirlemede 6nemlidir. Bazi TF’lerin baglandig1 motifler, genomda agik¢a
tanimlanmis olsa bile transkripsiyonel olarak pasif kalabilmektedir. Bu
durum, motif varlig: ile islevsellik arasinda bir uyumsuzluk oldugunu
gosterir (Weirauch ve ark., 2014).

Drosophila melanogaster embriyonik gelisiminde dorsal-ventral ek-
sen patterning’i, GRN’in evrimsel olarak ne kadar korunmus olduguna
dair giiglii bir 6rnektir. Maternal sinyallerin etkisiyle ortaya ¢ikan Dorsal
gradyani, Twi, Sna ve Dpp gibi TF’lerin islevsel diizenlenmesini saglar.
Bu siireg, Notch, Wnt ve EGF sinyal yollariyla da baglantilidir (Levine &
Tjian, 2003).

2.5. Regiilasyon Mekanizmalari

Transkripsiyon faktorleri post-translasyonel modifikasyonlarla (fos-
forilasyon, asetilasyon, ubiquitinasyon) diizenlenir. Bu modifikasyonlar
niikleer lokalizasyonu, DNA baglanma kapasitesini ve diger proteinlerle
etkilesimlerini etkiler. Protein-protein etkilesimleri, 6zellikle Mediator
kompleksi ile birlikte, TF’lerin islevsel kompleksler olusturmasini saglar.
Bu diizenleyici mekanizmalar sayesinde TF’ler ¢evresel sinyallere hizli
sekilde yanit verebilir ve hiicrenin ihtiyaglarina gore dinamik olarak aktif
hale gelebilir veya susturulabilir (Spitz & Furlong, 2012).

Post-translasyonel modifikasyonlar, TF ’lerin iglevsel aktivitelerini
dogrudan etkiler. Ornegin fosforilasyon, TF lerin niikleusa girigini
yva da ¢ikisini diizenleyebildigi gibi onlarin baglanma yetenegini de
artirabilir ya da azaltabilir. Benzer sekilde asetilasyon genellikle
TF ’lerin transaktivasyon kapasitesini yiikseltirken, ubiquitinasyon
genellikle protein yikimini tetikler. Bu mekanizmalar, hiicrenin kisa ve
uzun vadede nasil tepki verecegini belirler (Spitz & Furlong, 2012).



22 § Erdem Burak KUCUKKARA, Elif Zeynep DEMIR, Kazim Yalgin ARGA

' Yogun
<. 00 A * %
Seyrek
Metilasyon
Asetilasyon Fosforilasyon
Kromatin Cevresi Niikleozom Kullanimi Histon

Modifikasyonlari

Pi)mot(")r ERRanasE Sjiencer E—}g
a-nie i;{}.ﬁ_

Cis-diizenleyici T kripsi 23 g
omemiar " papransiinsivon | Enhancer Bolges

Diizenleyici
Element

“Q’/}&q_ Mediator

kompleksi

l

TATA Kutusu

Enhancer-Promotor
Etkilesimi

RNA Polimeraz Il ve

Promotor Bolgesi Yeni Sentezlenen RNA

Figiir 2. Okaryotik Hiicrelerde Transkripsiyon Regiilasyonu

2.6. insan TF Envanteri

Insan genomunda yaklasik 1600 transkripsiyon faktérii oldugu tahmin
edilmektedir. Bunlarin ¢ogu doku spesifik ifade profillerine sahiptir.
Evrimsel olarak korunmus TF’ler disinda yeni ortaya ¢ikan faktorler de
vardir. Bu envanter, kanser arastirmalar1 ve gelisimsel bozukluklarin
anlagilmasinda temel kaynaktir. Ozellikle genomik veri tabanlari ve
hesaplamali yaklasimlarla TF’lerin siniflandirilmasi ve islevlerinin
cikarimi giderek daha sistematik héile gelmektedir (Vaquerizas ve ark.,
2009).

Bazi transkripsiyon baslangig faktérleri, 6rnegin TFIID kompleksinde
yer alan TAFII150, TAFII68 ve TAFII250 gibi, genom boyunca yiiksek
oranda bulunurlar. Bu faktorlerin baglandig: promotor bolgelerinin islev-
sel analizi, gen ekspresyonunun diizenlenmesinde ¢ok 6nemli katkilar
sunmaktadir. Ayrica bu faktorlerin mutasyonlar: bazi gelisimsel bozuk-
luklara ve kanser tiirlerine bagli olabilir (Carlberg & Molnar, 2016).
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2.7. Hastalik Mekanizmalarinda Roli

Mutant transkripsiyon faktorleri bir¢ok hastaligin altinda yatar.
Ornegin kanserde EWS-FLII fiizyonu, mutant p53 ve MYC asir1 ekspre-
syonu gibi olaylar onkogenezde rol oynar. Norolojik hastaliklarda FoxP2
geni dil gelisim bozukluklarinda anahtar rol oynarken, REST disfonksi-
yonu norodejeneratif hastaliklara yol agar. Kalitsal hastaliklarda ise
ZFHX3 mutasyonlari aritmi gibi kalp ritim bozukluklarinda goriilmek-
tedir. Bu bulgular, TF lerin patojenezdeki merkezi roliinii vurgulamakta
ve tedavi stratejilerinin gelistirilmesi i¢in potansiyel hedefler sunmak-
tadir (Spitz & Furlong, 2012).

Boeva, V. (2016) tarafindan yapilan ¢alismada, ChIP-seq verileri tize-
rinden TF baglama bolgelerinin islevsel dogrulanmasinin nasil yapildig:
detayl: olarak agiklanmigtir. Bu yontemler, 6zellikle enhancer hijacking
gibi onkogenik siireglerin aydinlatilmasinda biiyiik rol oynamistir (Boe-
va, 2016).

3. Gen Regiilator Aglar:
3.1. GRN’lerin Temel Unsurlar1

GRN’ler dort ana bilesenlerden olusur: cis-regiilatuar elementler, tran-
skripsiyon faktorleri, hedef genler ve miRNA ve IncRNA gibi post-tran-
skripsiyonel diizenleyiciler. Bu unsurlar, gen ekspresyonunun zaman-
sal ve mekansal diizenlenebilmesini saglar. Promotorler ve enhancer
bolgeleri, TF’lerin baglandig1 anahtar sitelerdir. Ayn1 zamanda non-kod-
layan RNA’lar da GRN yapisina dahildir ve gen ekspresyonunu negatif ya
da pozitif yonde diizenlerler (Davis ve ark., 2017).

Gen ifadesinin ifadesinin baslatilmasinda promotérler zorun-
lu elementlerdir. Promotorlerden uzak mesafelerde ise Enhancer
bolgeler bulunabilir ve bunlar ii¢ boyutlu kromatin yapisinin yeniden
diizenlenmesiyle gen ekspresyonunu artirabilirler (Helmsauer ve ark.,
2020). Enhancer bolgeleri, ozellikle gelisimsel siireglerde kritik 6neme
sahiptir. Bu bolgeler, TF’lerin baglanmasiyla birlikte promotorlere uzak
mesafelerden sinyal ileten cis-regiilatuar elementlerdir. Bir enhancer,
birden fazla TF ile etkilesime girerek gen ekspresyonunu hassas sekilde
ayarlayabilir. Bu nedenle enhancer organizasyonu, GRN’lerin islevsel
biitiinliigii agisindan hayati 6neme sahiptir (Spitz & Furlong, 2012).
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3.2. GRN Olusturma Yontemleri
3.2.1. Deneysel Yaklasimlar

ChIP-seq ve motif analizi ile TF baglanma bélgeleri tanimlanir.
Co-immunoprecipitation verileriyle protein-protein etkilesim haritalama
yapilir. Bu teknikler, TF-TG iligkilerini dogrudan gozlemlemek i¢in kul-
lanilir (Davis ve ark., 2017). Ayrica motif tanima ve baglama 6zgiilligi
lizerine yapilan ¢aligmalar, ytliksek ¢oziiniirliiklii verilerle motif dogrula-
masinin 6nemini gostermistir (Weirauch ve ark., 2014).

Yiiksek ¢oziiniirliklii SELEX ve in vitro segici baglanma deneyleri,
TF’lerin baglama 6zgiilligiinii tanimlamak ve motiflerin iglevsel dogru-
lanmasini saglamak amaciyla kullanilmigtir. ChIP-seq verileri ile moti-
flerin genomdaki gercek konumlari ve islevsel etkinlikleri de belirlene-
bilmektedir. Bu nedenle motif eslestirme ve skorlama islemleri, baglama
iliskilerinin dogrulanmasinda tek basina yeterli olmayabilir (Weirauch
ve ark., 2014).

3.2.2. Hesaplamali Yaklagimlar

Korelasyon ve mutual information temelli yontemler (minet, ARAC-
Ne), Bayesian aglari, Granger nedensellik yaklasimi, dinamik diferansiyel
denklemlerle modelleme ve probabilistik Boolean aglar yiiksek boyutlu
omik verilerden TF-TG iliskilerini ¢ikarabilmektedir (Marbach ve ark.,
2012). Bu yaklasimlar, ozellikle deneysel verilere ulasim sinirli oldugun-
da, TF-TG iliskilerinin ¢ikariminda degerli bir alternatif sunar. Bir Bool-
ean aginda, bir varlik iki farkli duruma ulagabilir: aktif (1) veya inaktif
(0). Bir gen, herhangi bir anda ifade edilmis veya ifade edilmemis olarak
tanimlanabilir. Her varli§in seviyesi, belirlenmis bir Boolean fonksiyonu
araciligiyla cesitli varliklarin seviyelerine gore degistirilir (Karlebach &
Shamir, 2008).

Diferansiyel denklem tabanli modeller ve bir ana denklemden
tiiretilen stokastik modeller (Thattai ve van Oudenaarden 2001), biy-
okimyasal olaylar1 ve dogrusal olmayan etkilesimleri etkili bir sekilde
tasvir eder; ancak mevcut verilerle uyumlu olmayabilirler. Bayes aglari,
Markov aglari ve faktor grafikleri de dahil olmak tizere olasiliksal grafik
modeller, diizenleyici aglarin modellenmesi i¢in saglam ¢ergeveler gorevi
goriir (Friedman 2004, Markowetz ve Spang 2007, Segal ve ark. 2005) ve
olgimlerdeki glirtltii ve belirsizligi yonetmede ustadir (Thompson ve
ark., 2015).
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ARACNe-AP ve minet gibi yontemler, gen ekspresyon verilerinden
yola ¢ikarak TF-TG iliskilerini tahmin eder. Ozellikle yiiksek korelasyo-
na sahip gen ¢iftlerinin motif analiziyle birlestirilmesi, baglama iliskile-
rinin dogrulanmasini kolaylastirir. Ayrica tek hiicre diizeyinde verilerin
kullanilmasiyla, heterojen hiicre popiilasyonlarindaki TF-TG iliskileri
daha hassas sekilde ¢ikarilabilir hale gelmistir (Marbach ve ark., 2012).
Margolin ve arkadaslarinin (2006) gelistirdigi ARACNe yontemi, genom
capinda TF-TG iliskilerinin ¢ikarilmasinda kullanilan giiglii bir aragtir.
Mutual information temelli yaklagimlar, dolayli TF-TG etkilesimlerini
de modelleyebilir ve boylece ag ¢ikariminda daha gergekei sonuglar elde
edilebilir.

Thompson, W.A. & Levine, M. tarafindan yapilan ¢aligma, kantitat-
if cis-regiilatuar modellerin , 6zellikle Drosophila’daki gen ekspresyonu
dinamiklerinin modellenmesinde nasil kullanildigini agiklamaktadir.
Bu modeller, enhancer bolgelerinin islevsel katkisini ve zaman igindeki
degisimi anlamada 6nemli bir adim olmustur (Karlebach & Shamir, R.
(2008).. Zamansal transkripsiyon faktorii aktiviteleri, dinamik Bayesian
aglar1 araciligiyla mikrodizi zaman serisi verilerinden ¢ikarilir. Uzman
bir sezgisel yontem, yeni diizenleyicileri ve diizenleyici baglantilar: belir-
lemeyi amaglar (Karlebach & Shamir, 2008).

3.2.3. Cok-Omik Veri Entegrasyonu

Eslestirilmis tek hiicreli ¢oklu omik verileri kullanan son teknoloji
gen diizenleyici ag ¢ikarim yaklagimlarinin olusturulmasi, dizileme te-
knolojisindeki son gelismelerden kaynaklanmistir. Bu yontemler, daha
kapsamli ve dogru gen diizenleme aglar1 olusturmak i¢in ¢esitli matem-
atiksel ve istatistiksel teknikler kullanir (Kim ve ark., 2023). Transkripto-
mik, epigenomik ve proteomik verileri birlestirilerek GRN’ler daha has-
sas sekilde ¢ikarilabilir. Metilasyon profilleri ve single-cell verileri hiicre
i¢i heterojenligin modellenmesine olanak tanir (Davis ve ark., 2017). Bu
entegrasyon, TF’lerin baglanma bolgelerinin islevsel olarak aktif olup ol-
madigin1 da belirlemeye yardimci olur. Ornegin, bir enhancer bslgesinin
acitk (aktivasyon markirlar1 tasiyan) ya da kapali (represyon isaretleri
tastyan) olmasi, TF’lerin oradaki baglanma kapasitesini dogrudan etkiler
(Spitz & Furlong, 2012).

Metilasyon profilleri genellikle CpG zengin bolgelerde yogunlagmaigtir.
Bu bolgelerin hipometile olmasi, gen ekspresyonunu baglatan TF’lerin
baglanma bolgelerini de etkileyebilir. Bu nedenle epigenomik verilerin
GRN ¢ikarimina entegre edilmesi, regiilasyonun dinamik yoniinii daha
net yansitmaktadir (Spitz & Furlong, 2012). He & Hannon (2004) tarafin-
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dan onerilen Bayes tabanli yaklasimlar, mikrodizi verilerinden yola ¢i1-
karak GRN ¢ikariminda olduk¢a basarili olmustur. Bu yontemler, 6zel-
likle diisiik boyutlu veri setlerinde bile giiglii tahminler sunmustur.

3.3. Araglar ve Kaynaklar

GRN analizinde kullanilan araglar ve kaynaklar biyiik olgiide
gelismistir. TRANSFAC, JASPAR, ENCODE, PlantPAN3.0, AGRIS ve
iRegulon gibi veritabanlar1 genis ¢apli TF baglanma motifleri ve hedef
gen verilerini barindirir. Gene Ontology (GO), KEGG, MSigDB ve Bio-
Carta gibi kaynaklar ise fonksiyonel zenginlestirme analizlerinde kul-
lanilir. Peak anotasyon araglari arasinda ChIPpeakAnno, LOLA, GREAT
ve PAVIS yer alirken, ag ¢ikarimi icin ARACNe-AP, minet, Inferelator,
VULCAN ve TF2Network yaygin olarak tercih edilir. Cytoscape ve Gephi
gibi yazilimlar ise olusturulan aglarin gorsellestirilmesi agisindan 6nem-
lidir (Davis ve ark., 2017).

TRANSFAC ve JASPAR, TF baglama motiflerinin dogrulanmasinda
yaygin olarak kullanilan veri tabanlaridir. Bu kaynaklara entegre edilen
motif verileri, motif tanima ve motif eslestirme islemlerinde dogrudan
kullanilmaktadir. Cytoscape, aglarin gorsellestirilmesi yaninda alt-
aglarin analizi ve modiilsel yapilarin ¢ikarimi i¢in de giiclii bir platform
saglar (Davis ve ark, 2017). Chan ve ark., 2018 ¢aligmasinda, circHIPK3
ve CDR1as gibi circular RNA'larin ceRNA (competing endogenous RNA)
olarak davranarak TF-TG iliskilerini modiile ettigini gostermislerdir. Bu
siireg, ozellikle kanser gelisiminde gen ekspresyonunu yeniden sekillen-
diren 6nemli bir mekanizmadir.

Tek hiicreli RNA dizilimi i¢in optimize edilmis istatistiksel teknikler
ve biyoenformatik araglar, yeni biyolojik bilgiler saglamistir; ancak kararl
hiicre durumlarinin altinda yatan farkli ve giiglii gen diizenleyici aglarin
tanimlanip tanimlanamayacag belirsizligini korumaktadir. Bu zor ola-
bilir ¢iinkii tek hiicre diizeyinde, gen ifadesi, transkripsiyonel patlama-
lardan ve diger faktorlerden kaynaklanan stokastik varyasyon nedeniyle
transkripsiyon faktorii girdilerinin dinamiklerinden kismen ayrismis
olabilir (Aibar ve ark., 2017)

3.4. Zorluklar ve Sinirliliklar

GRN ¢ikarimi ve analizi bazi 6nemli zorluklar igerir. Hiicre/doku
ozgulligi ve dinamizm, farkli kosullarda degisen regiilasyon me-
kanizmalar1 agisindan biiyiik bir sinirliliktir. TF-TG iliskilerinde bagla-
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ma ozgulligiiniin eksikligi, yanlis pozitif veya negatif tahminlerin yapil-
masina neden olabilir. Tekrarlayan DNA elemanlarinin bazen TF siingesi
gibi davranmasi da analizlerde giiriiltiiye yol agabilir. Ayrica cevresel fak-
torlerin (6rnegin oksijen seviyesi) TF aktivitesine olan etkisi, sabit sart-
larda yapilan ¢alismalarda ihmal edilebilir bir durum degildir (Davis ve
ark., 2017).

TF-TG iliskilerinde baglama o6zgulliigiiniin diisiik olmasi, 6zellikle
hesaplamali yaklagimlarin sinirliliklarindan biridir. Bu nedenle motif
eslestirme ve motif skorlamasi gibi islemler, baglama iliskisini dogrula-
mak i¢in yalniz basina yeterli olmayabilir. Ek olarak, bir TF’nin baglandig1
tim bolgelerin ayni anda aktif olmasi beklenemez; bazi bolgeler islevsel
olmayabilir ya da gegici olarak inaktif halde olabilir (Weirauch ve ark.,
2014).

3.5. Evrimsel Perspektif

Ortoloji tabanli GRN g¢ikarimi, TF baglama motiflerinin evrimini ve
regiilator aglarin korunmuslugunu incelemek igin kullanilir. Ozellikle
insan ve model organizmalar arasindaki karsilastirmalar, evrimsel yeni-
liklerin anlagilmasina yardimei olur. Bazi TF-TG iliskileri cok uzak tiirler
arasinda bile yiiksek derecede korunurken, bazilar1 tamamen yeni ortaya
¢ikan diizenleyici sistemlerdir (Davis ve ark., 2017).

Model organizmalar tizerinden yapilan evrimsel karsilastirmalar, bir
TF’nin baglama bolgesindeki degisimin ne kadar iglevsel etkiler yarat-
tigin1 gosterir. Ornegin, bazi motiflerin baglanma kapasitesindeki kiiciik
degisiklikler, genin ifade edilme zamanini ya da baglanma giiciini
onemli 6l¢tide etkileyebilir. Bu nedenle motiflerin evrimsel olarak korun-
muslugu, regiilasyonun evrimsel siirekliligi hakkinda bilgi saglar (Spitz
& Furlong, 2012).

Alvarez-Buylla ve arkadaslarinin (2007) ¢alismasinda, bitki sistem-
lerinde GRN’lerin islevsel organizasyonu ve evrimsel dinamikleri detayl
olarak incelenmistir. Bitki meristem gelisimi ve WUS/CLV ag1 gibi
ornekler, cis-regiilatuar kontrollerin nasil isledigini ve TF-TG iliskileri-
nin evrimsel olarak nasil degisebilecegini gostermistir.

Thompson & Levine’nin kantitatif modelleri, Drosophila’da enhancer
organizasyonunun islevsel analizini ve cis-regiilatuar kontroliin din-
amiklerini anlamada kritik bir rol oynamistir. Bu modeller, GRN’ler-
in islevsel ve evrimsel dinamiklerini analiz etmede yeni yaklasimlar
sunmustur (Karlebach & Shamir, 2008). Drosophila melanogaster em-
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briyonik gelisiminde dorsal-ventral eksen patterning’i, GRN’in evrimsel
olarak ne kadar korunmus olduguna dair gii¢lii bir 6rnektir. Maternal
sinyallerin etkisiyle ortaya ¢ikan Dorsal gradyani, Twi, Sna ve Dpp gibi
TF’lerin iglevsel dizenlenmesini saglar. Bu siireg, Notch, Wnt ve EGF sin-
yal yollariyla da baglantilidir (Levine & Tijan, 2003).

4. Uygulamalar
4.1. insan Hastaliklarinda

Gen regiilator aglar1 ve transkripsiyon faktorleri, bircok hastaligin al-
tinda yatan molekiiler mekanizmalari anlamada 6nemli roller iistlenir.
Kanser arastirmalarinda onkogenik TF fiizyonlar1 ve genetik risklerin
analizinde GRN’ler siklikla kullanilir. Norolojik hastaliklarda FoxP2 geni
gibi TF’ler dil bozukluklarinda anahtar rol oynarken, REST disfonksiy-
onu nérodejeneratif hastaliklara yol agar. ilag gelistirme siirecinde de TF-
TG aglarindan yola ¢ikarak hedef genlerin 6nceliklendirilmesi miimkiin
olmaktadir (Spitz & Furlong, 2012).

Kanser terapisi baglaminda transkripsiyon faktorleri dogrudan
hedef olarak degerlendirilebilir. STAT3 ve NF-«xB gibi sinyal iletimine
duyarli TF’ler, 6zellikle hematolojik malignitelerde ve solid tiiméorlerde
anormal sekilde aktif bulunmustur. Bu faktorlerin inhibitorleri preklinik
calismalarda umut verici sonuglar gostermistir. Ancak TF’lerin dogru-
dan ilaglanmasinin zorlugu, bunlarin diizenlenmesi i¢in dolayl: stratejil-
erin gelistirilmesini gerekli kilmaktadir (Darnell, 2002).

4.2. Bitki Biliminde

Bitkilerde stres yanitlari, gelisimsel siirecler ve tarimsal iyilestirme
calismalarinda GRN’ler ve TF’ler 6nemli uygulama alanlari sunar.
Kuraklik, tuzluluk ve diger gevresel streslere yanit veren TF’ler, bitkilerin
diren¢ mekanizmalarinin anlagilmasi agisindan degerlidir. Kok gelisimi,
cigeklenme ve diger gelisimsel siireglerde GRN dinamiklerinin incelen-
mesi, bitki biyolojisinde yeni kesiflere yol agmistir. Tarim sektoriinde TF
mithendisligi ile verim artis1 ve gevresel direncin artirilmasi hedeflenme-
ktedir (Davis ve ark., 2017).

TF’lerin stres yanitlarindaki rolleri, 6zellikle kuraklik ve tuz toler-
ansi gibi ozelliklerin artirilmasinda degerlendirilmistir. WRKY ve bZIP
ailesi TF’ler, stres kosullarinda aktive olan genleri diizenlerler. Bu TF’le-
rin islevsel karakterizasyonu, transgenik bitki iiretiminde dogrudan
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kullanilmaktadir (Davis ve ark., 2017). Alvarez-Buylla ve arkadaslari
(2007) tarafindan yapilan ¢alismada, bitki meristem gelisiminde WUS/
CLV dizenleyici ag1 ve GRN’lerin islevsel organizasyonu ayrintili
olarak a¢iklanmistir. Bu calisma, TF’lerin islevsel katkisinin evrimsel
olarak nasil degistigini ve bitki sistemlerinde GRN ¢ikariminda hangi
yaklagimlarin kullanildigini gostermektedir.

4.3. Tlag Gelistirmede

Temel arastirma hedefleri ve rejeneratif tip i¢in hiicresel kimligi
yeniden yapilandirmak amaciyla, gen ifadesini segici olarak artirma kap-
asitesi etkili bir yontem sunmaktadir. Son bulgular, yapay indiiksiyon
i¢in birden fazla faktore ihtiyag duyulmasina ragmen, bireysel transkrip-
siyon faktorleri olan nérogenin 2 (NGN2 veya NEUROG?2) ve nérojenik
farklilagma faktorii 1'in (NEURODI) ekzojen aktivitesinin, insan iPSC’le-
rinin indiiklenmis néronlara (iN6ronlar) farklilagmasini kolaylastirmak
i¢in yeterli oldugunu gostermektedir (Chavez ve ark., 2019).

STATS3 geleneksel olarak “ilacla tedavi edilemez” olarak kabul edilm-
istir. STAT3 inhibitorlerinde ileri teknolojilerin ve yenilikgi tedavi yak-
lasimlarinin devam eden ilerlemesi, “ilagla tedavi edilebilir” bir statiiye
dogru ilerlemektedir. $u anda etkili bir tedavi yontemi bulunmamaktadir
(Hu & Liu, 2024). IL-6, otokrin/parakrin bir sekilde endokrin etkiler or-
taya ¢ikarmak i¢in proinflamatuar veya bagisiklik hiicreleriyle etkilesime
girebilir ve hiicre ¢ogalmasi, invazyon, hafifletme, hayatta kalma ve
metastaz dahil olmak {izere dogal pro-tiimorojenik etkiler gosterebilir.
Ayrica, STAT3’lin aktivasyonu yoluyla mikro ¢evreyi ve kanserle iligki-
li inflamasyonu etkilemek igin stromal hiicreleri modiile ederek dissal
pro-tiimoérojenik etkiler gosterir (Hu & Liu, 2024).

NF-kB sinyallemesinin daha derin ve kapsamli bir sekilde anlasilmasi,
bu yolu gen manipiilasyonu, hiicresel davranis modiilasyonu ve terapd-
tik miiddahale i¢in kullanma konusundaki giivencemizi artirir (Guo et al.,
2024). Bu nedenle, gesitli B hiicresi malignitelerinde NF-kBonin terapotik
olarak hedeflenmesi i¢in 6nemli gerekgeler vardir. Bruton tirozin kinazi
(BTK), BCR sinyallemesinin ardindan NF-«xB aktivasyonu ve B hiicresi
sagkalimi i¢in kritik 6neme sahiptir ve bu da onu gesitli hematolojik ma-
lignitelerde terapétik stratejiler icin bir hedef haline getirir (Verzella ve
ark., 2022).
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5. Gelecek Nesil Yaklagimlar

Yeni nesil teknolojiler ve analiz yontemleri, GRN ve TF arastirmalarin-
da biiyiik ilerlemeler saglamaktadir. Single-cell diizeyinde GRN ¢ikarimyi,
hiicre i¢i heterojenlige dayali daha hassas modellerin olusturulmasini
saglar. Dinamik zaman serisi modelleri sayesinde gen ekspresyonundaki
degisimler takip edilebilir hale gelmistir. Yapay zeka destekli motif tanima
ve TF-TG tahmini, hesaplamali biyolojinin 6n saflarinda yer almaktadir.
Ayrica agik erisilebilir ve kullanici dostu yazilimlarin gelistirilmesi, bu
alanin daha genis kitlelerce kullanilabilir olmasin1 saglamaktadir (Mar-
bach ve ark., 2012). Mesela He, F. ve arkadaslar1 tarafindan gelistirilen
Bayesian tabanli yontemler, mikrodizi verilerinden TF-TG iliskilerinin
¢ikarilmasinda oldukga bagarili olmustur. Bu yontemler, 6zellikle diigitk
boyutlu veri setlerinde bile gii¢lii tahminler sunmustur (He & Hannon,
2004).

Single-cell RNA-seq verileri, her bir hiicrenin benzersiz transkrip-
siyonel profilini tanimlamakta ve TF-TG iligkilerinin hiicre tipine 6zel
analizlerini olanakli kilmaktadir. Bu verilerle yapilan hesaplamali yak-
lasimlar, daha 6nce karisik hiicre popiilasyonlariyla yapilan caligmalar-
dan daha isabetli sonuglar vermekte ve hiicresel heterojenligin etkisini
minimize etmektedir (Marbach ve ark., 2012).

Dinamik sistem modelleri, 6zellikle sistem biyolojisi alaninda yeni
yaklasimlar sunmakla kalmaz, ozellikle tek molekiil diizeyindeki ver-
ilerle birlikte, gen ekspresyonunun zamansal diizenlenmesi agisindan
hayati 6neme sahiptirler. Deterministik ve stokastik diferansiyel den-
klemlerle modellenen GRN’ler, gen ekspresyonundaki degisimleri takip
edebilir hale gelmistir. rfFBA ve STOCKS gibi yazilimlar, bu modellerin
¢ikariminda 6nemli rol oynamaktadir (Thompson ve ark., 2015).

6. Sonug ve Oneriler

Ozetle, transkripsiyon baglangic faktorleri ve Mediator komplek-
si, GRN’de dogrudan diizenleyici fonksiyonlara sahiptir. Bu faktorler-
in genomdaki baglanma bolgeleri ve islevsel katkisi, 6zellikle gelisimsel
siiregler ve kanser arastirmalarinda degerlendirilmelidir. Dolayisiyla bu
tiir TF lerin islevsel karakterizasyonu, hastalik mekanizmalarinin ve ilag
hedeflerinin ¢ikariminda hayati 6nem tasimaktadir (Carlberg & Molnar,
2016).

Gen regiilator aglar: ve transkripsiyon faktorleri, sistemsal biyoloji ve
kisisellestirilmis tip alaninda biiyiik potansiyele sahiptir. Ancak bu al-
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anin daha da gelisebilmesi i¢in biiyiik veri kaynaklarinin standartlastiril-
mas1, hesaplamali stratejilerin iyilestirilmesi ve agik erisilebilir veri plat-
formlarinin gelistirilmesi gerekmektedir. Gelecekte yapilacak ¢alismalar
ozellikle tek hiicre diizeyinde dinamik aglarin modellenmesi, yapay zeka
destekli motif analizleri ve cevresel faktorlerin etkilerinin dahil edilmesi
yoniinde yogunlagmalidir (Davis ve ark., 2017).
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1. Introduction

0.1 Emergence of Personalized Medicine in Modern Biomedical Sci-
ence

Personalized medicine (PM) is a method which focuses on compre-
hending the differences between patients with the same condition and
represents a departure from the “one size fits all” model. According
to this concept, relevant therapies should be chosen for specific patient
groups. PM enables the prediction of whether a certain therapy will be
helpful for a specific patient (Stefanicka-Wojtas & Kurpas, 2023). The re-
cent development of high-throughput sequencing technology and com-
putational biology has triggered a paradigm change from comprehensive
treatment methods to personalized medicine. Personalized therapy is
designed to personalize medical options, practices, and therapies to each
patient’s particular characteristics, such as their genetic profile, transcrip-
tome data, proteomic patterns, and environmental exposures. This tran-
sition is particularly important in diseases with various etiologies, such as
cancer, autoimmune disorders, and neurodegenerative diseases.

0.2 The Limitations of Conventional Drug Development Processes

Conventional drug development is recognized as time-consuming, ex-
pensive, and inefficient. A single new treatment takes an average of 10 to
15 years and more than $2.5 billion to create, and the success rate from
clinical trial to market approval is believed to be less than 12% (DiMasi,
Grabowski, & Hansen, 2016).

Target selection, lead compound screening, preclinical testing, and
staged clinical trials make up this conventional pipeline, which is ex-
tremely linear and unsuitable to the complexity of human diseases. Fur-
thermore, it typically applies to a “one-drug-fits-all” strategy that ignores
genetic background, disease heterogeneity, and individual differences in
drug metabolism (Collins & Varmus, 2015).

As a result, several drugs demonstrate less than ideal effectiveness or
cause negative side effects in particular patient subgroups. These draw-
backs show how urgently additional integrative approaches like networks
of drug-target interactions and systems pharmacology are needed to
maximize therapeutic development and promote customized therapy.
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0.3 Overview of Drug-target Interaction Networks as tools for Per-
sonalized Therapy

Drug-target interaction (DTI) networks are a system-level framework
for modeling the complex interactions between chemical substances and
biological targets such proteins, enzymes, and nucleic acids. DTI net-
works may expose known and potential connections through the com-
bination of various types of biological information, such as proteomics,
cheminformatics, and genomes. All of this can assist identify drug resis-
tance mechanisms, off-target effects, and prospects for drug repurposing
(Yamanishi et al., 2008). These networks are especially useful for indi-
vidualized therapy, where more precise drugs selection is required due to
individual differences in genetic and molecular profiles. Individualized
treatments may be developed by categorizing patients according to their
predicted drugs response using network-based approaches (Barabasi,
Gulbahce, & Loscalzo, 2011). Furthermore, machine learning and deep
learning algorithms have improved the prediction capacity of DTI mod-
els, allowing for more rapid identifying of novel interactions that conven-
tional methods may ignore. As a result, DTI networks are a useful com-
putational technique for advancing precision medicine while reducing the
trial-and-error aspect of conventional medication.

2. Drug-Target Interaction (DTI) Networks: Conceptual Back-
ground

2.1. Definitions and Key Concepts
1.0.1. Target-based Therapy Strategies

In target-based therapy, drugs are designed or selected to target spe-
cific molecular targets related to a disease. This method gained popular-
ity as molecular biology and genomics advanced, making it possible to
identify genes and proteins associated with disease. Researchers intend
to enhance treatment accuracy and minimize off-target effects by con-
centrating on well-defined targets (Imming, Sinning, & Meyer, 2006). In
immunology and oncology, monoclonal antibodies and tyrosine kinase
inhibitors are well-known instances of effective target-based treatments.
However, this approach has drawbacks as well, such as the simplifying
of intricate disease networks, particularly in multiple disorders, and the
establishment of resistance mutations.
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1.0.2 Polypharmacology and Multi-target Drugs

Polypharmacology is a concept that a molecule is designed to attach
to two or more targets at the same time, resulting in a greater therapeutic
impact than binding to a single target. It has many advantages compared
to the conventional single-targeting molecules. A multi-targeting medi-
cine is substantially more efficacious because of its cumulative efficacy at
all its individual targets, making it much more effective in complex and
multifactorial diseases such as cancer, where several proteins and path-
ways have been associated in disease origin and progression. To be poly-
pharmacologic, a molecule must have promiscuity, which is the capacity
to interact with numerous targets while avoiding binding to antitargets,
which would result in off-target undesirable effects (Kabir & Muth, 2022).

_ -
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(a) Target-based therapy (b) Polypharmacology

One drug — one target One drug — multiple targets —
network moduation

Figure 1: Target-based Therapy vs Polypharmacology

2.2. Network-Based Approaches
1.1.1Biological networks

Biological networks are computational models depicting the interac-
tions among many biomolecules, including genes, proteins, and metabo-
lites, that guide cellular activities. By offering a systems-level perspective
on biology, these networks help scientists comprehend the intricate rela-
tionships that underline processes that are both physiological and patho-
logical. By encapsulating the dynamic and related character of molecu-
lar biology, biological networks contribute to recognizing of important
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regulatory nodes, disease modules, and new therapeutic targets in the
context of drug development as well as personalized therapy (Barabasi &
Oltvai, 2004). Signaling pathways and protein-protein interaction (PPI)
networks are two important parts of biological networks associated with
drug-target interactions.

1.1.1.1 Protein-protein interactions (PPI)

Protein-protein interactions (PPIs) are the functional and physical
connections between proteins that are necessary for nearly every biolog-
ical activity, such as metabolism, gene expression, and transmission of
signals. PPIs are particularly important in drug development because dis-
rupting or stabilizing specific interactions can affect disease phenotypes.
The MDM2-p53 interaction in cancer biology is among the best-charac-
terized cases demonstrating the therapeutic potential of modulating pro-
tein—protein interactions. By directly attaching to the tumor suppressor
p53’s N-terminal transactivation domain, MDM2 (Murine Double Min-
ute 2) serves as a crucial negative regulator of the tumor suppressor under
normal physiological conditions. Under unstressed situation, this associ-
ation maintains p53 at low levels by promoting its ubiquitination and pro-
teasomal degradation in addition to inhibiting its transcriptional activity.
However, MDM2 is overexpressed in many cancers, especially those that
maintain wild-type TP53. This causes pathological inactivation of p53,
which permits uncontrolled cell survival and proliferation. Targeting the
MDM2-p53 connection provides a key point of intervention for restor-
ing the p53 function. Nutlins are a type of small-molecule inhibitors that
competitively bind to the p53-binding pocket of MDM2 and mimic im-
portant p53 residues, as discovered in an important study by Vassilev et
al. (2004). By disrupting the PPI interface, these compounds stabilize and
activate p53 in vivo, which causes its target genes involved in cell cycle ar-
rest and apoptosis (e.g. BAX, PUMA) to be transcriptionally upregulated.
Targeting intracellular PPIs that had been believed to be “undruggable” is
now clinically feasible thanks to the pharmacological reactivation of p53,
which caused tumor regression in xenograft mice without causing signif-
icant toxicity to normal tissues (Vassilev et al., 2004).
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(a) Physiological regulation (b) Pathological cancer (c) Pharmacological intervention

condition with Nutlins

B %

Qo

nactive

@
(@] I Cancer cells
/ l
Uncontrolled

p53
Q
lo J Cell cycle
NEQ arrest and
(subpm;ssgd apoptosis
cell proliferation . py MpMm2)
Ubiquitin l
chain

Activation of —* .

BAX and PUMA Apoptotic
genes tumor cells
=== Blocked transcription

Figure 2: Regulation of the MDM2-p53 interaction in physiological,
pathological, and pharmacological conditions. (a) Physiological regulation.
Under normal conditions, MDM?2 binds to the N-terminal transactivation domain
of p53 and promotes its poly-ubiquitination (vellow). Poly-ubiquitinated p53
has been identified and translocated into the proteasome (gray barrel-shaped
complex) for proteolytic breakdown into tiny peptides. This process prevents
the unnecessary activation of stress-response genes by maintaining low nuclear
p353 levels. (b) Pathological cancer condition. /n numerous cancers, MDM? is
overexpressed and significantly inhibits p53 function. Consequently, p53 remains
inactive and does not initiate the transcription of pro-apoptotic genes like BAX
and PUMA, resulting in inhibited apoptosis and unregulated cell growth. (c)
Pharmacological intervention with Nutlins. Nutlins competitively bind the
p33-binding pocket of MDM?2 (yellow domain), displacing p53 and inhibiting its
ubiquitination. Stabilized p53 accumulates and induces the transcription of BAX
and PUMA, facilitating cell cycle arrest and apoptosis in cancerous cells.

In systems pharmacology, PPI networks are formed by representing
proteins as nodes and their interactions as edges, resulting in complex
interaction maps. These networks enable the discovery of “hub” pro-
teins—nodes with high levels of connectivity—which are frequently used
as master regulators in biological systems. Hubs are usually required for
cell survival and are connected to disease characteristics, making them
appealing, if difficult, therapeutic targets (Jeong, Mason, & Barabasi,
2001). Furthermore, PPI networks can identify “bottlenecks” and mod-
ular structures, such as protein complexes and pathways, to aid in the
rational design of targeted therapeutics.
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Integrating PPI data into drug-target interaction (DTI) networks im-
proves the prediction capacity of computational models. Researchers
can identify polypharmacological profiles, prioritize drug repositioning
prospects, and detect indirect or secondary medication effects using algo-
rithms such as random walk with restart (RWR), neighbourhood scoring,
or network diffusion (Chen et al., 2016). Public databases like STRING,
BioGRID, IntAct, and DIP offer high-confidence, curated PPI datasets al-
lowing for the creation of physiologically relevant interaction landscapes
(Szklarczyk et al., 2021). Such network-informed techniques have proven
critical for understanding the systems-level impact of therapeutic inter-
ventions and customizing therapies to patients’ particular biological cir-
cumstances.

PPIs have a considerable structural and functional variety, and their
classification provides important details about their biological activities
and druggability. PPIs can occur between identical or non-identical pro-
tein subunits, resulting in homo- or hetero-oligomeric complexes. Ho-
mo-oligomers can associate isologously—using identical contact surfaces
with rotational symmetry—or heterologously, utilizing distinct interfaces
that can promote unlimited polymerization unless restricted (Nooren &
Thornton, 2003).

Additionally, PPIs are classified as obligatory or non-obligatory. In-
dividual subunits of obligatory complexes are not stable in isolation and
must fold or operate properly within the complex, such as the Arc re-
pressor dimer, which is required for DNA binding. On the other hand,
non-obligate interactions involve independently stable proteins that bind
together quickly as seen in many signaling complexes, receptor-ligand in-
teractions, and enzyme-inhibitor pairs. The duration of the interaction is
another important aspect of classification.

While transient PPIs actively link and disassociate in response to envi-
ronmental signals or chemical triggers, permanent PPIs form persistent,
frequently physically obligatory assemblies. Weak, reversible linkages
and more durable relationships that rely on nucleotide or post-transla-
tional modifications are examples of transient interactions. Importantly,
these categories are not absolute; many PPIs exist on a continuum, and
their characteristics may change depending on cellular circumstances or
context. Accordingly, structural information, folding behavior, subcellu-
lar localization, and physiological significance are frequently considered
for appropriate categorization (Nooren & Thornton, 2003). In drug devel-
opment, it is essential to comprehend the variety of interaction types, es-
pecially when creating compounds that aim to stabilize or disrupt certain
protein assemblies in disease-related pathways.
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Figure 3: Classification of Protein—Protein Interactions (PPIs).

2.2.1.2. Signaling pathways

Signaling pathways are hierarchical networks of molecular interac-
tions that coordinate cellular responses to both external and internal
stimuli. These cascades are critical for maintaining cellular homeostasis
and coordinating complicated biological activities such as differentia-
tion, proliferation, apoptosis, and immune response. Numerous diseases,
including cancer, autoimmune problems, and metabolic disorders, are
characterized by dysregulation of signaling pathways, which can occur
through mutations, overexpression, or post-translational changes. As a
result, pathway components such as kinases, phosphatases, and transcrip-
tion factors are among the most targeted compounds in current drug re-
search (Hanahan & Weinberg, 2011).

Personalized medicine can identify druggable vulnerabilities and al-
tered circuit architecture by incorporating patient-specific information,
such as gene expression profiles, mutational landscapes and phosphopro-
teomics, into signaling network models. Computational techniques such
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as Pathifier and SPIA (Signaling Pathway Impact Analysis) measure the
extent of pathway perturbation in individual samples (Calzone et al.,
2010). Drug-target interaction networks that include signaling pathway
data provide a mechanistic basis for understanding drug activity beyond
the key target. By mapping pharmacological effects onto signaling net-
works, researchers can assess downstream functional results, forecast side
effects, and discover new indications for current medications. This inte-
grated approach bridges the gap between molecular pharmacology and
clinical practice, allowing for more accurate and effective medicines.

1.1.2. Key Network Terms: nodes, edges, centrality

Understanding the underlying components of biological networks is
critical for comprehending drug-target interaction (DTI) networks and
associated pharmacological models. These networks are represented
mathematically as graphs G (V, E), where V is the collection of nodes
(vertices) and E is the set of edges (links) that define their connections.

Nodes in biological contexts frequently represent molecular enti-
ties including proteins, genes, drugs, and metabolites. Edges represent
the interactions or relationships between these components, which might
include binding events, transcriptional regulation, enzymatic inhibition,
or co-expression. Edges can be undirected physical protein-protein inter-
actions) or directed (signaling pathways, where information flows from
receptor to effector).

Severalgraph-based centralitymetricsare commonlyemployedto quan-
tifythefunctionalrelevanceofindividualnodeswithinabiological network:

Degree centrality measures the number of direct connections a node
has. High-degree nodes, also known as hubs, are frequently asso-
ciated with important proteins engaged in biological processes.

Betweenness centrality indicates how frequently a node is on the shortest
path between other node pairs. High betweenness suggests that a node
serves as an information bottleneck, making it an important control point
in signaling or metabolic pathways.

Closeness centrality represents a node’s average distance from all oth-
er nodes in the network, providing information on how quickly a node
may disseminate signals or respond to perturbations.
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1.1.3. Systems Biology and Network Pharmacology

Systems biology is an interdisciplinary study that studies the emer-
gent features of biological systems by combining molecular components
into a coherent framework of interactions. Unlike reductionist methods,
which focus on individual molecules in isolation, systems biology stresses
the dynamic and nonlinear interactions that underlie complex biologi-
cal functions. This is accomplished by combining high-throughput om-
ics data (transcriptomics, proteomics, and metabolomics) with computer
modeling and mathematical simulation (Kitano, 2002).

Network pharmacology expands on this framework by bringing a
systems-level approach to drug discovery. Traditional pharmacological
models frequently assume a “one drug-one target-one disease” connec-
tion. However, accumulating evidence suggests that most drugs interact
with multiple targets, and that diseases, particularly chronic or complex
ones including cancer, neurodegeneration, and autoimmune disorders,
result from perturbations in interconnected molecular networks rather
than single molecular defects (Hopkins, 2007).

Network pharmacology is interested in organizing medicines, targets,
and disease-associated molecules into a cohesive network to better un-
derstand how therapeutic interventions influence biological systems. This
integrative technique offers several significant applications:

Off-target effects and unfavorable medication responses can be
predicted using the network’s topology.

Designing combination medicines involves discovering synergis-
tic targets in convergent or parallel pathways.

Drug repurposing is based on common molecular substructures
or pathway involvement in several illnesses.

Individual-specific genetic profiles are mapped into established
biological networks to divide patients and generate personalized thera-
pies.

Systems biology and network pharmacology demonstrate an advance
toward mechanism-based, data-driven therapeutic design, moving away
from symptomatic therapy and toward therapies that target the under-
lying cause of disease. These fields provide the conceptual and method-
ological foundation for personalized medicine by combining biological
complexity with computational understanding.
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2. Construction of Drug-Target Interaction Networks

The construction of drug-target interaction (DTI) networks is a criti-
cal step in systems pharmacology, allowing researchers to map, evaluate,
and forecast the intricate interactions between medicinal drugs and their
biological targets. These networks are constructed on curated biological
data, omics integration, and computational prediction models, and serve
as the foundation for target discovery, medication repurposing, and cus-
tomized therapeutic techniques.

3.1. Data Sources
2.0.1 Databases: DrugBank, ChEMBL, STITCH, BindingDB

High-quality, well-curated datasets are critical for establishing strong
DTI networks. DrugBank is one of the most comprehensive sites, includ-
ing complete chemical, pharmacological, and molecular data on allowed
and investigational medications, as well as their known protein targets
(Wishart et al., 2018). ChEMBL provides additional bioactivity data, such
as ICso and ECs, values, derived from literature and high-throughput
screening experiments (Gaulton et al., 2017). STITCH combines a wide
range of chemical-protein connections by integrating experimental evi-
dence with text mining and route data to provide both direct and indirect
interaction information (Szklarczyk et al., 2016). Meanwhile, BindingDB
focuses on empirically observed binding affinities, making it ideal for
quantitative modeling of interaction strength (Gilson et al., 2016). These
databases serve as the foundation for algorithms with supervised learning
and facilitate validation in computational prediction pipelines.

2.0.2 Integration of Omics Data: Genomics, Transcriptom-
ics, Proteomics

While static interaction data is necessary for scaffolding DTI net-
works, integrating omics data provides biological context and patient
distinctiveness. Genomics can assist in finding mutations and polymor-
phisms that affect target structure or treatment responsiveness, especially
in cancer and not common disorders. Transcriptomic data acquired from
RNA-seq or microarrays show gene expression patterns across tissues or
disease states, providing information about condition-specific treatment
responsiveness. Proteomic profiles provide further resolution by iden-
tifying protein abundance, changes, and interaction dynamics. These
multi-omics layers are critical for changing typical networks into con-
text-aware and customized DTI models, which will help with precision
medicine efforts (Hasin, Seldin, & Lusis, 2017).
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3.2. Computational Prediction Methods
2.1.1 Machine Learning models for DTI Prediction

Traditional machine learning (ML) approaches are commonly used to
estimate unknown DTIs from known interactions. Support vector ma-
chines (SVMs), random forests, and gradient boosting use features from
chemical fingerprints, molecular descriptors, and sequence similarity to
identify or predict drug-target combinations (Chen et al., 2016). Using
matrix factorization and neighborhood-based models have also proven
useful in capturing interaction patterns in large-scale datasets. While
these models are often interpretable and computationally eflicient, their
reliance on feature engineering may restrict generalizability, particularly
when dealing with new chemicals or protein targets.

2.1.2 Deep learning frameworks (DeepDTI, DeepPurpose)

Deep learning (DL) improves performance by learning to recognize
features automatically from raw input data. This phenomenon has been
demonstrated in several notable models.

DeepDTI uses convolutional neural networks (CNNs) to learn
from drug molecular graphs and protein sequences, capturing complicat-
ed interaction patterns (Wen et al., 2017).

DeepPurpose is a versatile DL toolkit that can handle various
encoding schemes, such as SMILES and FASTA, and perform regression
and classification tasks (Hepp et al., 2021).

These models outperform classical machine learning (ML) methods,
particularly in cold-start scenarios, and are being rapidly incorporated
into virtual screening procedures.

2.1.3 Molecular Docking and Virtual Screening

For modeling drug-target interactions, structure-based techniques
like molecular docking maintain to be essential tools beside data-driven
approaches. Docking predicts binding poses and estimates affinity scores
by simulating the physical binding process between a small chemical and
a protein. Virtual screening pipelines frequently employ programs like
AutoDock, Glide, and MOE to rank possible ligands against a target pro-
tein structure (Pagadala, Syed, & Tuszynski, 2017). The quality and avail-
ability of protein structures, as well as the limits of scoring algorithms,
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frequently restrict docking’s capacity to yield useful mechanistic insights.
As a result, it is most effective when combined with ML/DL models, act-
ing as a validation tool or a supplementary input source.

3. The Role of Drug-Target Interaction (DTI) Networks in Person-
alized Therapy

Drug-target interaction (DTI) networks provide a framework at the
systems level for understanding and predicting the molecular causes of
disease and the effectiveness of treatment. DTI networks have become
effective tools in personalized therapy as the medical paradigm changes
from population-wide treatment approaches to individualized manage-
ment. In a variety of clinical situations, they facilitate patient-specific tar-
get discovery, drugs repurposing, and optimized treatment decision-mak-
ing by integrating molecular data with network-based algorithms.

4.1. Patient-Specific Targeting
3.0.1 The Impact of Genetic Variation on Drug Response

Genetic variation can have a significant impact on interindividual het-
erogeneity in drugs response. Somatic mutations, structural variations,
and single nucleotide polymorphisms (SNPs) can change the binding af-
finity of a drugs to its target, change the function of proteins, or impact
drug metabolism and clearance (Rodriguez-Antona & Ingelman-Sund-
berg, 2006).

Polymorphisms in the cytochrome P450 enzyme family have major
effects on drugs metabolism and patient response. For example, CYP2D6
genetic variations affect the metabolic rate of opioids and antidepressants,
with poor metabolizers having a higher risk of toxicity and ultrarapid
metabolizers having subtherapeutic effects (Haufroid & Hantson, 2015).
Similarly, CYP2C19 phenotypes have been linked to antidepressant ef-
fectiveness and tolerability, with poor metabolizers having greater blood
drug levels and less consistent response rates (Li et al., 2024). Addition-
ally, polymorphisms like CYP3A4*1B have been associated with the al-
tered metabolism of anticancer prodrugs such ifosfamide, which might
contribute to poor treatment results (Torres et al., 2021). When combined
with DTT networks, these pharmacogenomic data enable the discovery
of genetically variable targets, improving the capacity to anticipate and
customize medication effectiveness and toxicity depending on an individ-
ual’s molecular makeup.
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3.0.2 Drug Selection Based on Individual Molecular Profiles

In addition to genetic variations, patient-specific transcriptome and
proteomic data helps in drugs selection using DTI network-based clas-
sification. High-throughput molecular profiling tools enable clinicians
to identify the active biological pathways in an individual’s disease state.
Aligning these molecular features with drug-target information provid-
ed by DTI networks allows us to select drugs whose targets are not just
expressed but also physiologically meaningful in that setting (Hodos et
al., 2016). This method has had a particularly major influence oncology,
where the discovery of tumor-specific signaling requirements has allowed
the creation of targeted therapies such as EGFR inhibitors in lung cancer
and PARP inhibitors in BRCA-mutated breast cancer.

3.1. Drug Repurposing and Network-Based Discovery

3.1.1. Discovery of New Therapeutic Indications via Network Anal-
ysis

Network pharmacology has contributed major contributions to drugs
repurposing by focusing on biological systems’ interconnectivity. Unlike
traditional repurposing efforts, which frequently rely on spontaneous
clinical findings or retrospective analysis, network-based solutions pro-
vide a methodical, hypothesis-driven framework. Drug-target interaction
(DTTI) networks allow researchers to find similar biological targets, signal-
ing pathways, or disease modules that connect different diseases (Cheng,
Kovacs, & Barabasi, 2019). For example, network proximity analysis has
been used to propose that some anti-inflammatory medicines may alter
biochemical pathways involved in neurodegenerative illnesses, indicating
possible novel indications (Wang et al., 2024). Similarly, drugs like met-
formin, which were originally approved for type 2 diabetes, have shown
anticancer activity due to interactions with energy metabolism regulators
and the mTOR signaling pathway link discovered using integrative net-
work modelling (Liu et al., 2024). The following examples demonstrate
the potential of DTT networks to expand the therapeutic range of existing
medications, whilst also reducing the time, cost, and failure rate associ-
ated with de novo drug discovery by leveraging established safety and
pharmaceutical characteristics.

4.3. Clinical Applications and Case Studies

3.2.1 Use of DTI Networks in Oncology and Precision Medicine
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The complexity of cancer biology, characterized by genetic variabil-
ity and adaptive resistance, necessitates the utilization of precise treat-
ment design techniques. The utilization of DTI networks in oncological
contexts entails the integration of genetic alterations with medication
response profiles, thereby facilitating the identification of novel and al-
ternative targets (Wu, Wang, Chen, & Li, 2015). For instance, in cases
where cancers exhibit resistance mutations in primary targets, network
analysis has the potential to identify downstream or parallel targets for
combination treatment. Furthermore, multi-target DTI networks have
been utilized to create personalized medication prescriptions that simul-
taneously block multiple oncogenic drivers, thereby enhancing efficacy
while minimizing the likelihood of relapse. These techniques are consis-
tent with clinical initiatives such as The Cancer Genome Atlas (TCGA)
and the NCI-MATCH study, the objective of which is to match patients to
therapies based on molecular profiles.

3.2.2 Application of DTI Networks During the COVID-19 Pandem-
ic

The COVID-19 pandemic underlined the critical importance of effec-
tive treatment discovery, as well as the relevance of drug-target interaction
(DTI) networks in infectious disease response. Traditional medication
development pipelines, which generally last more than a decade, were in-
adequate for the global health emergency posed by SARS-CoV-2. In this
situation, DTI networks provided a quick, cost-effective, and system-level
approach to identifying repurposable medicines with antiviral activity.

By integrating the known drug-target relationships with the SARS-
CoV-2 host-virus protein-protein interaction (PPI) network, researchers
were able to identify current medications capable of altering host path-
ways crucial for viral replication. In a significant development, Gordon et
al. conducted an innovative study that identified the physical interactions
between 26 SARS-CoV-2 proteins and 332 human proteins (Gordon et al.,
2020). This finding has significant implications for the identification of
potential treatment targets. Utilizing this network, medications that had
been authorized for alternative applications were expeditiously evaluated
for their proximity to viral host characteristics.

One of the most remarkable achievements of this method was the
discovery of baricitinib, a Janus kinase (JAK) inhibitor initially used in
rheumatoid arthritis, as a potential COVID-19 therapy. Baricitinib was
predicted by network-based models to reduce viral entry by modifying
JAK-STAT-mediated cytokine signaling and decreasing AAK1-mediated
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endocytosis, which was later verified in experimental research and clini-
cal application (Richardson et al., 2020). The FDA eventually authorized
the medicine Emergency Use Authorization (EUA).

Furthermore, several multi-omics-based DTI models were used to in-
tegrate transcriptomic and proteomic data from COVID-19 patients with
drug-target networks, allowing therapeutic candidates to be categorized
by disease stage, tissue specificity, and immune response profiles (Barrera
et al., 2020). These findings provided support to move away from direct
antiviral mechanisms and toward host-directed treatment.

Collectively, these case studies demonstrate how DTI networks may
dramatically speed up the discovery and validation of repurposed medi-
cations during public health crises. These networks represent invaluable
instruments in the realm of pandemic preparedness and response strate-
gies, as they facilitate the rapid identification of chemicals with relevance
to mechanistic processes.

5. Challenges, Ethical Considerations, and Future Perspectives
4.1 Current Limitations and Challenges in the Field

Despite their promising potential, drug-target interaction (DTI) net-
works have various limitations that restrict their translational value. The
incompleteness and bias of existing data pose considerable challenges.
Many interaction databases (e.g., DrugBank, STITCH) rely on curated or
expected interactions that may lack experimental validation and are fre-
quently biased toward well-studied proteins and pathways, restricting the
discovery of uncommon illnesses and new targets. Furthermore, static
network models cannot always account for changing biological circum-
stances such tissue-specific expression, post-translational modifications,
and disease states. Another problem is the interpretability of machine
learning and deep learning models utilized in DTI prediction. While al-
gorithms like DeepPurpose and GraphDTA are highly predictive, they
frequently behave as “black boxes” making it impossible to explain or
validate the biological plausibility of their predictions (Zitnik, Agrawal,
& Leskovec, 2018). Furthermore, the absence of set standards and assess-
ment criteria makes it difficult to replicate findings across investigations.

4.2 Ethical and Societal Considerations

Integration of patient-specific data, such as genetic variations and
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transcriptome profiles, into DTI networks brings ethical and privacy
problems. Data privacy, informed permission, and safe data storage are
critical, particularly in clinical contexts where genetic data is utilized to
provide individualized therapeutic recommendations. There is also con-
cern about algorithmic bias, especially if training datasets are not diverse
in terms of race, gender, or simultaneous diseases, which might lead to
unequal treatment recommendations (Obermeyer, Powers, Vogeli, &
Mullainathan, 2019).

Access to network-driven therapeutics may increase healthcare inequi-
ties if such technologies are predominantly offered in high-resource areas.
As DTI networks become more integrated into clinical decision-making,
open regulatory frameworks and public involvement will be critical in
maintaining trust and equality.

4.3 Future Directions and Emerging Opportunities

The future of DTI network research relies on multimodal integration
and real-time flexibility. Combining proteomics, metabolomics, and
single-cell data with standard genomic information will result in more
complex, context-aware networks. Advances in graph neural networks
(GNNs) and explainable AI (XAI) present opportunities for interpretable
and dynamic modelling of drug-target systems in specific diseases situ-
ations.

Furthermore, digital twins—computational duplicates of patients—
could use DTT networks to simulate drug reactions in silico, significantly
lowering the requirement for trial and error in clinical therapy (Topol,
2019). Regulatory acceptance of network-based biomarkers and therapies,
as well as multinational partnerships and data-sharing initiatives, will be
critical in advancing the area to clinical maturity.

6. Conclusion

Drug-target interaction (DTI) networks represent an important
change in medical studies by providing a systems-level framework for
understanding complex molecular interactions and optimizing treatment
techniques. Their integration with multi-omics datasets and computa-
tional tools, including machine learning and deep learning, has great-
ly enhanced the prediction of novel drug-target relationships, improved
drug repurposing efforts, and enabled patient-specific therapy design.
These networks have proved particularly useful in areas requiring rapid
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responses, such as cancer and infectious disease epidemics like COVID-19.

However, this field is still facing significant obstacles, such as data
incompleteness, algorithmic bias, poor interpretability of deep learning
models, and ethical considerations over patient privacy. Addressing these
limits through improved data curation, explainable AT models, and acces-
sible regulatory norms will be critical to widespread clinical usage. Look-
ing ahead, the combination of DTI networks, digital twin technologies,
graph neural networks, and real-time patient data offers enormous poten-
tial for taking customized medicine from idea to practical reality. Thus,
DTI networks are not only improving our understanding of drug action,
but also transforming how we create, assess, and administer medicines in
the age of precision medicine.
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INTRODUCTION

The conventional drug discovery process requires a lot of time and
resources. It typically requires 10-15 years of development and trial peri-
ods and costs exceeding $1 billion USD to bring a new therapeutic agent
to market (DiMasi et al., 2003). Moreover, failures in late-stage clinical
trials caused by insufficient efficacy or toxicity problems worsen the in-
efficiencies of this traditional approach. As a result, alternative strategies
like drug repositioning, also known as drug repurposing, therapeutic
repurposing, drug re-profiling, drug re-tasking, or drug recycling, have
emerged as viable solutions.

Drug repositioning seeks to delineate novel therapeutic applications
for previously approved or discontinued pharmacologic agents, capital-
izing on their well-documented safety and pharmacokinetic properties.
This strategy simultaneously shortens drug development timelines while
increasing both clinical success rates and financial returns (Ashburn &
Thor, 2004). Numerous successful cases demonstrate the translational
impact of this approach. However, traditional drug repositioning efforts
often relied on serendipitous discoveries or isolated clinical observations.
The complexity of human diseases, driven by multiple factors and inter-
actions at the molecular and cellular levels, demands a more systematic
approach. This is where network biology enables a fundamental shift in
perspective. Network biology frameworks represent biological systems as
interconnected graphs comprising genes, proteins, drugs, and diseases,
offering a unified analytical perspective to: investigate pharmacological
mechanisms, identify novel therapeutic applications, and predict oft-tar-
get effects (Barabasi et al., 2011).

This review outlines the foundational concepts of network biology and
their implementation in drug repositioning strategies. We critically eval-
uate principal computational techniques, characterize available analyti-
cal resources and repositories, and discuss persistent challenges alongside
emerging research trajectories in this field.

1 FUNDAMENTALS OF NETWORK BIOLOGY

Biological networks represent complex biological systems as graphs,
with nodes corresponding to proteins, genes, and drugs, while edges cap-
ture their physical interactions, regulatory relationships, or functional as-
sociations. Network topologies exist as directed/undirected graphs with
weighted/binary edges, featuring either homogeneous (single-type) or
heterogeneous (multi-type) node configurations.
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Key network properties include degree, betweenness, modularity and
community structure, closeness, and shortest path length metrics. In
drug repositioning studies, critical network metrics include betweenness
centrality (identifying bottleneck proteins crucial for disease propagation
(Barabasi et al., 2011), closeness centrality (highlighting efficient infor-
mation spreaders as multi-target drug candidates (Csermely et al., 2013),
node degree (revealing highly connected targets with potential side-ef-
fect risks (Jeong et al., 2001), shortest path lengths (quantifying drug-dis-
ease proximity for therapeutic potential (Yildirim et al., 2007), modular
structure (exposing functional target clusters for combination therapies
(Menche et al., 2015), and edge-betweenness (pinpointing key pathway
interactions to disrupt (Morselli Gysi et al., 2021) - collectively enabling
data-driven drug prioritization (Hodos et al., 2016).

1.1 Types of Biological Networks

Protein-protein interaction networks (PPINs) systematically map
physical and functional relationships between proteins, serving as pow-
erful frameworks for both drug target identification and elucidation of
disease pathways. Databases like STRING and BioGRID provide curated
and experimental data for constructing these networks (Oughtred et al.,
2019; Szklarczyk et al., 2021).

Gene regulatory networks (GRNs) model transcriptional and
post-transcriptional regulatory relationships between genes, typically
reconstructed from gene expression profiles using computational infer-
ence methods (Marbach et al., 2012; Stuart et al., 2003). Algorithmic tools
including ARACNe (Algorithm for the Reconstruction of Accurate Cel-
lular Networks) and GENIE3 (Gene Network Inference with Ensemble
of Trees) represent state-of-the-art methods for GRN inference, leverag-
ing mutual information and machine learning approaches respectively
(Huynh-Thu et al., 2010; Margolin et al., 2006).

Metabolic networks reconstruct biochemical reaction pathways
through stoichiometric modeling of enzyme-substrate relationships (Orth
et al,, 2010), while signaling networks map information flow via protein
phosphorylation cascades and second messenger dynamics (Kholodenko,
2006) - together providing systems-level insights into cellular regulation.
The KEGG (Kyoto Encyclopedia of Genes and Genomes) and Reactome
databases offer curated, hierarchical pathway representations that enable
systematic modeling of biological interactions, from metabolic fluxes to
signal transduction cascades (Kanehisa et al., 2021; Milacic et al., 2024).



60 § Sena OZYIGIT, Kazim Yalgin ARGA, Beste TURANLI

Drug-target interaction (DTI) networks employ bipartite graph ar-
chitectures to systematically connect pharmacological compounds with
their protein targets, integrating both experimentally validated and
computationally predicted binding data (Yamanishi et al., 2008). These
networks rely on curated knowledge bases such as DrugBank (compre-
hensive drug-target annotations) and ChEMBL (bioactivity data from
medicinal chemistry literature) as primary data sources (Gaulton et al.,
2017; Wishart et al., 2018).

Disease-gene association networks systematically map relationships
between pathological phenotypes and their underlying genetic variants,
enabling the identification of disease-specific functional modules, and
shared etiological mechanisms across clinically distinct disorders (Ghias-
sian et al., 2015; Goh et al., 2007; Menche et al., 2015).

Drug-disease networks structurally represent established and compu-
tationally inferred therapeutic relationships, facilitating drug reposition-
ing through two primary analytical paradigms: (1) topological proximity
measures between drug and disease modules, and (2) multi-scale simi-
larity assessments of network signatures (Cheng et al., 2018; Guney et al.,
2016).

1.2 Data Sources for Network Construction

The construction of biologically and pharmacologically relevant net-
works is enabled by multiple tiers of data resources: (1) manually curat-
ed knowledge bases (e.g., KEGG, Reactome), (2) experimentally derived
interaction datasets (e.g., STRING, BioGRID), and (3) computationally
predicted repositories (e.g., STITCH, DrugComb), each providing com-
plementary levels of evidence (Kanehisa et al., 2021; Milacic et al., 2024;
Oughtred et al., 2019; Szklarczyk et al., 2021; Szklarczyk et al., 2016;
Zagidullin et al., 2019). For example, DrugBank integrates drug chemis-
try, pharmacology, and drug-target interaction data (Wishart et al., 2018)
and STRING provides high-confidence protein-protein interactions ag-
gregated from multiple sources, including computational and experimen-
tal predictions (Szklarczyk et al., 2019; Szklarczyk et al., 2021).

The Comparative Toxicogenomics Database (CTD) provides manu-
ally curated, evidence-based associations spanning chemical-gene in-
teractions, chemical-disease relationships, and gene-disease linkages,
systematically integrating toxicological and pharmacological data from
published literature (Davis et al., 2023). KEGG and Reactome are authori-
tative sources for metabolic and signaling pathways (Kanehisa et al., 2021;
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Milacic et al., 2024). The ChEMBL database systematically archives ex-
perimentally derived bioactivity measurements for structurally diverse
small molecules, encompassing quantitative data from high-throughput
screens, binding assays, and functional studies across multiple target
classes (Gaulton et al., 2017; Mendez et al., 2019). The LINCS (Library
of Integrated Network-Based Cellular Signatures) and Connectivity Map
(CMap) projects generate comprehensive, standardized transcriptomic
profiles characterizing dose- and time-dependent cellular responses to
pharmacological perturbations, enabling pattern-based drug discovery
through signature matching (Koleti et al., 2018; Lamb et al., 2006; Subra-
manian et al., 2017). DisGeNET systematically aggregates and standard-
izes gene-disease relationships through rigorous integration of heteroge-
neous data sources (Pinero et al., 2017; Pinero et al., 2020).

2 COMPUTATIONAL METHODS FOR NETWORK-BASED
REPOSITIONING

Network-based drug repositioning employs similarity-based meth-
ods, network propagation, graph-based machine learning, matrix fac-
torization, network clustering analysis, expression signature matching,
and integrative multi-method frameworks to systematically predict nov-
el therapeutic applications through computational analysis of biological
networks (Himmelstein et al., 2017; Luo et al., 2017; Vanunu et al., 2010;
Wang et al., 2013; Wu et al.,, 2013; Zitnik et al., 2018). Methods, their prin-
ciple and example tools/algorithms are summarized in Table 2.

Table 2. Overview of Computational Methods in Network-Based Drug

Repositioning
Method Principle Example Typical Use | References
Category Tools/ Cases
Algorithms

Similarity- Compares drug- | DrugNet, NBI | Identifying | (Chen et
Based drug or disease- structurally | al., 2016;
Methods disease profiles similar Martinez et

using network drugs for al., 2015)

topology or repurposing

biological

features
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Network Propagates Random Walk | Prioritizing | (Valdeolivas
Propagation | signals (e.g., with Restart candidate et al., 2019;
disease genes) | (RWR), drugs close | Vandin et al.,
through HotNet, to disease 2011; Vanunu
networks via PRINCE modules et al., 2010)
diffusion or
random walks
Graph-Based | Learns patterns | deepDR, Predicting (Hamilton et
Machine from graph- Graph drug-disease | al., 2017; Li
Learning structured data | Convolutional | edges in et al., 2018;
Neural hetero- Zeng et al.,
Network geneous 201 9)
(GCN), networks
GraphSAGE
Matrix Decomposes Nonnegative | Inferring (Cui et al.,
Factorization | drug-target- Matrix unknown 2019; Lee &
disease matrices | Factorization | drug-target | Seung, 1999;
into latent (NMEF), interactions | Luo et al.,
features for DTINet, 2017)
prediction Graph
Regularized
Matrix
Factorization
(GRMF)
Network Detects densely | ClusterONE, | Discovering | (Dongen,
Clustering connected Markov polypharma- | 2000; Nepusz
modules Cluster cology etal., 2012;
(communities) | Algorithm or shared- Rosvall &
of drugs/targets/ | (MCL), pathway Bergstrom,
diseases Infomap drugs 2008)
Expression Matches drug- | CMap, Repurposing | (Duan et al.,
Signature induced gene L1000CDS? based on 2016; Lamb
Matching expression transcripto- | et al., 2006)
changes to mic reversal
disease profiles
Integrative Combines deepDR, Improving (Gottlieb et
Approaches | multiple Hetionet, prediction al., 2011;
methods/data PREDICT robustness Himmelstein
types (e.g., via multi- etal., 2017;
networks + evidence Zeng et al.,
omics + clinical integration | 2019)

data)

2.1 Similarity-Based Methods

These methods hypothesize that similar drugs treat similar diseases.
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Similarity can be defined in terms of chemical structure, gene expression
profiles, side effects or therapeutic indications. For instance, Gottlieb et
al. developed PREDICT, which integrates multiple similarity scores into
a machine learning framework for drug-disease association prediction
(Gottlieb et al., 2011).

2.2 Network Propagation Algorithms

Network propagation methods simulate the diffusion of information
through biological networks. Random Walk with Restart (RWR) is a
widely used technique that ranks nodes based on their network proximi-
ty to disease-related entities (Li & Patra, 2010). Advanced network prop-
agation algorithms, including the Neighborhood Regularized Weighted
Random Walk with Restart (NRWRH) (Luo et al., 2017) framework and
diffusion kernel-based approaches (Taheri-Ledari et al., 2022), enable ro-
bust inference in heterogeneous biological networks by simultaneously
modeling multiple interaction types (e.g., drug-target, disease-gene, and
protein-protein interactions) through:

1. Edge-type-specific diffusion kernels that weight distinct biologi-
cal relationships,

2. Topological regularization to preserve network structure during
inference, and

3. Multi-layer network integration for cross-modal relationship pre-
diction (Zitnik et al., 2018).

These methods are particularly powerful in identifying drugs that are
not directly linked to a disease module but are in close topological prox-
imity.

2.3 Graph-Based Machine Learning and Deep Learning

Recent breakthroughs in deep learning have revolutionized the analy-
sis of biological networks through graph-structured representation learn-
ing. Graph Neural Networks (GNNs) now enable unified integration of
topological connectivity patterns (e.g., protein-protein interactions) with
node/edge attributes (e.g., drug chemical features, disease genomics), sig-
nificantly enhancing drug-disease association predictions (Zhou et al.,
2020). Notable implementations include:

1. Decagon (Zitnik et al., 2018): A multimodal graph convolution-
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al framework that models polypharmacy side effects by learning from
1,048,576 drug-protein-disease triplets across 964 biological networks,
achieving 0.91 AUROC in side-effect prediction.

2. SAveRUNNER (Fiscon et al., 2021): A hybrid approach combin-
ing network proximity metrics with machine learning, which identified
83% of clinically investigated COVID-19 repurposing candidates (in-
cluding dexamethasone and baricitinib) by analyzing 17,000 drug-disease
pairs in the human interactome.

These advances demonstrate how GNN architectures can capture both
local network neighborhoods and global system properties for therapeu-
tic discovery (Sanchez-Lengeling et al., 2021). These methods are further
strengthened by multi-omic integration, allowing for the inclusion of
transcriptomic, proteomic, and epigenetic information.

3 TOOLS AND DATABASES SUPPORTING REPOSI-
TIONING

Cytoscape is a widely adopted open-source platform for visualizing
and analyzing biological networks. Its extensible plugin architecture sup-
ports specialized analyses, including functional annotation through tools
like ClueGO (gene-set enrichment) and BiNGO (Gene Ontology term
visualization), enabling mechanistic interpretation of network modules
(Bindea et al., 2009; Maere et al., 2005; Shannon et al., 2003).

DT-Web provides interactive visualization and prediction capabili-
ties for drug-target and drug-disease networks (Alaimo et al., 2015). The
platform allows real-time exploration of inferred therapeutic relation-
ships, with user-adjustable parameters to prioritize candidates based on
network proximity.

Transcriptomic databases—including GEO (gene expression omnibus),
LINCS (perturbation signatures), and CMap (connectivity mapping)—
offer large-scale gene expression datasets suitable for expression-based
drug repositioning (Edgar et al., 2002; Koleti et al., 2018; Subramanian et
al., 2017). These resources enable pattern-matching strategies to identify
drugs that reverse disease-associated transcriptomic signatures.

PharmGKB curates pharmacogenomic knowledge, linking genetic
variants to drug response variability. It serves as a critical resource for
precision medicine by annotating clinically actionable variants in drug
metabolism pathways (Hewett et al., 2002).
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SIDER catalogs adverse drug reactions (ADRs) from clinical trials
and post-marketing surveillance. ADR profiles facilitate side-effect-based
drug similarity assessments, which can reveal repurposing opportunities
(Kuhn et al., 2016).

DisGeNET and OMIM are authoritative resources for disease-gene
annotation. DisGeNET integrates evidence from multiple sources (e.g.,
GWAS, animal models), while OMIM focuses on Mendelian disorders,
together supporting genetic target identification (Hamosh et al., 2005;
Pinero et al., 2020).

4 CASE STUDIES AND APPLICATIONS

Network-based drug repositioning has demonstrated clinical valida-
tion through multiple high-impact successes. The vasodilatory effects of
sildenafil (originally an angina therapeutic) were mechanistically linked
to phosphodiesterase-5 (PDE5) inhibition in erectile tissue and pulmo-
nary vasculature through protein interaction network analysis, leading to
its FDA approval for erectile dysfunction (1998) and pulmonary arterial
hypertension (2005) (Galie et al., 2005; Goldstein et al., 1998). The immu-
nomodulatory action of thalidomide—withdrawn in 1961 due to terato-
genicity—was rediscovered via network analysis of its binding to cereblon
(CRBN) and subsequent modulation of inflammatory cytokines. This un-
derpinned its repurposing for multiple myeloma and leprosy (D’Amato et
al., 1994; Ito et al., 2010).

During COVID-19, network tools like SAveRUNNER prioritized ba-
ricitinib (a JAK1/2 inhibitor) by identifying its overlap with SARS-CoV-2
host-entry pathways (e.g., ACE2 endocytosis regulation). Clinical trials
confirmed its efficacy, resulting in emergency use authorization (EUA)
(Fiscon et al., 2021; Stebbing et al., 2020). In neurodegenerative diseases,
clozapine’s dual action on dopamine D2 and serotonin 5-HT2A networks
supported its use in Parkinson’s psychosis (Meltzer et al., 2010).

5 CHALLENGES & LIMITATIONS

Despite its promise, network-based drug repositioning faces several
challenges. Data quality remains a major concern, as incomplete or biased
datasets can impair model reliability. Most current models are static and
do not incorporate temporal or tissue-specific dynamics.

Experimental validation remains a bottleneck, with in vitro and in
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vivo testing requiring substantial time and resources. Generalized mod-
els may not account for inter-patient molecular heterogeneity, limiting
their translational impact. The interpretability of deep learning models is
another critical issue, particularly in clinical settings.

Finally, commercial and legal considerations—such as limited patent
protection for repositioned drugs—pose barriers to investment and im-
plementation.

6 FUTURE DIRECTIONS

Emerging technologies are poised to address many limitations in cur-
rent repositioning pipelines. Single-cell and spatial transcriptomics pro-
vide high-resolution views of disease states, allowing for more targeted
network modeling.

Dynamic and context-aware networks, which capture disease pro-
gression and environmental factors, will improve the specificity of pre-
dictions. The adoption of Explainable AI (XAI) techniques will enhance
model interpretability and foster clinical trust.

Causal inference frameworks, such as directed acyclic graphs and
counterfactual models, may better distinguish correlation from causality
in drug-disease relationships. Personalized network medicine, integrat-
ing patient-specific omics data, will enable tailored repositioning strat-
egies (Greene et al., 2015). Establishing standardized benchmarks and
shared evaluation datasets is also critical for comparing and validating
computational approaches.

7  CONCLUSION

Network-based drug repositioning represents a paradigm shift in drug
discovery. By modeling the interconnected landscape of biological and
pharmacological systems, these methods offer mechanistic insights and
predictive capabilities beyond traditional approaches. As computational
models evolve and omics data become richer, network-based frameworks
are poised to play a central role in precision medicine and rational drug
development.
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Introduction

Ribonucleic acids (RNAs) are the biomolecules that are essential to
life, not only serving as carriers of genetic information encoded in DNA,
but also actively participating in a broad spectrum of cellular processes
(Cech & Steitz, 2014). Traditionally, RNAs are considered to be interme-
diate molecules that have messenger roles in the process of transferring
genetic instructions from DNA to protein. However, with the advent of
technology over the years, modern studies have shown that RNAs take
part in an expanding array of biological functions, and they have now
emerged as dynamic players involved in practically all aspects of cellular
physiology, gene expression regulation, structural organization, catalysis,
and signal transduction (Statello et al., 2020). Even though the classical
central dogma, which the concept defines the directional flow of genetic
information as DNA > RNA - Protein, is sufficient to emphasize the vital
role of RNAs, it continues to be revealed that the significance of RNAs is
not limited to that linear framework, but rather covers a complex and dy-
namic network of functional and regulatory actions requisite for viability
(Crick, 1970; Statello et al., 2020).

With respect to the structure, RNA is a single-stranded polymer com-
posed of ribonucleotides, each of which consists of a 5C ribose sugar, a
phosphate group, and one of four nitrogenous bases: adenine (A), uracil
(U), guanine (G), or cytosine (C). Unlike DNA molecules with stable and
double-stranded nature, this structural arrangement of RNA allows RNA
molecules to be more chemically active and conformationally flexible,
granting them to adopt secondary and tertiary configurations through
folding and base-complementarity for functional interactions (Tinoco &
Bustamante, 1999). Due to this structural versatility, RNAs are capable of
serving as not only a messenger, but also as a scaffold, regulator, enzyme
(catalyst), and sensor (Doudna & Cech, 2002).

From an evolutionary perspective, the RNA World Hypothesis is one
of the most persuasive theories for assessing the importance of RNA in
life. This hypothesis was initially postulated by Carl Woese, Francis Crick,
and Leslie Orgel, and later formalized by Walter Gilbert in 1986. What
was posited by these scientists briefly is that RNA evolved before DNA
and proteins. They proposed that early life on Earth may have relied only
on RNA for both genetic information storage and catalytic activity prior
to the emergence of DNA and proteins (Gilbert, 1986). This notion is sup-
ported by the exceptional dual-functioning ability of RNAs: they can carry
genetic information, much like DNA, and catalyze biochemical reactions,
akin to protein enzymes. In particular, the existence of ribozymes—RNA
molecules with catalytic activity—is key evidence for the ancestral role of
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RNA (Munoz-Velasco et al., 2024). For instance, ribosomes are formed by
ribosomal RNAs (rRNAs), and these rRNAs catalyze peptide bond forma-
tion between the amino acids that are brought by transfer RNAs (tRNAs)
during protein synthesis without any involvement of proteins (Hoffer et
al., 2020; Kirchner & Ignatova, 2015). Discovery of additional examples,
such as auto-catalytic self-splicing introns and riboswitches, sides with
the idea of RNA being an ideal candidate for having driven early cellular
evolution due to its capacity to store information, adopt complex tertiary
structures, catalyze biochemical reactions, and regulate gene expression
(Garst et al., 2011).

Over the past two decades, the understanding of RNA has revolution-
ized with regard to the advancements in high-throughput sequencing
technologies, functional genomics, transcriptomics, and RNA structural
profiling. Genome-wide analyses, such as ENCODE, have revealed that
only ~2% of the human genome encodes for protein while approximately
80% of the genome is transcribed into various RNA species. Subsequently,
it was enlightened that the process of transcription does not exclusively
serve protein-coding purposes and results in a coding RNA. The remain-
ing ~78% of the genome produces a vast quantity of RNA molecules that
possess different functional properties, which is referred to as non-coding
RNA (ncRNA) (Dunham et al., 2012).

The whole RNA content present within a cell, tissue, or organism
under time and space-dependent conditions is collectively called the
RNAome. Both coding and non-coding RNAs together comprise this
phenomenon, involving distinct RNA molecules with interrelated roles
(Derks & Pothof, 2015). Although the literature lists many different kinds
of RNA classification, the major classes of RNA are widely accepted as
messenger RNA (mRNA), tRNA, and rRNA (Brosius & Raabe, 2016).
The only coding RNA within organisms is mRNA, which forms a bridge
between genetic information and functionality and serves as a template
during the translation into proteins (Romao, 2022). On the other hand,
ncRNAs encompass the vast majority of the transcriptome without any
turther translation into proteins (George et al., 2024). However, emerging
research has exposed that there are also hybrid RNAs that are capable
of both functioning and protein-coding, which blurred the boundaries
between coding and non-coding transcripts. For example, some long
non-coding RNAs (IncRNAs) have been found to be able to produce small
peptides along with their regulatory function, which challenges the tradi-
tional idea that RNAs are either coding or non-coding (Choi et al., 2019).
Similar to the regulatory elements of mRNA as promoters and termina-
tors, untranslated regions (UTRs) of mRNAs have been identified as the
hubs of regulatory elements that interact with RNA-binding proteins and
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ncRNA in order to control translation efficiency, stability, and half-life of
mRNA (Navarro et al., 2021).

Modern approaches for a better understanding of RNAome have been
developed both computationally and experimentally. High-throughput
RNA sequencing (RNA-Seq), crosslinking immunoprecipitation (CLIP),
and high-resolution RNA structure mapping are several techniques that
have been introduced to decipher the specific functions or proper cate-
gorizations of both familiar and novel RNA species. These recent tech-
nologies provide scientists with the ability to quantify RNA molecules,
map RNA-RNA and RNA-protein interactions, and determine particular
RNA functions in different biological contexts, including those of disease
(Hwangetal., 2020; Stark et al., 2019; Van Nostrand et al., 2020). The abun-
dance or functional dysregulations of RNAs have been linked to the sig-
nature of most human diseases, in which the RNA species with abnormal
behaviors/amounts are considered to be biomarkers. Through RNAome
analyses, we are able to achieve the differentially expressed gene (DEG)
patterns of disease phenotypes in order to unveil the altered mechanisms
at the transcriptional level. Dysfunctions in RNA biogenesis, processing,
or decay may cause pathologies ranging from cancer and neurodegenera-
tion on the one hand, to cardiovascular and autoimmune diseases on the
other (Goodall & Wickramasinghe, 2020; Liu et al., 2017). To exemplify,
disruptions in miRNA mechanism, which plays crucial roles in oncogen-
esis and tumor suppression, may lead to complex disease manifestations
as well as abnormal long non-coding RNAs that have regulatory effects on
cell growth, apoptosis, and metastasis (Ahmad et al., 2023; Otmani & Le-
walle, 2021). Recent studies have also highlighted the significant contribu-
tion of improper RNA metabolism and processing, such as RNA-binding
protein (RBP) dysfunctions, to neurodegeneration (Li & Sun, 2025). In
this case, separating disease-relevant RNAs from transient or irrelevant
species is the main challenge, which requires an integration of approach-
es utilizing transcriptomics, structural biology, functional genomics, and
systems-level approaches. Nevertheless, the synthetic biology field en-
hances the controllability and modularity of RNA through engineering
synthetic circuitry, RNA switches, and systems for the regulation of gene
expression, with huge potential in future advances toward RNA-based
therapeutic applications (Schmidt & Smolke, 2019). Concerning RNA
therapeutics, antisense oligonucleotides, small interfering RNAs, RNAi
mechanisms, and RNA vaccines are already utilized and being developed
with the purpose of curing genetic illness, viral diseases, and cancer (Ba-
jan & Hutvagner, 2020). Additionally, the CRISPR-Cas system has been
utilized as one of the most recent therapeutic applications, in which the
technology also relies on guide RNAs (gRNAs) for sequence-specific lo-
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calization, although it aims to alter the DNA sequence itself (Xu et al.,
2025). The RNAome, therefore, provides not only a window into disease
mechanisms, but also a therapeutic target aspect, connecting genotype
and phenotype with a high level of intricacy.

To sum up, the RNAome is the total coding and non-coding RNA
network that occupies a central, yet multifaceted, position in biological
systems and operates in harmony to identify the general structure and
function of an organism by acting as regulators, catalysts, and scaffolds in
addition to being informational intermediates. In this review, we provide
a comprehensive overview of the general classes of RNA, emphasize the
distinction between coding and non-coding RNA species, and highlight
the biological significance of the functional RNAome in diverse cellular
and disease-related contexts.

Classes of RNA and their Regulatory Roles
mRNA: Structure, synthesis, and messenger role in translation

Messenger ribonucleic acid (mnRNA) is the main type of RNA that is
an intermediate molecule formed through transcription of the DNA se-
quence of interest into a message that is suitable for accurate ribosomal
entry and precise codon-anticodon pairing for the synthesis of a func-
tional protein. It is a single-stranded ribonucleic acid that is composed of
nucleotides bound by a phosphodiester bond, transcribed by RNA poly-
merase II from protein-coding genes. The mRNA displays a dynamic na-
ture that allows for rapid cellular responses to environmental, stress-re-
lated conditions and developmental processes besides from its primary
duty in protein translation (Romao, 2022). It functions not only as a pro-
tein coding tool but also as a precise regulator of cellular processes. With
regards to development, translational mechanisms at certain times and
asymmetric localization of mRNAs are critical aspects for cell fate and
embryonic axis determination. For example, bicoid mRNA determines
the anteroposterior axis in the Drosophila embryo while cyclin B mRNA
regulates early mitotic divisions (Cai et al., 2021; Clemm von Hohenberg
etal., 2022). The localization of specific RNAs within the cells is known to
orchestrate asymmetric cell division and be an important mechanism for
the establishment of cellular asymmetry during embryonic development.
In many organisms, a large proportion of the oocyte cytoplasm is mater-
nal origin. Tightly regulated transcriptional programs ensure that certain
mRNAs, such as bicoid, nanos, and oskar, are specifically localized to the
destined regions of the egg during oogenesis. After fertilization, each of
these maternal mRNAs is distinctly involved in the regulation of cellular
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processes according to its localization, even before the activation of ge-
nomic transcription in embryos. This asymmetric distribution provides
uneven transferring of mRNAs to daughter cells, resulting in the initia-
tion of cell lineage-specific gene expression programs; thus, differentia-
tion (Kugler & Lasko, 2009).

rRNA: Structural and functional roles in ribosomes and protein syn-
thesis

rRNA (ribosomal RNA) forms the structural skeleton of ribosomes and
performs catalytic functions throughout the translation process. In both
prokaryotic and eukaryotic organisms, ribosomes consist of rRNA and
ribosomal proteins; however, their ribosomal structures are quite differ-
ent. Prokaryotes have 70S ribosomes which consist of 50S (containing 23S
and 5S) large subunits and 30S (containing 16S) small subunits, whereas
eukaryotes have 80S ribosomes composed of 60S (containing 28S, 5.8S,
and 5S) large subunits and 40S (containing 18S) small subunits (Yusupova
& Yusupov, 2021). rRNA is vital for the cell because it forms the structural
and catalytic basis of ribosomes. Hence, rRNA synthesis is a strictly reg-
ulated process and is tightly linked to cellular metabolism. However, rR-
NAs do not only determine the structure of the ribosomes with proteins,
but they also have an active role in different steps of the translation. In
particular, 16S (in prokaryotes) and 18S (in eukaryotes) rRNAs are found
in the small subunit of the ribosome and play a critical role in the bind-
ing of mRNA to the ribosome and the correct codon-anticodon pairing
(Hoffer et al., 2020). Interestingly, the direct role of ribosomal proteins
in this catalytic function in protein synthesis is rather limited; the main
catalytic activity is mediated by the three-dimensional conformation of
rRNAs. This enzymatic activity is carried out by the rRNAs which are
found in the ribosomal subunits, not by proteins. This finding revealed
that ribosome is composed of ribozymes, the RNA molecules with cata-
lytic activity (Gray & Gopalan, 2020). Additionally, rRNA also functions
as the structural platform for the binding of ribosomal subunits, position-
ing of tRNA and mRNA, and initiation and termination of translation.
In prokaryotes, the anti-Shine-Dalgarno sequence at the 3’ end of the 16S
rRNA pairs with the Shine-Dalgarno sequence in the mRNA, allowing
the recognition of the correct start site with an additional level of regula-
tion (Li et al., 2023).

tRNA: Functions as an adaptor in translation

tRNA (transfer RNA) carries out the transition phase where the genet-
ic information encoded in codons is converted into the exact amino acid
sequence as the primary structure of a protein. Within this phase, tRNA
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acts as an adaptor molecule in protein synthesis and takes over the job
of transporting amino acids to ribosomes, making the decoding of the
genetic code possible (Kirchner & Ignatova, 2015). The length of tRNAs
is around 70-95 nucleotides. They exist in an L-shaped three-dimensional
structure formed through the folding of the classic “cloverleaf” secondary
structure that consists of four main strands and an anticodon loop (ac-
ceptor stem, D stem-loop, anticodon stem-loop, variable arm, and T-stem-
loop). The site for amino acid binding is located at the 3’ end of tRNA,
marked by a CCA nucleotide sequence. On the other hand, the anticodon
loop base pairs with a specific codon on the mRNA. By this means, tRNA
both transports the amino acid and recognizes its location by binding to
the correct codon corresponding to the amino acid that is being carried.
(Li et al., 2024). Recognition and the attachment of the correct amino
acid are accomplished by the specific enzyme called aminoacyl-tRNA
synthetase. Aminoacyl-tRNA synthetases are the family of enzymes that
manage the amino acid attachments to the 3’ end of the tRNA, gener-
ating aminoacyl-tRNA through a two-step ATP-driven reaction (Angel
et al., 2020). The specificity of amino acid-tRNA pairing is controlled by
proofreading mechanisms that hydrolyze incorrectly formed aminoacyl
adenylates and aminoacyl-tRNAs in the editing site (Gupta et al., 2023).

miRNA: Post-transcriptional gene regulation

miRNAs (MicroRNAs) are single-stranded small non-coding RNAs,
approximately 20-24 nucleotides in length, which act in post-transcrip-
tional gene expression regulation. Mainly, they target the 3* UTR of an
mRNA to prevent the translation or to cause the degradation of its target
mRNA. miRNAs play a fundamental role in fine-tuning gene expression
in many eukaryotes, including mammals. Nearly all events in cells are
affected by miRNA’s action, providing fine-tuning of gene expression at
the post-transcriptional level. For example, in vertebrates, let-7 miRNAs
are key regulators in determining cell fate, prominently expressed in dif-
ferentiated tissues during late embryonic development (Reynolds, 2024).
Another example is miR-21, which is known to act as an oncogene by
targeting tumor suppressors such as PTEN and PDCD4 to activate the
PI3K/AKT pathway. miR-21 is highly expressed in breast, lung, and col-
orectal cancers and contributes to tumorigenesis (Liu et al., 2019). There-
fore, it can be said that miRNAs act as key regulators of gene expression
at the post-transcriptional level, contributing to the fine-tuning of cellular
functions and the maintenance of homeostasis. Their ability to coordinate
the repression of multiple target mRNAs in a time and space-dependent
manner further advances the intricacy of gene regulatory networks to a
new level.
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siRNA: RNA interference and gene silencing

siRNAs (Small interfering RNAs) are 21-23 nucleotide long dou-
ble-stranded RNA molecules that have starter roles in RNA interference
(RNAi)-mediated post-transcriptional gene silencing (Alshaer et al,
2021). RNAI is a highly conserved and sequence-specific post-transcrip-
tional gene silencing mechanism that was first discovered in 1998 by Fire
and Mello in Caenorhabditis elegans as double stranded RNAs, and lat-
er described in higher eukaryotes, including plants, animals and fungi
(Cornec & Poirier, 2023; Fire et al., 1998). In addition to gene expression
regulation, RNAi mechanism was found to be a natural defense mecha-
nism against viruses and transposons (Hung & Slotkin, 2021). The central
players of this intricate network of RNA regimentation are shown to be
siRNAs as they guide the sequence-dependent endonucleolytic cleavage
of mRNAs (Hamilton & Baulcombe, 1999). siRNAs are typically generat-
ed from long double-stranded RNAs (dsRNAs), which could arise exoge-
nously, such as through viral infection or in vitro introduction, or endog-
enously from transcription of repetitive genomic sequences. siRNA serves
as a tool in molecular biology applications, owing to its ability to repress
gene expression with high level of specificity at the post-transcription-
al level. The applications of siRNA extend widely across basic research,
functional genomics, and clinical therapeutics. Hopefully, siRNAs can
give us new opportunities for silencing protein targets that are considered
“undruggable”. Nevertheless, the applications of siRNA therapeutics dis-
play some limitations, such as off-target effects, immune system activa-
tion and toxicity, stability and degradation of siRNA, delivery challenges
of siRNA, oversaturation of RNAi mechanism (Ali Zaidi et al., 2023).

piRNA: Transposon silencing in germ cells

piRNAs (PIWI-interacting RNAs) are 2’-O-methylated 3’-end small
non-coding RNAs with an approximate length of 24-35 nucleotides that
form complexes with PIWT proteins. Their main role, which is evolution-
ary conserved, is to maintain genome integrity in germline cells by silenc-
ing mobile genetic elements called transposable elements (TE) (Hirakata
& Siomi, 2016). The majority of piRNAs contain sequences that are anti-
sense to transposon RNAs and thus can act as oligonucleotides to repress
the corresponding mobile DNA elements. These RNAs were named “PI-
Wl-interacting RNA (piRNA)” and were shown to work specifically with
PIWT proteins such as Aubergine and AGO3 in Drosophila to suppress
transposons. This discovery revealed the importance of RNA-mediated
defense mechanisms in the maintenance of genome integrity in germ cells
(Ozata et al., 2019). Although the roles of piRNAs were initially thought
to be limited merely to transposable element activity suppression in germ
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cells, recent studies have enlightened that piRNAs are involved in pro-
cesses such as gene regulation, tumor suppression, synaptic plasticity, and
memory formation in both neuronal and somatic tissue (Hegde & Smith,
2019).

snRNA: Spliceosome components and RNA processing

Small nuclear RNAs (snRNAs) are an essential class of non-coding
RNAs, which function primarily in the cell nucleus and participate in
the pre-mRNA splicing machinery of post-transcriptional gene regula-
tion (Morais et al., 2021). snRNAs constitute catalytic and structural ba-
sis of spliceosome ribonucleoprotein complex responsible for removing
non-coding intronic region of pre-mRNA transcript. Each snRNA assem-
bles with a set of core proteins to form a small nuclear ribonucleoprotein
(snRNP) as the fundamental functional unit of the spliceosome. These
snRNPs not only serve as structural stability but also have crucial roles
in recognizing splice sites and catalyzing the stepwise removal of introns.
snRNAs enable precise and efficient removal of introns although they
have different transcriptional origins, biogenetic pathways and function-
al roles according to spliceosome type and RNA polymerase specificity.

snoRNA: rRNA modification and maturation

Small nucleolar RNAs (snoRNAs) are a class of small non-coding
RNA, typically 60-300 nucleotides in length, which are primarily local-
ized in the nucleolus of the eukaryotic cells, where they play fundamental
roles in performing to guide the chemical modifications of other RNA
types, especially ribosomal RNAs (rRNAs), transfer RNA (tRNA), and
small nuclear RNAs (snRNAs) (Xiao et al., 2023). The best-known func-
tion of snoRNA is directing the chemical modifications on different RNA
moieties, such as 2’-O-methylation and pseudouridylation on rRNAs,
which are critical for proper ribosome assembly, stability, and transla-
tion efficiency (Li et al., 2023). Generally, snoRNAs are transcribed from
introns of protein-coding or non-coding host genes by RNA polymerase
I1, although some are synthesized by RNA polymerase III (Scott & Ono,
2011; Zimta et al., 2020). Beyond this, snoRNAs have the potential to be
used both as diagnostic biomarkers and are being evaluated as therapeu-
tic targets for many diseases. Synthetic snoRNAs are also being devel-
oped as a molecular biology tool to direct specific modifications to desired
RNA regions. Therefore, the importance of snoRNAs in basic biology and
medicine is on a rise, due to not only rRNA maturation and ribosome bio-
genesis, but also a wide range of regulatory roles associated with cellular
physiology and pathology (Griitzmann et al., 2024).

Ribozymes: Catalytic RNA molecules
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Ribozymes are RNA molecules that have the ability to catalyze certain
biochemical reactions, and they act as protein enzymes. The discovery
of ribozymes thoroughly changed the idea that only proteins could be
biological catalysts (Scott, 2007). In the early 1980s, T. R. Cech identified
a self-cutting and self-assembling intron in the rRNA precursor of Tetra-
hymena thermophila, and S. Altman showed that the RNA component of
ribonuclease P (RNase P) performs the catalytic activity that cuts the 5’
leader sequences of precursor tRNAs (Guerrier-Takada et al., 1983; Kru-
ger et al., 1982). These discoveries have provided strong support for the
RNA World Hypothesis by demonstrating that RNA molecules can func-
tion as carriers of genetic information and as catalytic agents.

Ribozymes are divided into large and small ribozymes according to
their structure and catalytic mechanisms. Large ribozymes are the nat-
urally occurring ribozymes involved in essential cellular processes, with
the models of Group I introns, Group II introns, RNase P, and ribosomal
RNA (rRNA). Small ribozymes have much simpler secondary structures
and typically catalyze site-specific phosphodiester cleavage, including
hammerhead ribozyme, hairpin ribozyme, hepatitis delta virus (HDV) ri-
bozyme, and Varkud Satellite (VS) ribozyme (Tanner, 1999). Group I and
Group II introns are capable of self-splicing by two-step transesterifica-
tion reactions. Group II introns are thought to be evolutionary precursors
for the spliceosome found in eukaryotes(Gomes et al., 2024; Monachello
et al.,, 2021). RNase P is a ribonucleoprotein complex involved in the mat-
uration of precursor tRNAs by cleaving the 5’ leader sequence (Shaukat et
al., 2021). Another important example of a ribozyme is the large subunit
ribosomal RNA (23S or 28S), which forms the peptidyl transferase cen-
ter of the ribosome that catalyzes peptide bond formation during protein
synthesis (Gray & Gopalan, 2020). In contrast, small ribozymes are often
found in viral genomes and can perform self-cut to regulate replication
(Ren et al., 2017).

Ribozymes have been engineered and repurposed in therapeutics and
synthetic biology. Using in vitro evolution techniques, such as SELEX,
ribozymes with altered substrate specificity and increased catalysis rate
have been developed, such as riboswitch systems (Ge et al., 2021). Chem-
ical modifications, such as 2X-O-methylation and locked nucleic acids
(LNA), and nanoparticle-based delivery systems are current strategies to
improve ribozyme stability and therapeutic efficacy. Moreover, integrat-
ing ribozymes with modern gene editing technologies such as CRISPR
could pave the way for more precise and programmable RNA-level inter-
ventions in the future (Zhou et al., 2019).

IncRNA: A different world of regulation
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The non-coding RNA molecules that are longer than 200 nucleotides
are termed as long non-coding RNAs (IncRNAs), which comprise various
functional RNA species as the vast majority of total transcripts (Djebali
etal., 2012). As the name implies, they do not encode for and are translat-
ed into a protein but instead participate in numerous regulatory process-
es with different functions, including regulation of gene expression and
structural functions both in the nucleus and the cytoplasm (Wilusz et al.,
2009). There is a diverse catalog of IncRNAs in terms of their biogenesis
and function, which we discussed in this section while underlining the
biological significance and variety of their existence.

Even the recent literature is not sufficient to propose a clear categoriza-
tion that is well-defined and universally accepted for IncRNAs. Thus far,
scientists have suggested a wide variety of classifications within the scope
of genomic location or functional mechanisms of IncRNAs. Most recent-
ly, from a functional aspect, Wang & Chang propounded a function-ori-
ented model that includes 4 archetypes: signals, decoys, guides, and scaf-
folds (Wang & Chang, 2011). Despite the fact that this classification is
deeply detailed and distills the myriad functions of IncRNAs, it was not
considered to be comprehensive enough to illustrate the commonalities
and diversities of the IncRNA world clearly, and to unveil the functional
complexity to be accepted universally. Herein, we consider the classifica-
tion of Yao et al to be the most comprehensive and contextually appro-
priate model to date; thus, we accepted and summed that model in this
section: (1) large intervening/intergenic non-coding RNAs (lincRNAs),
(2) natural antisense transcripts (NATs), (3) RNase P processed IncRNAs,
(4) snoRNA-ended IncRNAs (sno-IncRNAs), (5) 5 snoRNA-ended and
3’-polyadenylated IncRNAs (SPAs), (6) circular intronic RNAs (ciRNAs),
(7) circular RNAs (circRNAs) (Yao et al., 2019).

In addition to the functions in gene expression regulation, IncRNAs
also have structural roles both in the nucleus and the cytoplasm. After
being localized to nucleus, IncRNAs can regulate nuclear organization
and function as they take part in chromosome territory, chromatin struc-
ture, transcription, and post-transcriptional regulations. One of the most
well-known examples is the X-inactive-specific transcript (Xist), which
coats one of the X chromosome from which it is transcribed and recruits
chromatin silencing complexes such as PRC1 and PRC2 to inactivate the
chromosome and ensure dosage compensation in female embryos. This
interaction results in widespread deposition of repressive histone mod-
ifications, such as H3K27me3, leading to stable silencing of one X chro-
mosome in female mammals (Brockdorft, 2013). HOTAIR, as another
example, is a prominent scaffold IncRNA that links PRC2 and LSD1/CoR-
EST complexes, coordinating histone methylation and demethylation at
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distant genomic sites such as the HOXD locus (Rinn et al., 2007). Some
IncRNAs may also bind DNA directly through triplex-forming sequenc-
es, aiding in the targeting of chromatin modifiers (Mondal et al., 2015).
Hence, IncRNAs display a great clinical potential as biomarkers and ther-
apeutic targets. Their expression is often cell- or tissue-specific, and many
are detectable in biofluids like blood, where they are protected from deg-
radation through exosomal encapsulation or unique secondary structures
(Hosseini et al., 2022). This stability enhances their utility in non-invasive
diagnostics. Furthermore, manipulating IncRNA expressions or functions
through antisense oligonucleotides, small compounds, or CRISPR-based
methods reflects an appealing approach for improved therapeutic inter-
ventions.

Extracellular and Circulating RNAs

Extracellular or circulating RNAs (often termed exRNAs or cell-free
RNAs, cfRNAs) are RNA molecules detected in nearly all body fluids, in-
cluding blood (plasma/serum), saliva, urine, milk, and cerebrospinal fluid
as a result of their release from various cell types (Etheridge et al., 2013).
Interestingly, exRNAs display remarkable persistence in circulation al-
though the nature of naked RNAs is known to be inherently unstable.
Early assumptions that free RNA would be rapidly degraded were over-
turned by findings that circulating RNAs remain stable and incorporate
in various biological functions like cell-to-cell communication and gene
regulation, which might lead to cell proliferation, apoptosis, differentia-
tion, metabolic alterations, and immune responses in distant target cells
(Zhong et al., 2024).

The stability of exRNAs in extracellular environments is explained by
the way exRNAs are released, packaged and protected. In fact, they are
not completely free, but mostly are bound to or encapsulated in protec-
tive carriers that provide RNase avoidance, which is referred to as ac-
tive release. Viable cells can actively secrete RNA by loading it into those
protective carriers, whereas passive release occurs when cells die or are
injured. Therefore, the biogenesis of an exRNA is the key factor in de-
termining its fate and characteristics (Sohail et al., 2022). The analysis
of plasma exRNAs has attracted a great interest in its clinical applica-
tions as liquid biopsy biomarkers since they offer early diagnosis, moni-
toring treatment responses, and understanding disease progression with
reduced invasiveness and increased reproducibility. Additionally, because
circulating RNAs reflects tissue-specific or pathology-specific expres-
sion patterns that can sensitively flag disease processes, they can serve
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as non-invasive indicators of diseases (Zhong et al., 2024). In contrast to
genomic DNA markers, exRNAs are accepted to be highly functional as a
biomarker since they report dynamic functional information about which
genes are active or suppressed in diseased tissue rather than indicating
possible risks arising from mutations in the genome. For instance, tumor
cells release exRNAs into the bloodstream; profiling these circulating
exRNA signatures can reveal tumor-specific expression changes without
needing a tissue biopsy, which shows a great promise for early diagnosis
in cancer (Metzenmacher et al., 2020). Scientists even suggest that exRNA
biomarkers may be more sensitive than circulating cell-free DNA for re-
flecting tumor presence due to the fact that exRNAs include signals from
multiple cell types and regulatory processes (Kan et al., 2023). Since their
initial discovery in 2008, specific exRNAs have already been linked to
various disorders. For example, miR-21 was found to be elevated in breast,
lung, colon, and pancreatic tumors, while plasma miR-155 is associated
with lymphoma progression and poor prognosis, particularly in diffuse
large B-cell lymphoma (DLBCL) (Bautista-Sanchez et al., 2020; Mazan-
Mamczarz & Gartenhaus, 2013). In liver disease, circulating miR-122 lev-
els rise significantly in drug-, viral-, alcohol-, or chemically induced liver
injury, including paracetamol overdose where capillary miR-122 predicts
biopsy-proven injury (Cirronis et al., 2024; Ding et al., 2012; Zhang et al.,
2010).

Despite these encouraging findings, challenges that limit the routine
use of exRNA biomarkers remain. Sensitivity can be addressed as a key
issue since exRNA levels in blood are relatively low and the molecules
are usually fragmented. This makes the precise detection of desired bio-
markers in serum/plasma difficult. To avoid degradation, samples must
be handled carefully with a proper follow-up of experimental protocols
(e.g. EV separation, precipitation, immunocapture). However, there is not
a golden standard for experimental protocols as it varies widely, and no
single method works universally. Even from bioinformatics aspect, quan-
tification and normalization lack consensus, and techniques may favor
certain RNA types over others, which results in inconsistent findings
across laboratories. In addition to the lack of standardization, the need
for large sample volumes to detect rare transcripts and the complexity of
deep sequencing also hinder clinical implementation. Thus, all of these
drawbacks must be overcome in order for the transition in the use of cir-
culating RNA biomarkers from research to clinic (Zhong et al., 2024).
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Current Research Approaches and Databases

Over the past two decades, the area of RNA research has remarkably
expanded with the rapid development of high-throughput sequencing
techniques and precise chemical probing methods. These advancements
have enabled scientists to screen the whole transcriptome with high reso-
lution along with unraveling novel RNA molecules and complex pathways
of RNA regulation across various contexts, including diseases (D’Agosti-
no et al., 2022). With respect to RNAs in disease, the main focus of con-
temporary research is to elucidate the molecular basis of pathological
malfunctions through profiling and characterizing a broad range of both
coding and non-coding transcripts that are altered in disease conditions.
Since differentially expressed genes as transcripts can point out disrupted
pathways and serve as biomarkers, researchers aim to identify transcripts
whose expression shifts in disease versus healthy conditions and to sug-
gest an expression pattern that represents the disease phenotype (Hasin
et al., 2017). Therefore, it can be said that the modern research of RNA
mostly relies on a range of experimental approaches that yield structural
and functional insights into both coding and non-coding RNA species.

With respect to experimental techniques in RNA research, there are
numerous methods that approach RNA from different facets. These in-
clude RNA sequencing (RNA-seq), ribosome profiling (Ribo-seq), cross-
linking and immunoprecipitation sequencing (CLIP-seq) with advanced
versions as RNA immunoprecipitation (RIP), capture hybridization anal-
ysis of RNA targets (CHART), chromatin isolation by RNA purification
(ChIRP), and RNA antisense purification (RAP), selective 2K-hydroxyl ac-
ylation analyzed by primer extension sequencing (SHAPE-seq), dimethyl
sulfate-mutational profiling with sequencing (DMS-MaPseq), and CRIS-
PR-based RNA targeting systems such as CRISPR-Cas13. RNA-seq allows
for comprehensive profiling of RNA expression within bulk samples. Its
methodology comprises two steps as conversion of RNA molecules into
complementary DNA (cDNA) molecules, which is then followed by deep
sequencing. RNA-seq provides not only quantification of transcripts, but
also sequence analysis of many types of RNA species, involving mRNAs,
IncRNAs, and small non-coding RNAs (Hrdlickova et al., 2016). The ca-
pabilities of RNA-seq have improved after the development of its further
variants, such as strand-specific RNA-seq (ssRNA-seq), which allows de-
termination of transcriptional direction, RNA-seq with rRNA depletion,
and single-cell RNA-seq (scRNA-seq), which analyzes heterogeneity and
rare transcriptomic states under cellular resolution (Tang et al., 2009; Zie-
genhain et al., 2017). Moreover, recent adaptations of RNA-seq have en-
abled indirect detection of RNA modifications through misincorporation
signals or the use of chemical libraries such as pseudo-UTP analogs (Safra
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etal., 2017). However, detecting transcripts with relatively low abundance
like IncRNAs and distinguishing RNA molecules that display structural
similarities, such as tRNAs and snRNAs, are current limitations. Anoth-
er method is Ribo-seq, which involves sequencing ribosome-protected
fragments of mRNAs, resulting in a snapshot of translational activity at
sub-codon resolution (Ingolia et al., 2009). By this way, it is possible to
detect which RNAs and ORFs are actively translated at a certain moment,
including those embedded within non-coding regions such as IncRNAs
and upstream ORFs (uORFs) (Brar & Weissman, 2015). Through integrat-
ing with RNA-seq, Ribo-seq bridges the gap between transcriptome and
proteome by highlighting functional translation rather than mere tran-
script presence. CLIP-seq, on the other hand, provides scientists with the
exploration of RNA-protein interactions in nucleotide resolution. This
family of methods utilizes UV crosslinking to covalently link RNA-bind-
ing proteins (RBPs) to their RNA targets with a subsequent immunopre-
cipitation and deep sequencing of the bound RNA fragments (Stork &
Zheng, 2016). CLIP-seq has been widely utilized in mapping the bind-
ing regions of RBPs (e.g. Argonaute), splicing regulators, RNA helicases,
miRNA target sites, and IncRNA-interacting protein partners (Hafner et
al., 2021). For structural characterization of RNA molecules, techniques
such as SHAPE-seq and DMS-MaPseq provide high-resolution screening
of RNA secondary structures in vitro and in vivo (Spitale et al., 2013;
Zubradt et al., 2016). CRISPR-based screening platforms are another
emerging frontier in RNA research. In contrast to the well-established
Cas9 system that acts on DNA, CRISPR-Cas13 systems have been adapted
for RNA-guided knockdown and RNA editing without altering the ge-
nome (Abudayvyeh et al., 2017).

Indeed, the big data generated by the aforementioned high-throughput
RNA profiling techniques demand just as advanced computational infra-
structures to ensure accurate analysis and interpretation. This complexity
has led scientists to improve and establish bioinformatic pipelines and
tools, which are critical for aligning sequencing reads, quantifying ex-
pression, predicting structural and functional attributes, and integrating
biological pathways and molecular functions arising from data. Align-
ment and quantification are fundamental processes in RNA-seq analy-
sis. For that, tools such as HISAT2 enable rapid and accurate mapping
of short reads to reference genomes (Kim et al., 2019). Once raw counts
are obtained, differential expression analysis is typically performed us-
ing mostly R/Bioconductor software packages for data manipulation and
statistical analysis, such as DESeq2 and limma (Love et al., 2014; R Core
Team, 2025; Ritchie et al., 2015). RNA structural analysis also benefits
from bioinformatic modeling tools as programs, such as RNAfold, Mfold,
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and RNAstructure, are built to predict RNA secondary structures based
on thermodynamic stability and chemical calculations (Kazanskii et al.,
2024; Mathews et al., 2004; Zuker, 2003). Proceeding from individual
gene analysis to overall data interpretation, functional enrichment tools,
such as GSEA (Gene Set Enrichment Analysis) and DAVID, are common-
ly used in order for the identification of biological pathways and molecu-
lar functions associated with RNA expression profiles (Chen et al., 2013;
Huang et al., 2009; Subramanian et al., 2005; Yu et al., 2012).

While these analytic tools bring enormously large RNA data in terms
of their sequences, annotations, interactions, and experimental valida-
tions, the need for curated databases that provide structured repositories
of the generated data has emerged inevitably. Today, there are hundreds
of periodically updated RNA databases covering all acknowledged types
of RNAs, their interactions, and even their associations with diseases, in
which the most popular ones, such as miRTarBase, NONCODE, and star-
Base are obtained from Oxford Academic and listed in the Table 1 (Cui et
al., 2025; J. H. Li et al., 2013; Nucleic Acids Research | Oxford Academic,
n.d.; Zhao et al., 2021).

Table 1. Popular RNA databases.

Database Description URL
Repository of miRNA https://www.
miRBase sequences, annotation and mirbase.org/
nomenclature.
Experimentally https://miRTarBase.
miRTarBase validated miRNA—target cuhk.edu.cn/
interactions.

miRNA target prediction https://mirdb.org/

miRDB and functional annotation
database.
Manually curated https://www.
mirGeneDB microRNA gene database mirgenedb.org/

across metazoan species.

Predicted cellular targets http://reptar.ekmd.

RepTar

of host and viral miRNAs. huji.ac.il/
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DIANA-LncBase

Experimentally validated
miRNA—IncRNA

https://diana.e-ce.

uth.gr/Incbasev3

v3 ) )
interactions.
Compendium of human https://Incipedia.
LNCipedia IncRNAs with expression org/
and functional data.
Database of human https://bigd.big.
LncExpDB IncRNA expression across ac.cn/Incexpdb/
biological contexts.
Curated database of http://bio-bigdata.
LncACTdb experimentally supported hrbmu.edu.cn/
ceRNA (IncRNA-miRNA— LncACTdb/
mRNA).
Repository of http://www.
circBase experimentally validated circbase.org/
circular RNAs.
Manually curated http://reprod.njmu.
circRNADb database of human edu.cn/circrnadb
circRNAs.
Comprehensive circRNA https://www.
. database compiling circbank.cn/
circBank
human and various model
organisms.
circRNA annotations from http://yang-
CIRCpedia v2 >]80 RNA-seq datasets laboratory.com/
across six species. circpedia/
miRNA-mRNA, miRNA— | http://starbase.sysu.
starBase IncRNA, RBP-RNA edu.cn/
(ENCORI) interactions _from CLIP-
seq data.
Aggregates ncRNA https://rnacentral.
RNAcentral sequences from multiple org/

sources.
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Integrated knowledgebase

http://www.

NONCODE of IncRNAs and circRNAs noncode.org/
across species.
Database of human https://bioinfo-
snoRNAs with expression scottgroup.med.
snoDB
and interaction data. usherbrooke.ca/
snoDB/
Database of RNA-binding http://rbpdb.ccbr.
RBPDB
protein specificities. utoronto.ca/
Post-transcriptional RNA https://dorina.mdc-
doRiNA interaction repository from berlin.de/
CLIP-seq.
Catalog of RNA families https://rfam.org/
Rfam based on conserved
sequence and structure.
Quality-checked aligned https://www.arb-
SILVA rRNA small and large subunit silva.de/
rRNA sequences.
Manually curated tRNA http://trna.
tRNADB-CE gene database including ie.niigata-u.ac.jp/
environmental sequences.
Genomic tRNA gene http://gtrnadb.ucsc.
GtRNAdb predictions (via tRNAscan- edu/
SE).
Tool/database for http://rna.tbi.univie.
RNAxs predicting target sites of ac.at/cgi-bin/
small RNASs. RNAxs/RNAXs.cgi
Predicts biological targets http://www.
TargetScan of miRNAs across multiple targetscan.org/
species.
Predicts RNA https://www.tbi.
secondary structure via univie.ac.at/RNA/
RNAfold

thermodynamic models
(Vienna).
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Predicts miRNA binding https://bibiserv.
. sites and hybridization cebitec.uni-
RNAhybrid . )
energies. bielefeld.de/
rnahybrid
GEO Archive of gene expression https://www.ncbi.
and sequencing datasets. nlm.nih.gov/geo/
Nucleotide sequence read https://www.ncbi.
SRA archive (sequencing data nlm.nih.gov/sra/
repository).
Curated RNA—disease https://www.
. associations across rnadisease.org/
RNAD:isease
multiple RNA types and
species.
Experimentally supported | http://www.rnanut.
. IncRNA and circRNA net/Incrnadisease/
LncRNADisease ) o )
disease associations with
confidence scoring.
High-quality http://cgga.org.cn/
experimentally supported circRNADisease/
circRNADisease circRNA—disease
relationships across
multiple species.
Curated database of https://github.
. . experimentally validated com/bioinforlab/
CircR2Disease ] ]
circRNA—disease CircR2Disease-v2.0
associations.
Manually curated https://clingen.igib.
. database of circular RNAs res.in/circad/
circad
associated with disease
phenotypes.
Curated human circRNA— https://
. . disease associations with bioinformatics.
Circ2Disease ] ) .
integrated miRNA and zju.edu.cn/
RBP data. Circ2Disease/




94 ¢ Atakan DEMIR, Kazim Yalgin ARGA, Beste TURANLI

Broad gene—disease https://www.
DisGeNET association database disgenet.org/

(includes RNA gene data).

Gene expression (RNA and https://www.ebi.

. protein) across tissues, ac.uk/gxa/home
Expression Atlas O ] )
conditions, including

disease contexts.

The full potential of RNA research is exposed when computational and
experimental data are combined through integrative and systems-level
approaches. Multi-omics integration connects transcriptomic data with
genomic, epigenomic, proteomic, and metabolomic datasets in order to
understand how biological components interact and function together
as a system, and how mechanisms are affected under disease conditions,
which is referred to as the field of systems biology (Hasin et al., 2017). For
instance, co-expression networks and gene regulatory networks can map
interactions among RNAs, proteins, and chromatin modifiers, shedding
light on hierarchical gene regulation of the omics pyramid, where tran-
scriptome act as a bridge between the information and the function. Ma-
chine learning and artificial intelligence further enhance RNA analysis
by enabling the classification of ncRNA subtypes, prediction of disease
associations, and identification of novel functional modules. Supervised
and unsupervised learning models trained on sequence, structure, and
expression features can predict IncRNA functions or prioritize miR-
NA-mRNA target pairs (Zeng et al., 2021). These databases, integrative
frameworks, and computational tools collaborate in order to create a ro-
bust groundwork for deciphering the complexity of RNAome and how
RNAs contribute cellular and organismal phenotypes.

Conclusion and Future Perspectives

This review strongly emphasizes the fact that RNAs are much more
than simple intermediate molecules in protein synthesis as they construct
a dynamic network of gene expression regulation, structural assembly,
catalytic activity, and signal transduction. In addition to an overview of
the major RNAs with their biogenesis, structure, and classical function,
we discussed the specific properties and the emerging roles of non-coding
RNAs in fine-tuning transcriptional regulation and maintaining cellu-
lar homeostasis. Additionally, the ancient evolutionary role of RNA mol-
ecules was described by the RNA World Hypothesis, which also forms
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the conceptual basis for modern functional genomics and high-through-
put sequencing studies. Currently, alongside experimental methods
that reveal diverse RNA functions and structures, the development of
comprehensive databases and advanced bioinformatics platforms with
multi-omics data integration methods have revolutionized the concepts
of molecular cell biology and clinical applications. Yet, there are plentiful
non-coding RNAs whose functions are incognita. Looking forward, there
is a necessity of more detailed mapping of RNA’s structural and function-
al diversity, especially to clarify the roles of obscure non-coding RNAs. It
is also anticipated that the previously identified limitations on the clinical
applications of RNAs will be transcended soon with the rapid advance-
ments in technology and computational science. We do not envision the
routine use of RNA-based treatment strategies in clinical applications as
a distant future prospect.
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