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Abstract. Kidney cancer is one of the most heterogeneous malig-
nant tumors of the urinary system. Despite the development of imaging
techniques and the improvement of surgical approaches, there remains
a high frequency of late diagnosis, recurrence, and the formation of
drug resistance. In recent years, special attention has been paid to the
epigenetic mechanisms of carcinogenesis, primarily DNA methylation,
which is considered as an early, stable, and potentially reversible process
of tumor transformation. The aim of the study is to systematize current
data on the role of epigenetic markers and epigenetically modified genes
in kidney cancer and identify promising areas for their use in diagnosis,
prediction, and personalization of treatment using machine learning
methods. This systematic review of scientific publications for the period
2008-2026 was performed using the databases PubMed, Scopus, Web of
Science, TCGA, and GEO. The analysis includes studies on DNA methyla-
tion, CpG signatures, epigenetic markers, as well as the use of machine
learning algorithms (Random Forest, LightGBM, XGBoost). It has been
shown that epigenetic changes in genes regulating the processes of dif-
ferentiation, angiogenesis and immune response have high diagnostic
and prognostic significance. The integration of DNA methylation data
with machine learning algorithms makes it possible to generate com-
pact CpG signatures that are promising for early diagnosis, recurrence
prediction, and evaluation of the effectiveness of antitumor therapy.
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Epigenetic markers of kidney cancer and machine learning in their clinical application: literature review

The use of epigenetic markers in combination with machine learning
methods opens up new opportunities for personalized oncourology,
providing more accurate stratification of patients and optimization of
treatment tactics.

Keywords: kidney cancer, DNA methylation, machine learning,
personalized oncology, relapse prognosis.

Introduction.

Kidney cancer is one of the most serious problems of modern oncourology, being one of the
ten most common cancers in developed countries [1]. According to data for 2020-2025, renal cell
carcinoma accounts for about 2% of all global diagnoses and deaths from malignant neoplasms,
while in developed countries the incidence has more than doubled over the past half century
[2]. In Russia and Eastern European countries, morbidity rates remain among the highest in the
world, which requires the search for new approaches to early diagnosis [1].

From a clinical and molecular biological point of view, kidney cancer is an extremely het-
erogeneous disease. Its biological behavior ranges from indolent, randomly detected formations
to extremely aggressive forms with early systemic metastasis [3]. Clear cell renal cell carcinoma
(CCCC) dominates the incidence structure, accounting for 75-80% of all cases [4]. Despite the
fact that more than 50% of tumors are now detected accidentally by ultrasound or CT, about 25-
30% of patients already have a metastatic stage at the time of diagnosis, with a five-year survival
rate of only 12-12.3% [4].

Traditional prognostic systems such as TNM staging, Furman score, and creatinine clearance,
although they remain the “gold standard”, are often unable to account for the internal molecular
variability of the tumor [5,6]. The introduction of targeted therapy and checkpoint inhibitors
into practice has significantly improved the prognosis for patients with advanced stages, but
the problem of developing resistance remains unresolved [6]. This highlights the urgent need
to develop a new generation of biomarkers capable of not only diagnosing the disease, but also
predicting the response to therapy.

Between 2008 and 2026, the focus of research shifted from genetic mutations to epige-
netic changes. Epigenetics studies the mechanisms of regulation of gene expression that do not
affect the DNA nucleotide sequence itself, but critically affect the cellular phenotype [6]. The key
process here is DNA methylation, the attachment of a methyl group to cytosine in CpG dinucle-
otides. Aberrant hypermethylation of the promoter regions of tumor suppressor genes leads to
their “silencing”, which is one of the earliest events of carcinogenesis [7].

Inactivation of the VHL (von Hippel-Lindau) gene plays a special role in the pathogenesis
of ccRCC. In addition to somatic mutations, hypermethylation of the VHL promoter is observed in
10-15% of cases of sporadic kidney cancer, acting as an alternative mechanism for gene inactiva-
tion at the earliest stages of tumor transformation [7]. In addition to DNA methylation, changes
in microRNA profiles (for example, miR-210 and miR-34a) are involved in pathogenesis, which
regulate the processes of angiogenesis and apoptosis [6].

The advantage of epigenetic markers is their high stability and the possibility of detection
in biological fluids (blood plasma, urine) by liquid biopsy, which opens the way to non-invasive
screening [2]. However, the high dimensionality of the data obtained using modern sequencing
and methylation arrays (Infinium Human Methylation 450K/EPIC) makes it impossible to analyze
them using traditional statistical methods.
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This is where artificial intelligence technologies come to the fore. Over the past decade,
machine learning methods such as Random Forest, Gradient Boosting, and LASSO regression
have become a key tool for finding meaningful biomarkers among thousands of CpG sites [5].
The use of ML makes it possible to create complex multigenic signatures (for example, from 31
CpG sites) that demonstrate an accuracy of predicting survival and classifying tumor subtypes
exceeding 95-99% [8-9].

Thus, the purpose of this review is to systematize data on the most significant epigenetic
markers of kidney cancer identified between 2008 and 2026, and to analyze the effectiveness
of machine learning methods in creating predictive and diagnostic models that can change the
paradigm of patient management towards personalized medicine.

Materials and methods

Objective

To systematize current data on the role of epigenetic markers and epigenetically modified
genes in kidney cancer and to identify promising areas for their use in the diagnosis, prediction,
and personalization of treatment using machine learning methods.

The present study provides a systematic review of scientific publications devoted to the
study of molecular and epigenetic biomarkers of kidney cancer, with an emphasis on their clinical
application and integration with machine learning methods.

The search for relevant sources was conducted in the international electronic databases
PubMed, Scopus and Web of Science, as well as using the resources of The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO). The search time interval covered the period from
2008 to 2026. The following keywords and their combinations were used to identify publications:
“renal cell carcinoma”, “kidney cancer”, “DNA methylation”, “epigenetics”, “CpG islands”, “biomark-
ers”, “machine learning”, “Random Forest”, “XGBoost”, “LightGBM". The process of identification,
screening, and inclusion of sources is shown in the PRISMA 2020 flowchart (Figure 1).

The inclusion criteria included the selection of peer-reviewed studies based on human
clinical material, which evaluated the genetic and epigenetic markers of kidney cancer, includ-
ing changes in DNA methylation patterns, features of gene expression regulation, as well as the
results of the use of proteomic, metabolomic, and liquid biopsy methods. The analysis included
publications containing a quantitative and/or qualitative assessment of the diagnostic, prog-
nostic, or therapeutic significance of the biomarkers under study, as well as papers on the use
of machine learning methods for analyzing molecular data.

The exclusion criteria were studies with a small sample size, lack of correct statistical
processing or insufficient reproducibility of the results, as well as publications without clinical
interpretation of the identified molecular changes. Additionally, duplicate papers and studies
that did not contain original data or significant methodological contributions were excluded.

The initial search allowed us to identify 92 publications. After removing duplicates and
analyzing annotations, a full-text selection was performed, according to the results of which 41
studies were included in the final review. Of these, 35 presented original clinical, laboratory and
molecular studies, and 6 presented review papers on the mechanisms of epigenetic regulation
of the tumor process.

Most of the included publications (n = 38) were in English, while 3 sources were presented
in Russian. When there were several papers with identical or overlapping datasets, priority was
given to later studies with greater methodological completeness and analytical depth.
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Figure 1. Flowchart of the PRISMA 2020 publication selection process. Source:
compiled by the authors

The analysis of the selected publications was carried out using qualitative data synthesis
with the identification of key areas: the diagnostic significance of epigenetic markers, their pre-
dictive value, as well as the possibility of using machine learning algorithms to build predictive
models for kidney cancer.

Results

The analysis of the studies included in the review showed that molecular and epigenetic
biomarkers occupy a key place in interpreting the mechanisms of initiation and progression of
kidney cancer and have significant potential for clinical use. Modern research demonstrates a
steady transition from the assessment of individual molecular parameters to the use of complex
multigenic and epigenetic signatures. This is due to the pronounced biological heterogeneity of
renal cell carcinoma and the limited informative value of single markers, which often do not take
into account the variability of the tumor microenvironment [2-4].

The greatest attention in the analyzed publications is paid to the ccRCC, which accounts
for up to 80% of all cases of the disease. This subtype is characterized by a wide range of epige-
netic disorders, primarily aberrant DNA methylation in the promoter regions of genes involved
in the control of the cell cycle, hypoxic response, and angiogenesis [3]. Studies confirm that these
changes occur at the earliest stages of tumor transformation, often preceding morphological
changes in the tissue [10, 11].

JLH. T'ymunes amviHdarsl Eypaszus yammuik yHugsepcumeminiy XABAPIBICHI. Buo/io2usinblK FblAbIMOap cepusicobl Ne3(156) 145
BULLETIN of L.N. Gumilyov Eurasian National University. Bioscience series /2026
BECTHHK Espasulicko2o HayuoHa/abHo20 yHusepcumema umeru JL.H. l'ymunaesa. Cepust 6uoso2uieckue HayKu



A. R. Zhanymbetova, D.A. Begimbetova, A.M. Kukanova, U.Y. Kairov, A.K. Makishev

Among the most studied molecular factors, the VHL (von Hippel-Lindau) gene occupies
a special place. The violation of its function in ccRCC can be caused not only by structural mu-
tations or loss of heterozygosity, but also by epigenetic inactivation. Hypermethylation of the
VHL promoter region is detected in 10-15% of cases of sporadic kidney cancer [10, 11]. This
mechanism leads to stabilization of hypoxia-induced factors (HIF-1a and HIF-2a), which triggers
transcription of target genes responsible for neoangiogenesis, glycolysis, and cell growth [12,
13]. The combination of genetic and epigenetic VHL disorders, according to large-scale TCGA
studies, correlates with a more aggressive course of the disease and a significant decrease in
overall survival [14].

In addition to VHL, considerable attention is paid to the genes RASSF1A, CDKN2A, SFRP1
and GSTP1. They show a high frequency of hypermethylation in tumor tissue (from 23% to 60%)
compared with unchanged renal parenchyma [15].

@ RASSF1A: This gene is involved in cell cycle regulation and microtubule stabilization. Its
hypermethylation is closely associated with advanced stages according to the TNM classification
(T3-T4) and the presence of distant metastases [16]. Machine learning models identify RASSF1A
methylation as one of the most stable predictors of an unfavorable outcome [6, 16].

® CDKNZ2A (p16): changes in this locus are considered as an indicator of increased prolif-
erative activity. Methylation of the CDKN2A promoter leads to loss of control over the G1/S point
of the cell cycle, which correlates with a high score on the Furman scale and a poor prognosis [17].

@ SFRP1: epigenetic suppression of the expression of this gene leads to hyperactivation of
the Wnt/B-catenin signaling pathway. This contributes not only to invasive growth, but also to the
epithelial-mesenchymal transition, which is critical for the metastatic spread of the tumor [18].

@ GSTP1: methylation of this gene is often associated with cell protection from oxidative
stress. In the context of kidney cancer; its inactivation can serve as an early diagnostic marker
found in biological fluids [19].

The performance of machine learning algorithms applied to epigenetic data for predicting
clinical outcomes in kidney cancer is summarized in Table 1.

Table 1
Performance of machine learning algorithms for the analysis of epigenetic
data in kidney cancer

Algorithm type | Input data Forecast Accuracy (AUC /
C-index)
Random Forest | DNA Methylation Risk of Metastasis | 0.88
XGBoost Epigenetic and Clinical Overall Survival 0.92
Data
Neural Networks | Multi-Genome Profiles Response to 0.85
Therapy
Light GBM CpG sites (ctDNA) Early relapse 0.90

Source: compiled by the authors based on data from [6,15-19]

The results of the analysis indicate a significant increase in interest in the development of
compact CpG signatures that include a limited number of the most informative methylation sites.
Such panels are selected using advanced statistical methods and machine learning algorithms,
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which makes it possible to minimize data redundancy and identify the most stable markers
[19-22]. According to the analyzed studies, multilocus signatures are significantly superior to
single biomarkers in their diagnostic and prognostic effectiveness, since they are able to take
into account the internal heterogeneity of the tumor.

In particular, compact panels comprising 7 to 15 specific CpG sites demonstrate excep-
tional accuracy of differentiation of tumor tissue and normal renal parenchyma, reaching AUC
values above 0.90 [5]. To solve more complex clinical problems, such as long-term prognosis
of survival, advanced models using sets of 25-40 CpG sites are used [19]. The stability of these
models is confirmed by the results of external validation on independent samples (for example,
data from the GEO repository), where they show reproducible results [22].

The biological significance of such models is supported by the fact that most of the selected
CpG sites are localized in regulatory regions of genes critically important for carcinogenesis. These
are the genes responsible for neoangiogenesis, metabolic restructuring, and the formation of a
suppressive immune microenvironment of the tumor [23]. The integration of these signatures
into clinical practice can significantly improve the accuracy of stratification of patients by risk
groups (Table 2).

Table 2
Characteristics of key CpG signatures in kidney cancer (2008-2026)

Biomarker Sample Sensitivity/specificity Application
type

SHOX2 Blood 81% / 95% Monitoring of recurrence after
plasma nephrectomy

SEPT9 Blood 68% / 89% Early screening and diagnosis
plasma

RASSF1A Urine 72% / 90% Non-invasive screening of risk

groups

ctDNA-panel Blood >85% (combined Detection of minimal residual

plasma sensitivity) disease

Source: compiled by the authors based on data from [5, 22-23]

Machine learning methods are currently widely used to analyze high-dimensional epige-
netic data. In research from 2008 to 2026, Random Forest, Support Vector Machine, XGBoost,
and LightGBM became the most popular algorithms for constructing classification and predic-
tive models [12, 13, 21-23]. These approaches make it possible to efficiently process arrays of
methylation data (big data) and identify complex nonlinear relationships between epigenetic
features and clinical outcomes, which often escape when using classical statistics [24].

The greatest predictive power is demonstrated by models that include multi-stage pre-se-
lection of the most informative features (feature selection) and mandatory external validation
on independent patient samples [24]. Additionally, it was found that the integration of DNA
methylation profiles with gene expression data allows for deeper consideration of the biologi-
cal heterogeneity of the tumor, identifying prognostically significant subgroups of patients who
require different surveillance strategies [12, 23].

In most of the analyzed works, such models reach AUC values (area under the curve)
above 0.85, which confirms their high diagnostic reliability. In separate studies using optimized
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CpG signatures and deep learning, an AUC of 0.99 is reported [25]. The stability and accuracy of
these models are confirmed by validation on independent cohorts, which makes them promising
for implementation in medical decision support systems [126]. It is noteworthy that many prog-
nostically significant CpG sites are localized outside of traditional CpG islands, which indicates
the critical role of methylation in broader regulatory regions of the genome.

The results of the review also indicate a marked increase in interest in the use of epigenet-
ic markers in the framework of liquid biopsy technologies. Compared with traditional invasive
methods, the analysis of biological fluids provides the possibility of dynamic monitoring of the
tumor process, which is especially critical for patients with high operational risk or advanced
forms of the disease [27].

Studies show that the analysis of circulating tumor DNA (ctDNA) methylation in blood
plasma makes it possible to identify the tumor process at an early stage and monitor the presence
of minimal residual disease after surgery [28]. ctDNA epigenetic signatures are characterized by
high stability and frequency of occurrence compared to somatic mutations, which significantly
increases their diagnostic value with a low volume of tumor load [29].

Special attention is paid to the hypermethylation of the promoter regions of the RASSF1A4,
VHL, and APC genes. These markers are consistently detected in the blood plasma of patients
with renal cell carcinoma, and their concentration correlates with the stage of the disease and
the risk of metastasis [15-17]. The inclusion of these indicators in combined multigenic panels
can significantly increase the sensitivity of liquid biopsy (Table 3).

Table 3
Epigenetic markers of liquid biopsy in kidney cancer (2008-2026)
Panel Name Number of Markers Data Type Accuracy
CpG Signature 126 126 sites Methylation Array 0,94
Diagnostic Panel 7 7 genes Q-MSP 0,89
Survival Signature 31 31 sites NGS / array 0,91
Integrative Omics Methylation + RNA Multiplatform analysis 0,96

Source: compiled by the authors based on data from [21, 25-29]

An analysis of modern publications from 2008-2026 has shown that epigenetic regulation
involving microRNAs (miRNAs) and long non-coding RNAs (Inc RNAs) plays a fundamental role in
the pathogenesis of kidney cancer. These molecules are considered as one of the most promising
sources of new biomarkers, as they have high stability in biological fluids and tissues [30-33].
Disruptions in the expression of non-coding RNAs have a systemic effect on gene networks that
regulate the cell cycle, neoangiogenesis, and modulate immune responses in the tumor microen-
vironment, which together contribute to aggressive growth and metastatic disease progression.

A number of studies convincingly prove that a marked decrease in the expression of mol-
ecules such as miR-141, miR-200c and miR-30a is a key trigger of the epithelial-mesenchymal
transition. This leads to a loss of intercellular contacts and a sharp increase in the invasive and
metastatic potential of tumor cells [34, 35]. At the same time, the overexpression of oncogenic
microRNAs, primarily miR-21 and miR-155, significantly correlates with an unfavorable prognosis,
low response to targeted therapy, and an overall decrease in patient survival [33, 35].

Of particular interest for precision oncourology is the data on the cross-interaction of
different levels of epigenetic regulation. It has been established that the expression of many
microRNA suppressors is suppressed not due to mutations, but as a result of hypermethylation
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of their own promoter regions [34, 35]. For example, the methylation of a group of microRNA
genes makes it possible to predict the risk of developing distant metastases with high accuracy
(sensitivity up to 68-75%), even at clinically localized stages [36, 37]. The combined analysis of
miRNA profiles and DNA methylation patterns (an integrative omix approach) makes it possi-
ble to create predictive models with AUC above 0.92, which is significantly more accurate than
traditional morphological assessment systems [38].

Clinically significant microRNAs associated with the progression of renal cell carcinoma
are systematized in Table 4.

Table 4
miRNAs associated with the progression and prognosis
of kidney cancer (2008-2026)
miRNA Character of Mechanism of action Clinical effect
changes
miR-21 Overexpression PTEN inhibition Reduction of overall
survival
miR-155 | Overexpression Modulation of the immune Aggressive course of
response the disease
miR-200c | Reduced expression | Induction of epithelial- High risk of
mesenchymal transition (EMT) metastasis
miR-30a | Reduced expression | Activation of the Snail / Slug Short relapse -free
pathway period
miR-141 | Reduced expression | Regulation of cell differentiation | Specific subtype
marker

Source: compiled by the authors based on data from [32-38]

The results of the analysis indicate that a significant part of modern research is aimed at
developing comprehensive epigenetic models for predicting the clinical course of kidney can-
cer and individually assessing the response to therapy. It has been established that the use of
quantitative data on DNA methylation in combination with key clinical parameters (TNM stage,
Furman scale score) makes it possible to form precision prognostic scales. Such scales demon-
strate significantly higher accuracy compared to traditional clinical and pathological models,
as they objectively reflect the biological potential of the tumor at the molecular level [39, 40].

A number of representative publications have shown that specific epigenetic signatures
can reliably predict the risk of recurrence after radical nephrectomy, as well as overall and dis-
ease-free survival rates [38, 39]. The most important feature of models based on DNA methylation
patterns is their independent predictive significance. This means that the epigenetic status of
the tumor retains its predictive power even after statistical correction for the stage of the tumor
process and the degree of its differentiation [5, 16]. For example, methylation markers make it
possible to effectively stratify patients within the same risk group (for example, Stage I according
to TNM), identifying those who need more intensive adjuvant monitoring [41].

Special attention in the studies of 2020-2025 is paid to the predictive role of epigenetic
markers in the context of systemic treatment. It has been shown that certain patterns of methyl-
ation of promoter regions of genes associated with angiogenesis and metabolism are associated
with sensitivity to vascular endothelial growth factor receptor inhibitors [41, 42]. In addition,
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epigenetic predictors of response to immune checkpoint inhibitor therapy are being actively
studied. Methylation patterns in the loci regulating T-lymphocyte activity and expression of
PD-L1 molecules open up prospects for personalized selection of the most effective antitumor
treatment regimen and minimizing toxicity [42, 43].

The main characteristics of modern predictive and predictive models are presented in
Table 5.

Table 5
Epigenetic models for predicting and predicting kidney cancer (2008-2026)
Algorithm type | Input data Forecast Accuracy (AUC /
C-index)
Random Forest | DNA Methylation Risk of Metastasis | 0,88
XG Boost Epigenetic and Clinical Overall Survival 0,92
Data
Neural Networks | Multi-Genome Profiles Response to 0,85
Therapy
Light GBM CpG-sites (ctDNA) Early relapse 0,90

Source: compiled by the authors based on data from [5, 16, 38-46]

A comparison of data from domestic and foreign studies demonstrates a high degree of
consistency in the results regarding key epigenetic disorders characteristic of kidney cancer.
Despite the differences in the design of the papers and the analytical approaches used - from
targeted PCR panels to genome-wide sequencing - most authors agree on the high clinical promise
of epigenetic markers for both early diagnosis and prediction of disease outcomes [6].

At the same time, there is a significant variability in the results obtained. This is due to the
pronounced biological heterogeneity of the cohorts studied, differences in technological platforms
for methylation analysis (for example, using arrays of different densities), and the variability of
statistical methods and machine learning algorithms used. These factors indicate the urgent
need to unify methodological approaches and conduct large-scale multicenter studies involving
independent groups of patients in order to standardize the data obtained.

It has been proven that epigenetic models can be considered as a reliable clinical tool only
after passing through the stage of strict external validation and confirmation of reproducibility
in various populations [44]. Despite the existing barriers, the rapid development of high-per-
formance sequencing methods and the improvement of bioinformatic analysis contribute to the
gradual overcoming of these limitations. This opens up real opportunities for the full integration
of epigenetic biomarkers into personalized medicine systems, allowing them to be combined with
traditional clinical and pathological variables to increase the specificity of the prognosis [45].

In recent years, the research focus has shifted towards the development of marker panels
associated with the risk of metastasis and survival of patients receiving antiangiogenic therapy
[45, 46]. Nevertheless, experts emphasize the need for further validation of potential markers
in prospective studies to definitively determine their clinical significance [44]. The key condi-
tion for the introduction of these technologies into routine practice remains the development
of standardized methylation assessment protocols and the definition of clear cut-off values for
interpreting the results [45].
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Discussion: Summarizing the results of modern research shows that molecular and epi-
genetic biomarkers play a fundamental role in understanding the mechanisms of formation,
progression and clinical manifestation of kidney cancer. Unlike genetic mutations, which are
irreversible changes in the primary sequence of nucleotides, epigenetic aberrations are charac-
terized by potential reversibility. This plasticity makes them extremely promising objects both
for the development of early population screening systems and for the creation of innovative
therapeutic strategies aimed at the “epigenetic reprogramming” of tumor cells [46].

The data obtained confirm the pronounced epigenetic heterogeneity of clear cell renal
cell carcinoma (ccRCC). Aberrant hypermethylation of promoter regions of classical suppressor
genes such as VHL, RASSF1A, CDKN2A, and SFRP1 is considered not only as a specific diagnostic
sign of tumor transformation, but also as a potential therapeutic target [16-18]. The biological
reversibility of these disorders opens up wide possibilities for the use of DNA methyltransferase
inhibitors and other demethylating agents. Such drugs are able to restore the normal expression
of cell cycle regulatory genes and apoptosis mechanisms, significantly reducing the invasive and
metastatic potential of the tumor [4, 12].

Epigenetic inactivation of the VHL gene plays a key role in the pathogenesis of ccRCC, which
triggers a cascade of pseudohypoxic response even under conditions of normal tissue oxygen
saturation. This leads to pathological stabilization of HIF factors and activation of a powerful
angiogenic response [5]. Studies show that the combination of structural mutations of the VHL
gene with epigenetic disorders of its regulation is associated with the most aggressive clinical
phenotypes and a significant decrease in overall survival [7, 15]. This fact highlights the urgent
need to implement complex molecular profiling protocols to accurately stratify patients into
risk groups [8-10].

CpG signatures, which include a panel of several of the most informative methylation sites,
are of significant interest for clinical practice. In conditions of high intracellular heterogeneity of
renal cell carcinoma, it is precisely such multigenic panels that demonstrate significantly higher
diagnostic and prognostic accuracy compared to the analysis of single markers [11, 18]. Their
integration into the diagnostic algorithm allows not only to perform reliable differential diag-
nosis of neoplasms, but also to assess the individual risk of recurrence after the surgical stage
of treatment with high sensitivity [41, 45].

An important technological stage in the development of this area was the active introduc-
tion of machine learning methods, including Random Forest, XGBoost, and LightGBM algorithms.
These tools have significantly expanded the possibilities of bioinformatic analysis of high-dimen-
sional omix data [8, 9, 13, 21]. Mathematical models capable of identifying complex nonlinear
relationships between epigenetic profiles and clinical outcomes demonstrate the best predictive
power (AUC > 0.85) when validated on independent patient samples [10, 11, 19].

The parallel development of liquid biopsy technologies allows the use of circulating tumor
DNA (ctDNA) methylation patterns for highly accurate noninvasive monitoring [47]. Dynamic
assessment of ctDNA methylation levels in blood plasma or urine provides a unique opportunity
to track tumor evolution in real time, detect minimal residual disease, and identify early signs
of metastasis long before their clinical and radiological manifestation [41, 47]. For example, hy-
permethylation of the SHOX2 locus in plasma after surgery is a proven independent risk factor
for recurrence, independent of the classical stage of TNM [46].

An additional contribution to the complex system of regulation of carcinogenesis is made
by microRNAs and long non-coding RNAs, the aberrant expression of which directly correlates
with the progression of the disease and its resistance to therapy [41, 45]. The synergy of DNA
methylation data and non-coding RNA profiles within a single analytical platform makes it pos-
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sible to create the most advanced predictive models, providing a fundamental basis for precision
patient management [1, 2].

Despite the obvious progress, the widespread introduction of these biomarkers into the
routine practice of oncourologists is currently limited by the lack of internationally accepted
standardized protocols, the variability of results between laboratories, and the high cost of tech-
nological solutions [48]. In addition, most innovative models still need large-scale multicenter
prospective studies [49]. Nevertheless, in the long term, the integration of epigenetic data with
genomic and transcriptomic landscapes (a multiomic approach) can fundamentally change
kidney cancer diagnosis and treatment strategies, making personalized medicine a reality [50].

Discussion

A systematic analysis of the current scientific literature (2008-2026) convincingly demon-
strates that epigenetic changes and, first of all, aberrant DNA methylation play a fundamental role
in the pathogenesis of renal cell carcinoma. Methylation of the promoter regions of key suppressor
genes, such as VHL, RASSF1A, CDKN2A, and SFRP1, was found to be not just a concomitant trait,
but a critical driver of tumor progression and metastasis. The use of these epigenetic markers
allows clinicians to more accurately assess the biological features of a particular tumor, effectively
stratify patients by risk groups, and predict the clinical course of the disease with an accuracy
that significantly exceeds the capabilities of traditional staging systems.

The integration of high-dimensional epigenetic data with advanced machine learning
techniques has been a major technological breakthrough of the last decade. This contributed to
the formation of precision prognostic models that demonstrate high diagnostic strength (AUC
in the range of 0.85-0.92). Such signatures, which include panels of specific CpG sites, open up
fundamentally new opportunities for a personalized approach: from individual selection of tar-
geted therapy to predictive assessment of the response to checkpoint inhibitor immunotherapy.

Additional and extremely promising prospects are associated with the rapid development
of liquid biopsy technologies. Detection of methylated circulating tumor DNA in blood plasma
and urine enables highly sensitive non-invasive monitoring. This allows us to solve the problems
of early detection of relapses, identification of minimal residual disease, and evaluation of the
effectiveness of surgical treatment without the need for repeated traumatic biopsies. Monitoring
of hypermethylation of the SHOX2 gene, which has proven to be a reliable independent biomarker
of the risk of disease progression, is of particular clinical importance.

At the same time, despite the obvious success, a comprehensive work on standardization of
methodological approaches is necessary for the large-scale introduction of epigenetic biomarkers
into the routine clinical practice of oncourological centers. Key challenges remain the need to
unify pre-analytical sample preparation protocols, conduct international multicenter prospective
studies, and strictly confirm the reproducibility of results in independent population cohorts.

Thus, further development of epigenetic and multi-genomic approaches in combination
with modern bioinformatic technologies is the most promising vector for the development of
modern oncology. The synergy of fundamental knowledge about the epigenetic landscape of the
tumor and the capabilities of artificial intelligence can significantly improve the effectiveness of
diagnostics in the coming years, radically change the treatment strategies for kidney cancer, and,
ultimately, significantly improve the survival rates and quality of life of patients.
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KOJIJaHyAaFbl MALIUHAJIBIK OKBITY: 9 e0HeTTepre Moy
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Anparna. byiipek KaTepJi iciri — 39p mbIFapy »XYHecCiHiH eH reTeporeH/i KatepJi
iciktepiHiH 6ipi. beliHesey afjicTepiHiH AaMyblHA }KoHe XUPYPTrUSIbIK TICIIAEPAIH XKeTiAipinyine
KapaMacTaH, Kelll JUarHOCTUKAaHbIH, KaWTaJIaHY/blH *XoHe Japire Te3iMAiMIKTIH »KOFapbl
UiJiri caktanyzga. COHFBI XKbl1apbl KAHLEPOTreHe3/[iH 3MTeHEeTUKAJIbIK MeXaHU3M/epiHe,
eH, a/I/ibIMeH, icik TpaHCPOpMaLUSACBIHbIH epTe, TYPAKThI KdHe bIKTUMaJl KauThIM/ bl poLeci
peTtiHze KapacTtelpbLiaThiH JIHK MeTu1ieHyiHe epeKiie Ha3ap ayJapblijbl. 3epTTeyAiH MaKCcaThbl
- 6yipek KaTepJi icirineri anureHeTUKa/bIK MapKepJiep MeH 3SNMreHeTUKAJIbIK TYpJieHAipiareH
reHziep/iH peJii TypaJbl 3aMaHayHy JiepeKTep/i xKyHreJsiey »KoHe oJ1ap/bl MalllUHAJIBIK OKBITY
d/licTepiH KoJI/laHa OTBIPHII, AUATHOCTHUKA/IA, 60J1Kay/a )KoHe eM/ley/li )KeKeJleHAipy/ie Ko1AaHy
YLIiH epcrneKTHUBaJbl aiMaKTapAbl aHbIKTay. 2008-2026 bligap apajiblFbIHAAFbl FBIJIBIMU
»KapUsiJlaHbIM/lapFa ochl kyHedti oy PubMed, Scopus, Web of Science, TCGA kone GEO
JlepeKKopJIapbIH Nakjanana oTelpbin xkyprisingi. Taagay IHK MeTungenyin, CpG KosTaH6anaphbiH,
3NMreHeTUKaJIbIK MapKepJepAi 3epTTeyAi, COHZlal-aK MalllMHa/IbIK OKbITY aJITOPUTM/EPiH
(Random Forest, LightGBM, XGBoost) naiigananybl KaMmTuzpsl. lupdepeHnuanms, aHruoreHes
»KoHe UMMYH/IbIK »Kayall IPOLieCTepPiH peTTEeNUTIH reHiep/eri SIUreHeTUKAJIbIK 63repicTepAiy,
JINAaTHOCTUKAJIBIK *KoHe 60J1’KaM/IbIK, MaHbI3bI )KOFapbl eKeHiri gasennedai. IHK metunaeny
JlepeKTepiH MallMHAJBIK OKbITY aJITOPUTM/IepiMeH OipiKTipy epTe JUarHOCTUKA, peliuIUBTePAi
60J1Kay >KoHe iCiKKe Kapchl TepalyAHbIH TUIM/IJIIriH 6aFanay yiuiH nepcrnektuBasnbl CpG
KOoJITaHOaslapblH XKacayfa MYMKIiH/iK 6epe/ii. JIUTreHeTUKaJIbIK MapKepJiep/i MalluHaJbIK,
OKBITY d/licTepiMeH bOipre KoJsJaHy NallMeHTTeP/iH, /191 CTpaTUPUKALUSACHIH XXoHEe eM/ley
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Ty#iH ce3aep: 6yiipek KatepJi iciri, JHK MeTuneHyi, MaliMHa/IbIK OKBITY, >KeKeJleHipiJireH
OHKOJIOTUSl, KahTaJlaHy 60/KaMBbl.

dnureHeTu4eckKkye MapKepbl paka NOYKU U MalIMHHOE 06y4YeHHe B UX KIMHUYE€CKOM
NpUMEHEeHUM: 0630 JIUTEPATYPHhI

*ausim6eToBa A.P.}, Berum6eroBa /I.A.%", Kykanosa A.M.3,
Kaupos Y. E.*, Makumes A.K.®

135 Kadeapa onkosnoruu, HAO «MeAMLMHCKMI yHUBepcUTeT AcTaHa», AcTaHa, Kasaxcran
! UIHCTUTYT MHHOBALMOHHOM MeJULMHbI, AcTaHa, Kasaxcran
23 TabopaTopusl MOJIEKY/IAPHOM OHKOJIOTUH, LIeHTp HayK 0 KHU3HH,
National Laboratory Astana, ActaHa, KazaxcTan
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National Laboratory Astana, ActaHa, KazaxcTan
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AHHOTanMs. Pak noyku sIBJsIeTCS OJHOM U3 HauboJiee TeTEPOTEHHbBIX 3/10Ka4YeCTBEHHbBIX
OIyX0JIEd MOYEBBIJEJNUTENbHONU cUcTeMbl. HecMOTps Ha pa3BUTHE MeTOL0B BHU3yaM3alii1
Yl COBEpLIEHCTBOBAaHUE XUPYPruieCcKux NOoAX0/I0B, COXpaHSEeTCs BbICOKAsl 4acTOTa Mo3Hel
JIMaTHOCTHKH, pelJUIUBOB U GOPMUPOBaAHUS JIeKAPCTBEHHON YCTOMYHUBOCTH. B mociiegHue
roJibl 0c060e BHUMaHUE y/e/s1eTCs SNUTeHETUYeCKUM MeXaHH3MaM KaHIeporeHesa, B IepBYI0
ouepesb MeTuaupoBaHuio JJHK, koTopoe paccMaTpuBaeTcs Kak paHHUH, CTaOUJIbHBIN U
NOTEeHIMaJbHO 06pPAaTUMbIH NpoLeCcC 0MMyxoJieBor TpaHcdopmanuu. Llesbio uccienoBaHus
SIBJISIETCSI CUCTEMAaTH3alMsl COBpEMEHHbIX JAHHBIX O POJIM SIUT'eHETUYECKUX MAapPKEPOB U
3NMUreHeTU4YeCKU MOAUGULIMPOBAHHbBIX I'€HOB IMPU paKe MOYKH U BbIsIBJIEHHE NEPCIEKTUBHbBIX
o6J1acTe AJ151 UX MUCM0JIb30BAaHUS B JUATHOCTHKE, IPOrHO3UPOBAHUU U TepCOHAIU3ALUU JIeUeHUs]
C UCI0JIb30BaHHWEM METO/I0B MAlIMHHOTO 06y4YeHusl. HacTosmui cucteMaTUyeCKUi 0630p HayYHbIX
ny6sinkanui 3a nepuoa 2008-2026 rr. 66171 IPOBE/IEH C MCMOJIb30BaHHEM 6a3 AaHHbIX PubMed,
Scopus, Web of Science, TCGA 1 GEO. AHasiiu3 BKJIt0YaeT B ce6s1 MCC/IeIOBaHUSI METUIMPOBaHUS
JAHK, CpG-curHaTtyp, anureHeTU4eCKMX MapKepoB, a TAKXKe UCI0JIb30BaHUE aJITOPUTMOB
MalrHHOro 06y4yeHusa (Random Forest, LightGBM, XGBoost). /lokazaHo, 4To anUreHeTUYECKHUE
M3MeHEeHHs B reHaX, peryJupyouux npoeccol JupdepeHIMpoBKY, aHTMOreHe3a U UMMYHHOT0
OTBETA, UMEIOT BbICOKOE JUATHOCTUYECKOE U MPOTHOCTUYECKOe 3HaYeHUe. MHTerpauus JaHHbIX
o MmetuaupoBanuu JIHK c anropurmMamMmu MalilMHHOTO 00y4€eHUs M03BOJISIET FTeHEPUPOBATh
KoMnakTHble CpG-CUTHATYPbI, KOTOPBIE SBJSIOTCSA NEPCHEKTUBHBIMU /1S PAHHEW IUArHOCTUKH,
NPOTHO3UPOBAHUS PELIMANBOB U OlleHKH 3G GEeKTUBHOCTU NMIPOTHBOOIYX0J€BOM TEpPAINHUH.
Hcnosib30BaHMe 3NUTeHETUYECKUX MAapPKEPOB B COYETAHUU C METOJaMH MAalIMHHOTO 00y4eHus
OTKPBIBAET HOBbIE BO3MOXXHOCTH /[IJI51 IEPCOHA/IM3MUPOBAHHON OHKOYPOJIOTUH, 06ecreynBas
60Jiee TOUHYIO CTPATH(PHUKAIUIO MALMEHTOB U ONTHUMHU3AIUI0 TAKTUKHU JIeUeHHs.

KiwueBble cjo0Ba: pak noyku, MetuarpoBaHue /JIHK, maminHHOe oGy4dyeHuUeE,
NepCoOHAJIM3UPOBAHHAsA OHKOJIOTUS, IPOTHO3 pel U/ UBa.
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