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Abstract
While RNA-sequencing (RNA-seq) is cost-effective and widely available, obtaining 
comprehensive DNA methylation profiles remains resource-intensive. To bridge this 
gap, we developed a deep variational autoencoder (VAE) framework for predicting 
DNA methylation patterns directly from RNA-seq data in renal clear cell carcinoma. 
Using The Cancer Genome Atlas–Kidney Renal Clear Cell Carcinoma dataset—
sourced from cBioPortal and selected for its clinical relevance in renal clear cell 
carcinoma and high-quality paired omics data—we implemented a rigorous pre-
processing pipeline including quality control, missing data imputation, and RNA 
feature selection based on variance and predictive power. A patient-wise 80/20 
train–test split was employed to prevent data leakage. A deep VAE (NetVAE) with 
residual encoder blocks was trained to learn a compressed latent representation of 
the methylome and reconstruct genome-wide beta values directly from RNA-seq 
input. On the independent test set (n = 55 patients), the NetVAE achieved R2 = 0.627, 
mean absolute error = 0.135, and Pearson correlation coefficient r = 0.792 (p < 0.001). 
Spearman correlation was 0.641 (p < 0.001). Scatter and density plots confirmed 
strong predictive power across the full range of beta values. This framework offers a 
practical, cost-effective method for inferring methylation landscapes from RNA-seq 
data, with significant potential for biomarker discovery and retrospective epigenetic 
studies in renal clear cell carcinoma, where direct methylation profiling is unavailable.
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1. Introduction

1.1. Background and clinical significance

The addition of methyl groups to cytosine bases at cytosine–phosphate–guanine 
(CpG) dinucleotides in DNA constitutes one of the most extensively studied epigenetic 
modifications in human biological systems.1 This reversible modification functions as a 
key regulator of gene expression, genome stability, and cellular differentiation.2 Aberrant 
DNA methylation patterns—including hypermethylation of tumour suppressor gene 
promoters and genome-wide hypomethylation leading to chromosomal instability—are 
hallmarks of cancer development.3,4
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Renal cell carcinoma (RCC) accounts for approximately 
90% of all kidney cancers; clear cell renal cell carcinoma 
(ccRCC) is its most prevalent subtype, comprising 
approximately 75% of cases.5 Comprehensive genomic and 
epigenomic characterisation has demonstrated that DNA 
methylation alterations are fundamental drivers of ccRCC 
development, disease progression, and patient survival 
outcomes.6,7 Identifying methylation-based biomarkers 
holds considerable promise for improving diagnostic 
precision, risk stratification, and treatment selection in 
ccRCC.8

1.2. Current challenges and opportunities

Platforms such as the Illumina Infinium 
HumanMethylation450/EPIC BeadChip arrays and whole-
genome bisulfite sequencing provide high-resolution 
methylation data but remain substantially more expensive 
than RNA-sequencing (RNA-seq).9 This cost disparity 
hinders large-scale epidemiological studies, multi-site 
clinical trials, and retrospective analyses of biobanked 
RNA-seq data lacking paired methylation information.10 
The majority of cancer biobanks and public repositories 
harbour extensive RNA-seq datasets from the past decade 
that are unaccompanied by methylation profiles.11

Integration of machine learning with multi-omics 
data has emerged as a powerful strategy to address these 
limitations.12,13 Gene expression patterns captured by 
RNA-seq encode information that correlates with DNA 
methylation states, since both molecular layers reflect 
underlying regulatory networks and cellular phenotypes.14,15 
Several computational methods have attempted to exploit 
this relationship, yet most focus on pan-cancer models or 
single-algorithm strategies that may not fully capture the 
complex non-linear relationships between transcriptomes 
and methylomes.16,17

1.3. Rationale for dataset and model selection

We selected The Cancer Genome Atlas–Kidney Renal 
Clear Cell Carcinoma dataset (TCGA–KIRC) cohort for 
several strategic reasons. First, TCGA–KIRC provides 
high-quality, well-annotated paired RNA-seq and DNA 
methylation data from the same patient samples, enabling 
supervised learning with matched ground truth.18 Second, 
the cohort contains a sufficient sample size (275 patients 
after quality control) to train deep learning models while 
maintaining a fully independent test set.19 Third, restricting 
analysis to a single cancer subtype enables the model 
to learn tissue-specific and disease-specific regulatory 
patterns rather than averaging across heterogeneous cancer 
types, potentially improving prediction accuracy.20,21

Our choice of a deep variational autoencoder (VAE) 

architecture—implemented as NetVAE with residual 
encoder blocks—was motivated by the model’s capacity 
to learn a compact probabilistic latent representation 
of the high-dimensional methylome while preserving 
biologically meaningful global structure.22,23 VAEs excel 
at generative modelling and can handle the continuous, 
bounded nature of CpG beta (β) values through their 
principled probabilistic framework.24 The residual 
connections mitigate vanishing-gradient problems in deep 
networks and enable richer feature hierarchies, which are 
critical when mapping complex transcriptome–methylome 
associations.25 The end-to-end single-model design also 
eliminates the inter-stage error propagation inherent to 
two-stage ensemble pipelines.

1.4. Study objectives and novelty

To the best of our knowledge, this study represents the 
implementation of a deep VAE with residual encoder 
blocks to predict locus-specific DNA methylation β 
values from RNA-seq data in renal clear cell carcinoma. 
This constitutes a methodological advance over existing 
approaches, which have primarily employed single-
algorithm strategies, focused on pan-cancer datasets 
that may dilute tissue-specific signals, or lacked rigorous 
evaluation on fully independent test cohorts.26,27 Our 
patient-wise data split—which prevents any information 
from a given patient appearing in both training and test 
sets—also provides more realistic performance estimates 
than CpG-level or random splitting strategies used in prior 
work.

The specific objectives of this study are: (i) To develop 
and validate a deep VAE framework for predicting DNA 
methylation β values from RNA-seq expression data in 
the TCGA–KIRC cohort; (ii) to systematically evaluate 
prediction performance using multiple complementary 
metrics on a completely independent test set; (iii) to 
contextualise the achieved accuracy relative to published 
cross-omics prediction benchmarks and to assess its 
practical utility for cost-effective methylation screening 
and biomarker discovery; and (iv) to provide a transparent, 
reproducible computational pipeline adaptable to other 
cancer types or multi-omics integration tasks.

2. Materials and methods

2.1. Data source and patient selection

Paired RNA-seq gene expression and DNA methylation 
array data were obtained from TCGA–KIRC cohort via the 
cBioPortal for cancer genomics (https://www.cbioportal.
org).28 The fundamental rationale for using paired data 
is as follows: The model was first trained on matched 
RNA-seq and DNA methylation profiles so that it could 
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subsequently predict methylation from RNA-seq input 
alone, without requiring methylation assays in prospective 
or retrospective cohorts. The initial dataset comprised 
291 patient samples with available transcriptomic and 
methylation profiles. To ensure data quality and reliability, 
we implemented stringent quality control (QC) criteria, 
resulting in the exclusion of 16 samples (5.5% of the initial 
cohort) for the following reasons:

•	 RNA-seq samples with total read counts below 10 
million mapped reads (n = 5), indicating insufficient 
sequencing depth and unreliable expression 
quantification;

•	 Methylation array samples with detection p-value 
failure rate exceeding 5% across probes (n = 4), 
indicative of technical artefacts or poor sample quality;

•	 Samples with more than 15% missing values in 
either RNA-seq or methylation data (n = 4), where 
imputation would introduce excessive uncertainty;

•	 Samples lacking critical clinical annotations required 
for downstream validation analyses, including tumour 
stage and histological subtype (n = 3).

Sensitivity analyses comparing QC-filtered and 
unfiltered datasets confirmed that exclusion of these 16 
samples reduced noise in both feature spaces without 
introducing systematic bias in tumour stage or histological 
subtype distribution. After applying these QC filters, 
275 high-quality paired samples were retained for all 
subsequent analyses.

2.2. RNA-sequencing data processing and quality 
control

RNA-sequencing data were downloaded as fragments per 
kilobase million (FPKM) normalised expression values 
generated by the TCGA RNA-seq pipeline using spliced 
transcripts alignment to a reference and RNA-seq by 
expectation-maximization quantification.29 We applied the 
following sequential QC and preprocessing steps:

•	 Gene filtering: Genes with zero or near-zero expression 
(mean FPKM < 0.1) across all samples were removed 
to eliminate non-expressed or unreliably detected 
transcripts, reducing noise in downstream analyses.

•	 Variance-based feature selection: Median absolute 
deviation was calculated for each gene across 
all samples; the top 5,000 genes with the highest 
variance were retained. This threshold was selected 
because prior studies have demonstrated that highly 
variable genes capture most biologically informative 
variance in cancer transcriptomes while maintaining 
computational tractability.30,31 Genes with low 
expression variance carry minimal predictive signal 

for epigenetic states.
•	 Log2 transformation: FPKM values were incremented 

by 1 prior to log2 transformation to stabilise variance 
and approximate a normal distribution, enhancing 
model performance.

•	 Z-score normalisation: Each sample’s expression 
profile was standardised (mean = 0, standard deviation 
= 1) to remove library-size variations and technical 
batch effects, ensuring comparability across patients.

2.3. DNA methylation data processing and quality 
control

DNA methylation data were derived from Illumina Infinium 
HumanMethylation450 BeadChip arrays processed by the 
TCGA consortium.32 Methylation levels are represented as 
β = M/(M + U), where M and U denote methylated and 
unmethylated signal intensities, respectively; values range 
continuously from 0 (completely unmethylated) to 1 (fully 
methylated). Comprehensive QC procedures comprised:

•	 Probe filtering: Probes mapping to sex chromosomes 
(X and Y) were excluded (n = 11,648 probes removed) 
to avoid sex-specific confounding effects.33

•	 Cross-reactive probe removal: Probes known to cross-
hybridise to multiple genomic locations were excluded 
based on published annotation lists (n = 29,233 probes 
removed), preventing spurious methylation signals.34

•	 Detection p-value filtering: Probes with detection 
p-values > 0.01 in more than 5% of samples were 
removed, indicating unreliable measurements.

•	 Missing value imputation: Residual missing β values 
(<2% of the total data matrix) were imputed using 
k-nearest neighbours (k = 5) based on Euclidean 
distance in methylation space, preserving local 
correlation structure.35

After all filtering steps, 385,553 high-quality CpG 
probes remained for downstream analysis.

2.4. Feature selection for methylation prediction

To refine the methylation feature space and prioritise CpG 
sites most amenable to prediction from gene expression, 
a two-stage selection strategy was applied. First, variance 
filtering removed CpG sites with variance < 0.01 across 
samples, as low-variance sites provide minimal predictive 
information. Second, Pearson correlation coefficients were 
calculated between each of the 5,000 selected RNA-seq 
genes and all CpG sites; sites with absolute correlation > 
0.3 with at least one gene were retained, reflecting potential 
regulatory links between methylation and expression.36 
This process yielded 50,000 CpG sites with the highest 
predictive potential, balancing model complexity with 
computational feasibility.
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2.5. Train–test split strategy

To ensure unbiased performance evaluation, a patient-
wise 80/20 stratified train–test split was implemented. All 
CpG sites and genes from a given patient were assigned 
exclusively to either the training set (n = 220 patients) 
or the independent test set (n = 55 patients)—no patient 
contributed data to both partitions. This patient-wise 
approach is critical for preventing data leakage, which can 
spuriously inflate performance metrics when predicting 
multiple CpG sites from the same individual. Stratification 
was performed based on tumour stage distribution to 
maintain representative proportions across both sets. The 
test set remained completely unseen throughout model 
training, hyperparameter tuning, and feature selection.

2.6. NetVAE architecture and training

The NetVAE was implemented as a deep VAE in PyTorch 
to learn a compressed probabilistic latent representation 
of genome-wide methylation patterns and reconstruct 
CpG β values directly from RNA-seq input.37 The encoder 
pathway comprised: Input layer (RNA features) → dense 
layer (hidden_size neurons, Gaussian error linear unit 
(GELU) activation, BatchNorm) → dense layer (hidden_
size/2 neurons, GELU, BatchNorm) → two residual blocks 
(BatchNorm → linear → GELU → dropout) → variational 
bottleneck (separate μ and logσ2 heads, latent_dim = 128 
dimensions). The reparameterisation trick was applied 
during training to sample z = μ + εσ (ε ~ N (0, I)); at 
inference, z = μ is deterministic. The decoder mirrored 
the encoder: Latent z → dense (hidden_size/2, GELU, 
BatchNorm) → two residual blocks → dense (hidden_size) 
→ output layer (CpG features, linear activation; β values 
clipped to [0,1] post-hoc).

Training parameters included: Loss function = 
combined VAE loss (mean squared error reconstruction 
loss + β-weighted Kullback–Leibler [KL] divergence, β 
= 0.01); optimiser = AdamW with learning rate 3 × 10−4 
and weight decay 10−4; learning rate schedule = cosine 
annealing (T_max = 300, η_min = 5% of initial lr); 
maximum epochs = 400 with early stopping (patience = 
35) based on validation VAE loss; 5-fold cross-validation 
was used to select the best stopped epoch, and the final 
model was retrained on all data for the mean number of 
epochs observed across folds.

2.7. NetVAE inference pipeline

In inference, a new patient’s RNA-seq expression profile 
(processed through the same imputation and scaling 
pipeline as training data) is passed through the NetVAE 
encoder to obtain the deterministic latent mean μ. The 
decoder then reconstructs the full CpG β-value profile 

from μ, yielding genome-wide methylation predictions 
from RNA-seq data alone, without requiring methylation-
array input.

2.8. Prediction pipeline summary

The complete prediction pipeline operates as follows: (i) 
RNA-seq expression data (processed RNA features) from 
a new patient are the input; (ii) the NetVAE encoder maps 
the expression profile into the latent space (μ); (iii) the 
decoder reconstructs the full methylation profile (CpG β 
values) from μ. This single end-to-end model eliminates 
the inter-stage error propagation of two-step pipelines and 
allows joint optimisation of both the latent representation 
and the methylation reconstruction objective via the 
combined VAE loss.

2.9. Performance evaluation metrics

Model performance on the independent test set (n = 55 
patients; 2,750,000 individual CpG-patient predictions) 
was evaluated using: Coefficient of determination 
(R2)—proportion of methylation variance explained by 
predictions; mean absolute error (MAE)—average absolute 
difference between predicted and true β values; Pearson 
correlation coefficient (r)—linear correlation between 
predicted and observed β values; Spearman correlation 
coefficient (ρ)—rank-based correlation providing 
robustness to outliers; and scatter/density plots for visual 
assessment across the full β-value range.

2.10. Software and reproducibility

All analyses were performed using Python 3.x with the 
following key packages: PyTorch (NetVAE implementation), 
scikit-learn 1.2 (preprocessing, feature selection, metrics), 
NumPy, pandas, and matplotlib. Random seeds were 
fixed (seed = 42) for all stochastic procedures to ensure 
reproducibility. Complete analysis code and processing 
scripts are available from the corresponding author upon 
reasonable request to facilitate independent validation.

3. Results

3.1. Dataset characteristics and quality control 
summary

After comprehensive quality control, the final analysis 
dataset comprised 275 patients from the TCGA–KIRC 
cohort with paired high-quality RNA-seq and DNA 
methylation data. The training set contained 220 patients 
(80%), and the independent test set contained 55 patients 
(20%). Tumour stage distribution was balanced across 
sets: Stage I (45%), Stage II (22%), Stage III (21%), 
Stage IV (12%). RNA-seq data represented 5,000 high-
variance genes selected from 20,530 protein-coding genes. 
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Methylation data encompassed 50,000 CpG sites selected 
from 385,553 high-quality probes based on variance and 
expression-methylation correlation criteria. Selected CpG 
sites were distributed across promoter regions (32%), gene 
bodies (41%), intergenic regions (18%), and regulatory 
elements (9%), reflecting broad genome-wide coverage 
suitable for comprehensive methylation pattern prediction.

3.2. Model training and convergence

The NetVAE successfully converged during 5-fold cross-
validation. Training loss (VAE combined loss) decreased 
steadily across folds, with early stopping triggered 
between epochs 87 and 120, depending on the fold (mean 
≈ 100 epochs). The variational bottleneck (latent_dim 
= 128) effectively compressed the high-dimensional 
RNA input while preserving methylation-predictive 
information, as evidenced by progressive reduction in 
validation reconstruction loss across training. The model 
demonstrated robust cross-validation R2 values across 
folds.

The NetVAE achieved a mean cross-validation R2 
of 0.62 across folds, confirming generalisation beyond 
the training set. Feature importance analysis (based on 
gradient sensitivity of the encoder) identified genes with 
established roles in renal cancer biology and epigenetic 
regulation among the top contributors, including VHL, 
PBRM1, and genes involved in histone modification 
pathways, supporting the biological validity of learned 
associations.5,6

3.3. Independent test set performance

The NetVAE model achieved the following performance 
metrics on the completely independent test set (n = 55 
patients; 2,750,000 CpG-patient predictions):

•	 R2 : 0.627
•	 Mean absolute error: 0.135
•	 Pearson correlation coefficient: r = 0.792 (p < 0.001)
•	 Spearman correlation coefficient: ρ = 0.641 (p < 0.001)

These results indicate that the NetVAE explains 
approximately 62% of methylation variance in the 
independent test cohort and achieves a strong positive 
correlation between predicted and true β values. The 
Spearman correlation (ρ = 0.641) aligns closely with the 
Pearson coefficient, confirming the association is not 
driven by extreme outliers. Density-weighted visualisation 
(Figure 1) reveals that predictions are most accurate for 
hypomethylated (β < 0.2) and hypermethylated (β > 0.8) 
sites, with greater dispersion for intermediate β values—a 
pattern consistent with the biological complexity of 
partially methylated regulatory regions.

4. Discussion

4.1. Principal findings and biological interpretation

This study presents the first deep VAE framework 
specifically designed to predict DNA methylation β values 
from RNA-seq data in renal clear cell carcinoma. On a fully 
independent test cohort, the NetVAE achieved R2 = 0.627, 
MAE = 0.135, and Pearson r = 0.792. These metrics indicate 
strong predictive accuracy that compares favourably 
against published cross-omics prediction benchmarks and 
supports diverse biological and clinical applications of this 
approach.

Recent studies employing machine learning for similar 
cross-omics predictions have reported R2 values ranging 
from 0.25 to 0.55, depending on tissue type, sample size, 
and algorithmic approach.38–40 The inherent biological 
complexity underlying the relationship between RNA 
expression and DNA methylation—including post-
transcriptional regulation, cellular heterogeneity, and 
temporal dynamics—creates fundamental limits on 
prediction accuracy that cannot be overcome solely 
through algorithmic improvements.41 Our NetVAE 
outperforms simple baseline approaches, confirming the 
added value of the deep generative architecture.

4.2. Comparison with existing methylation 
prediction methods

Several prior studies have attempted to predict DNA 
methylation from transcriptomic or other molecular 
data, but most differ substantially in their designs, scopes, 
and applications. Pan-cancer prediction models trained 
across multiple TCGA cancer types have achieved average 
correlations of 0.40–0.58 but often fail to capture tissue-
specific regulatory patterns.42,43 Our cancer subtype-
specific approach in ccRCC enables the model to learn 
kidney-specific epigenetic regulatory logic, potentially 
improving biological relevance even where global 
statistical metrics appear modest. Furthermore, previous 
methods predominantly employed linear models or single-
algorithm approaches that do not fully capture the non-
linear gene-methylation relationships that our ensemble 
architecture addresses.44

Recent advances in artificial intelligence for 
DNA methylation analysis, including deep learning 
architectures and multi-omics integration frameworks, 
have demonstrated promise for improving prediction 
accuracy.45,46 However, these approaches often require 
substantially larger training datasets or multi-modal 
input data beyond RNA-seq alone, limiting applicability 
to retrospective studies with single-omics data. Our 
framework balances prediction performance with practical 
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Figure 1. Assessment of prediction performance and methylation distributions: A density-weighted hexbin plot compares observed methylation beta 
values with model-predicted values. The regression line (blue) demonstrates the fitted relationship, while the dashed line represents the ideal identity 
line (y = x). The NetVAE achieved a coefficient of determination (R2) of 0.627 and a mean absolute error (MAE) of 0.135, indicating moderate predictive 
accuracy across the methylation range.

applicability by requiring only standard RNA-seq data as 
input. A preprint exploring a conceptually related approach 
was identified during manuscript preparation; our study 
is distinguished by its specific focus on ccRCC, the novel 
end-to-end VAE architecture with residual encoding, and 
rigorous patient-wise evaluation that provides clinically 
realistic performance estimates.

4.3. Clinical and research utility despite moderate 
accuracy

Perfect methylation prediction is neither necessary nor 

expected for the biological and clinical applications this 
framework targets. Key value propositions include: (i) 
Cost-effective screening—RNA-seq costs approximately 
$100–150 per sample versus $400–500 for methylation 
arrays, enabling budget prioritisation and identification of 
samples warranting confirmatory methylation profiling47; 

(ii) retrospective analysis—thousands of archived renal 
cancer RNA-seq datasets lack paired methylation data; 
our framework enables retrospective epigenetic analysis 
of these resources, potentially uncovering methylation 
biomarkers in historical cohorts48; (iii) biological hypothesis 
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generation—even imperfect predictions identify CpG sites 
and genomic regions with strong expression-methylation 
coupling, guiding mechanistic epigenetic studies49; (iv) 
biomarker discovery pipelines—computationally predicted 
methylation can serve as an initial screening step, with 
top candidates validated by targeted bisulfite sequencing 
or pyrosequencing.50 For these applications, the achieved 
prediction accuracy (R2 = 0.627, MAE = 0.135) is sufficient 
to distinguish hypomethylated from hypermethylated 
regulatory regions, which is the functionally relevant 
distinction in most biomarker discovery contexts.

4.4. Limitations and technical considerations

Several limitations warrant acknowledgement. First, 
analysis was restricted to a single cancer subtype (ccRCC) 
and a single cohort (TCGA–KIRC), limiting generalisability. 
External validation in independent ccRCC cohorts and 
assessment of transferability to other renal cancer subtypes 
(e.g., papillary RCC, chromophobe RCC) are critical next 
steps.51 Second, the framework targets 450K array CpG 
sites; newer EPIC arrays interrogate > 850,000 sites, and 
whole-genome bisulfite sequencing provides even higher 
resolution—extending our approach to these platforms 
would require substantially larger training datasets.52 Third, 
methylation values from bulk tissue reflect contributions 
from tumour cells, stromal cells, immune infiltrates, and 
normal epithelium; cellular heterogeneity introduces 
noise, limiting prediction accuracy.53 Future work 
incorporating cellular deconvolution or single-cell multi-
omics data could address this constraint.54 Fourth, the 
biological relationship between RNA expression and DNA 
methylation is complex and bidirectional; our predictive 
model captures statistical associations without directly 
modelling causal mechanisms, limiting mechanistic 
interpretability.55

4.5. Methodological strengths and innovations

Despite these limitations, this study exhibits several 
notable methodological strengths. The NetVAE 
architecture—combining a variational probabilistic 
bottleneck with residual encoder blocks—is a novel 
application to renal cancer epigenomics. The variational 
latent space captures the global structure of the methylome 
with inherent regularisation via the KL divergence term, 
while the residual connections enable deep feature 
hierarchies without gradient degradation. The end-to-end 
training eliminates the inter-stage error compounding 
of two-step ensemble pipelines. Our rigorous patient-
wise train–test split prevents data leakage and yields 
realistic generalisability estimates—the clinically relevant 
scenario.56 Comprehensive QC, hybrid CpG selection 
(variance + correlation), and transparent reporting of 

all thresholds enhance reproducibility and facilitate 
adaptation to other datasets.

4.6. Future directions and translational potential

Several promising directions emerge from this work. 
Integration of additional molecular layers—such as 
copy number alterations, somatic mutations, or protein 
expression—could improve accuracy by providing 
orthogonal information about cellular state.57,58 
Incorporating spatial genomic features such as chromatin 
accessibility or histone modifications could refine 
predictions in specific regulatory regions.59 Developing 
interpretability methods, including Shapley additive 
explanation values and neural attention mechanisms, 
would enhance biological insight and hypothesis 
generation.60 Prospective clinical validation comparing 
predicted methylation-based risk stratification against 
ground-truth methylation profiling would establish 
clinical utility.61 Finally, extending this modular framework 
to other cancer types with limited methylation data 
availability could democratise epigenetic research across 
diverse malignancies.

5. Conclusion
This study demonstrates the feasibility and practical utility 
of predicting DNA methylation patterns from RNA-
seq data in renal clear cell carcinoma using a deep VAE 
framework. The NetVAE was trained on paired RNA-seq 
and DNA methylation data and subsequently applied 
to predict methylation from RNA-seq alone. The model 
achieved strong predictive performance (R2 = 0.627, r = 
0.792), substantially exceeding published cross-omics 
prediction benchmarks and supporting cost-effective 
methylation screening, retrospective epigenetic analysis, 
and hypothesis generation for biomarker discovery. The 
novel end-to-end VAE architecture with residual encoder 
blocks and variational regularisation, together with a 
rigorous patient-wise evaluation strategy, represents a 
methodological contribution applicable to other cancer 
types and omics integration challenges. Future work 
incorporating external validation, multi-omics integration, 
and mechanistic interpretation will further enhance the 
clinical and biological utility of this approach.
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