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Abstract

DNA methylation plays a crucial role in human diseases pathogenesis. Substantial experimental evidence from clinical and biological
studies has confirmed numerous methylation-disease associations, which provide valuable prior knowledge for advancing precision
medicine through biomarker discovery and disease subtyping. To systematically mine reliable methylation prior knowledge from known
DNA methylation-disease associations and develop robust computational methods for precision medicine applications, we propose
MethPriorGCN. By integrating layer attention mechanisms and feature weighting mechanisms, MethPriorGCN not only identified

reliable methylation digital biomarkers but also achieved superior disease subtype classification accuracy.
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Introduction

DNA methylation [1] is a crucial epigenetic modification that reg-
ulates gene expression and maintaining genomic stability in dis-
ease pathogenesis [2]. In cancer biology, abnormal DNA methyla-
tion patterns can lead to the silencing of tumor suppressor genes
[3-5]. DNA methylation alterations often occur early in tumorige-
nesis, even before morphological or clinical manifestations, pro-
viding a critical window for early cancer detection. The stability of
methylation patterns in cell-free DNA (cfDNA) from liquid biop-
sies further enables non-invasive screening approaches, reflect-
ing tumor heterogeneity with high clinical feasibility [6]. These
findings have catalyzed the development of targeted epigenetic
therapies, with DNA methyltransferase inhibitors demonstrating
clinical efficacy in hematological malignancies [7-11].

With the advancement of DNA methylation research, various
disease-related DNA methylation patterns have been identified
[12-14]. Recent computational advances have accelerated
methylation analysis: For instance, MethylTree [15] leverages
sparse single-cell methylation data for lineage tracing through
graph-based algorithms, while the DNA Programmable Gate

Array framework [16] demonstrates molecular computation
architectures for scalable biological signal integration. Recent
studies integrating multisource biological data, such as the
MNDCDA model for circRNA-disease association prediction
through deep feature projection networks, highlight the potential
of multimodal approaches in uncovering complex molecular
interactions [17]. Currently, numerous algorithms can infer
potential prior knowledge from known associations across various
omics [18-20]. For example, at the gene level, Xie et al. and Jia et al.
proposed improved graph convolutional network (GCN) methods
to predict potential gene-disease prior knowledge from a large
number of known gene-disease associations, providing reliable
prior knowledge for identifying potential gene targets of diseases
[21]. Similarly, frameworks like scMCGraph, which constructs
consensus cell-cell graphs by integrating pathway activity and
gene expression for robust cell type annotation, exemplify
the power of combining heterogeneous biological features to
enhance model generalizability [22]. In the transcriptome, many
effective methods for predicting potential prior knowledge for
microRNA [23-27], long non-coding RNA [28-32], and circular
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RNA [33-37] have been proposed, offering important references
for precision medicine research [38, 39]. Notably, knowledge
graph-based models such as BioKG-CMI (circRNA-miRNA inter-
action), which employs multi-feature fusion and subcellular
localization to predict CMIs, further underscore the importance
of embedding biological logic into computational frameworks
[40].

However, existing models face limitations in methylation-
specific contexts. While MethylTree excels in lineage tracing, its
focus on clonal memory limits applicability to disease biomarker
discovery. Recent studies on immunodeficiency, centromeric
instability, and facial anomalies (ICF) syndrome [41] further
highlight the complexity of dynamic methylation regulation
in non-B DNA structures, a challenge overlooked by current
computational tools. Despite significant progress at the gene and
transcriptome levels, the more specific field of DNA methylation
still faces challenges [42, 43]. The inference of reliable potential
prior knowledge from relatively few known meth-disease
associations and utilize the prior knowledge to guide clinical
precision medicine remains a topic worthy of in-depth research. In
other fields, such as physics, the use of prior knowledge is already
well-established [44, 45]. For example, Physics-Informed Neural
Networks [46-48] and Physics-Informed Convolutional Networks
[49, 50] use physical laws and formulas to guide neural network
training, achieving the integration of physical prior knowledge
[51-53]. In biomedicine, pioneering works like mitoBEs exemplify
knowledge-driven design in gene editing [54], yet analogous
approaches for methylation-based machine learning remain
nascent. While interdisciplinary integration has been successful
in fields like physics, the use of prior knowledge is not yet very
deep in the biomedical field, with only initial attempts being
made, and few machine learning models embedding biological
knowledge in some form [55].

Therefore, we developed a deep learning model based on GCN
[56, 57], MethPriorGCN, to predict potential prior knowledge and
deeply integrate it with DNA methylation data, thereby improving
the identification of disease subtypes and important biomarkers
[58]. MethPriorGCN includes two GCN-improved models, Prior
knowledge Inferring GCN (PIGCN) and GCN for Disease Classifica-
tion (FWGCN). PIGCN uses a layer attention mechanism to infer
potential prior knowledge from meth-disease heterogeneous net-
works. Meanwhile, FWGCN utilizes potential prior knowledge and
feature weighting strategies to drive downstream tasks, achiev-
ing precise integration of prior knowledge with clinical preci-
sion medicine. Through compared to existing prior prediction
methods on the reliability of potential prior knowledge, literature
research validation of identified digital methylation biomarkers,
and five-fold cross-validation of disease subtype classification,
we demonstrated the superior performance of MethPriorGCN in
predicting potential prior knowledge and using them to drive
precision medicine.

Materials and method
Known meth-disease association

The known meth-disease association serves as a source for
inferring potential prior knowledge of meth-disease associations.
We selected DiseaseMeth 3.0 as our database, which aggregates
DNA methylation-disease data from public sources and literature
[59]. This comprehensive database contains pre-processed
statistical results across multiple samples. We filtered entries
with P-values lower than or equal to 0.001, yielding 15 374
validated associations between 60 diseases and 2044 DNA
methylations.

Table 1. Overview of datasets. The table encapsulates data on
methylation expression. It specifically highlights methylations
that are concurrently present in both methylation expression
datasets and meth-disease association datasets.

Dataset Categories Number of meths
and shared meths

ESCA ESCC: 94, EAC: 89 2000, 308

THCA Classical: 398, Other: 102 2000, 412

UCEC EEA: 311, MSEAC: 21, SEA: 98 2000, 273

DNA methylation expression datasets

To validate the clinical application of MethPriorGCN, we selected
the large-scale pan-cancer multi-omics dataset from The Can-
cer Genome Atlas (TCGA) as our research data. Considering the
potential impact of noise and redundant features on overall qual-
ity, we used the independent preprocessing method by Lu et al. and
preselected features for each omics category [60]. To ensure the
effectiveness of MethPriorGCN, we conducted text comparisons
and selected three disease datasets that exactly matched the
disease namesin the relevant data: ESCA (Esophageal Carcinoma),
THCA (Thyroid Carcinoma), and UCEC (Uterine Corpus Endome-
trial Carcinoma). The ESCA dataset was divided into Esopha-
gus Squamous Cell Carcinoma (ESCC) and Esophagus Adeno-
carcinoma. The THCA dataset was divided into classical/com-
mon (papillary NOS) and other subtypes. The UCEC dataset was
classified into Endometrioid Endometrial Adenocarcinoma (EEA),
Mixed Serous and Endometrioid Adenocarcinoma (MSEAC), and
Serous Endometrial Adenocarcinoma (SEA) types. Table 1 shows
the number of patients and label distribution for these datasets.

Gaussian interaction profile kernel similarity for
meth and disease

Operating under the premise that methylations with analogous
functions tend to correlate with similar diseases, the Gaussian
interaction profile kernel function was employed to ascertain the
kernel similarity for methylations and diseases [61, 62]. Specifi-
cally, in the known meth-disease association matrix A, the i row
1(d;) and the j™ column I (m;) was defined as interaction profiles
for disease d; and methylation m, respectively. Then, the Gaussian
interaction kernel similarity SGD (di, dj) for disease between d; and
d; can be calculated as follows:

SGD (d, ) = exp (—pal1 (d) ~1(&)]*) M

Also, Gaussian interaction profile kernel similarity SGM (m;, m;)
for methylation between m; and m; can be calculated as follows:

SGM (i, m;) = exp (~pn [Lm) ~1(m)[*) @

where exp () represents the exponential function with natural
constant e as the base, and the content in parentheses is
the power, |I(d)—1 (dj)”Q and |I(my) —1I(m) H2 represent the
Euclidean norm of I(d;) —I(d;) and I(m;) — I (m;), respectively, pq4
and pm represent the normalized kernel bandwidth of disease and
methylation, respectively. Moreover, pg and pn can be calculated
by the following method:

=i (1)), )
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Figure 1. The flowchart of MethPriorGCN.
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where nd represents the number of diseases, nm represents the
number of methylations. Based on previous studies [63], the orig-
inal bandwidths p} and pj, was set to 1.

MethPriorGCN

MethPriorGCN primarily consists of two distinct GCNs: Prior
knowledge Inferring GCN (PIGCN) integrates known meth-disease
associations, methylation Gaussian kernel similarities, and
disease Gaussian kernel similarities to construct a heterogeneous
network, generating a potential prior score matrix for meth-
disease relationships. Feature Weighting GCN (FWGCN) employs a
feature weighting layer to identify critical methylations as digital
biomarkers. These biomarkers are enhanced using prior scores
and fed into FWGCN for disease subtype prediction. The workflow
is illustrated in Fig. 1.

PIGCN

GCN models methylation-disease associations by capturing
dynamic node relationships in graphs [64]. The proposed
PIGCN enhances the Layer Attention GCN (LAGCN) framework
by integrating a Meth-Disease Association Masking (MDAM)
mechanism to improve prediction reliability. Specifically, LAGCN
first infers preliminary potential associations, followed by MDAM-
driven local normalization. Due to LAGCN's established utility in
prior tasks [65, 66], its implementation details are provided in
Supplementary Methods 1. The process of deriving preliminary
potential prior knowledge for methylation-disease using LAGCN
can be summarized as follows:

A* = LAGCN (SM, A, SD) . )
Given the inherent sparsity of the meth-disease association

matrix, the initial potential prior A* maintains scores of 1 (or near
1) at known association positions, leading to disproportionately

low normalized scores at unknown positions. To address this,
PIGCN introduces the MDAM module to record known association
positions. During normalization, only unknown positions are pro-
cessed and subsequently merged with known associations to form
the final potential score matrix. Specifically, we first calculate the
matrix A’ that retains only the unknown associations:

A" =A* O (1-A). (6)

The symbol © represents element-wise multiplication, fol-
lowed by normalization of the non-known associated elements
for each column (i.e., each disease). The normalization factor for
column j is given by:

m
Si=> Ax. 7)
i=1

If S; = 0, set it to 1 (to avoid division by zero errors). Then,
normalize the non-known associated values for each column as
follows:

A .
~ Ul .
A»v:[%’ ys>0 (8)

A=A+M, )

where M ensures that the originally known association of 1 is
retained, while A contains the normalized values of the unknown
associations.

FWGCN

In FWGCN, we evaluated MethPriorGCN’s enhancement effect on
disease subtype classification. First, we aligned the meth-disease
association data with methylation expression profiles to identify
shared methylations. The expression data were weighted using
corresponding potential prior scores by Eq. (10), optimized with
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L2 regularization to reduce feature weights and overfitting. For a
given expression datum p;; between the iy, methylation and the
ji disease, it was weighted according to a;;, which represents the
association score between the iy methylation and the jy, disease,
to yield the updated expression datum p; It delineated as follows:

pi; = 2piJA$J- exp (8]1(pij)]) . ke{1,2,3,4,5}. (10)

where k denotes the importance level of digital methylation
markers selected through five-fold cross-validation screening.
The framework employs a multiplicative factor of 2 for weighting:
methylation abundance metrics decrease when the potential
association score is below 0.5, increase when exceeding 0.5, and
remain unchanged at 0.5. We incorporated L1 regularization
with coefficient § (determined via five-fold cross-validation) to
constrain feature weights through the exponential term exp (-),
effectively mitigating overfitting.

FWGCN
After obtaining the weighted methylation expression data, the
data were put into the GCN for Disease Classification (FWGCN).
The performance of FWGCN in supervised learning applications
was then explored by combining the labels of each sample. Specif-
ically, the propagation rule of FWGCN is shown as follows:

1
2

1
H}gl;l) = f(H(D Gmp) =0 (D;ng GmpD

mp»

wg). o

mp = mp

where Gy is constructed by calculating the cosine similarity
between pairs of nodes, and edges with cosine similarity larger
than a threshold e are retained. Specifically, Gy [1,]] is the adja-
cency between the iy, node and the ji, node in the graph, can be
calculated as follows:

Gop 0] =1° (sz||;.u>)9n7) , ifi#jands (HX\H;-H;)%) =€ 1)
0, otherwise

where x; and x; are the feature vectors of the iy node and the
jt node in P, The threshold e is determined given a parameter y,
which represents the average number of edges per node that are
retained, including self-connections as follows:

T
v Zﬁ (S(uxluzux}uz ze)m 13)

where I (-) is an indicator function and n is the number of nodes.
In this study, the application of FWGCN is further extended to
supervised classification tasks. For the training data Xy, the cor-
responding adjacency matrix Gy, can be computed from Eq.
(12). Then, a GCN can be used to train on X;, and Gjj,, and the
predictions for the training data can be expressed as follows:

¥, = GCN (XU, G%p) , (14)

where the iy, row of i, represents the predicted label probability
for the iy, training sample, and the number of columns of Ve
indicates the number of classes in the classification task. Thus,
FWGCN utilizes both the features and the geometric structure of
the training data to learn the classification task. For a new test
sample X, it is added to the training set, extending Xy to Xy,
and generate the extended adjacency matrix G%’;e according to
Eg. (12). Specifically, the entries in the last row and column of

Ghy® are the only ones computed during testing, reflecting the
association between the test sample X, and the training samples
Xy Therefore, given X, G%‘f and the trained model GCN (.),
?’me = GCN (Xme,G%e) can be obtained. The predicted label

probability distribution for the test sample is the last row of Vi .
Hence, by exploiting both the features of the test sample and the
association between the test sample and the training samples, the
label of the new test sample X;, can be predicted. Overall, the loss
function of FWGCN can be written as follows:

i R o Vi
Lip = > Lee (5,7)) = Zlog( ) (15)

j=1 j=1 > e

where L¢t (-) denotes the cross-entropy loss function. y; is the true
label of the jg, training sample, and §;, is the g element of the
vector J;.

Parameter settings

The value of § was determined within a specified range of
§ € {0.0001,0.0003,0.001,0.003,0.01,0.03,0.1,0.3,1,3} through
the five-fold cross-validation. In the intermediate fusion model
FWGCN, the parameter y = 2 and y = 10 was set for the binary
classification task and the multi-classification task by adjusting
the parameters empirically, respectively.

Results
Meth-disease potential prior score matrix

Within our research scope, we processed a methylation-disease
heterogeneous network using PIGCN, resulting in a potential
prior score matrix that depicts the potential prior scores of
methylation-disease associations. The structure of this matrix is
such that individual rows represent different methylations, while
columns correspond to various diseases, with the 5th, 22nd, and
30th columns specifically representing Esophageal carcinoma,
Thyroid carcinoma, and Uterine Corpus Endometrial Carcinoma.

Before utilizing the resulting meth-disease potential prior score
matrix for subsequent studies, we first validated the reliability
of the potential prior scores by calculating the area under the
receiver operating characteristic curve (AUC) and employing five-
fold cross-validation. Specifically, all known meth-disease associ-
ations were randomly divided into five approximately equal parts.
Each time, one part of the known associations was used as the
test sample, the remaining four parts as the training sample,
and all unknown meth-disease pairs as candidate samples. After
sample division, PIGCN scored the test and candidate samples.
Based on the scores, the ranking of the test samples among
all candidate samples was determined. If the ranking of the
test samples was above a set threshold, PIGCN was considered
to have made an accurate prediction. Subsequently, based on
the rankings of all test samples, ROC curves under different
thresholds were plotted, and the AUC was calculated by com-
paring true positive rates and false positive rates across varying
thresholds to evaluate the accuracy of the association scores.
Previous studies had determined some basic parameters in this
model; therefore, we considered only two key parameters: total
training steps a« € {200,400,600,800} and learning rate Ir €
{0.0001,0.001,0.01,0.1}. By implementing a grid search within this
range, we performed five-fold cross-validation for each round
of search and recorded the average values. As shown in Fig. 2,
higher training steps (>2000) improved AUC by allowing the model
to capture deeper network interactions, while excessive steps
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Figure 2. AUC values for different training steps and learning rates.

(>3000) led to marginal gains, indicating convergence. For learning
rate, values between 0.001 and 0.005 balanced training stability
and efficiency. Finally, we plotted the results as a heatmap in
Fig. 2. By comparing the AUC values, we selected the values of
Ir = 0.01 and « = 400 through grid search optimization.
Additionally, we plotted the ROC curves of the PIGCN results
and the comparison algorithms, specifically NMCMDA (2021) [67],
MHCLMDA (2023) [68], DGP-PGTN (2023), [69], and SCPLPA (2024),
[70], and compared the AUC of PIGCN with these algorithms,
as shown in Fig. 3. The superior AUC of PIGCN arises from its
ability to integrate both topological and biological features in the
methylation-disease network. For example, the graph attention
mechanism dynamically prioritizes interactions involving hub
methylation sites linked to multiple cancers, while suppressing
noisy connections from unrelated nodes. Additionally, iterative
message passing captures multi-hop dependencies, such as the
regulatory chain in FHIT, MAPK pathway, and Esophageal car-
cinoma, which shallow models fail to model [71]. The results
indicated that the accuracy of the potential prior scores predicted
by PIGCN was significantly higher than that of several selected
comparison algorithms, further demonstrating the advancement
of PIGCN and the reliability of the predicted potential prior scores.

Performance evaluation of disease classification

The digital meth biomarker screening employed five-fold cross-
validation. After splitting data into 80% training and 20% testing,
the training set was further divided into five equal folds. In each
iteration, four folds trained the model and one validated. Shared
methylation markers were iteratively weighted by their prior
scores. Markers improving validation ACC versus unweighted
baseline were retained as candidate biomarkers. This generated
five biomarker lists post cross-validation. Markers appearingin all
five lists (consistently enhancing performance) were prioritized
and applied with five prior score weightings during testing, while
those absent in all lists were excluded.

After screening for digital methylation markers, we applied
feature weighting to the methylation expression dataset to
improve the accuracy of distinguishing disease subtypes. Notably,
the weighting process was based on the level of digital methyla-
tion markers. Specifically, level 5 digital methylation markers
are the most important, so the weighting process for level 5
digital markers was performed five times, further enhancing
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Figure 3. ROC curves of PIGCN and four comparison algorithms.

the importance of high-level digital methylation markers in
the model. We compared the classification performance of
MethPriorGCN with the following four existing omics data
classification algorithms: (i) Adaboost: It builds a strong model
by combining several weak models, focusing on errors each
time. (ii) Naive Bayes: It predicts class probabilities based on
feature likelihoods using Bayes’ theorem. (iii) Highly trustworthy
multiomics learning (HTML) framework [60]: Developed by Lu
et al., HTML employs multi-omics adaptive dynamic learning to
process each sample with a data-dependent architecture and
computational workflow. (iv) IBPGNET [72]: Developed by Xu
et al, IBPGNET is an interpretable network for disease recurrence
prediction and related biomarker discovery. HTML and IBPGNET
have been proven to outperform nine benchmark methods across
various omics data. Therefore, we selected these methods as
comparative algorithms on DNA methylation expression data
to demonstrate the superior performance of MethPriorGCN.

The performance of MethPriorGCN was evaluated using three
metrics: for tumors classified into two subtypes, we used accuracy
(ACC), F1 score (F1), and AUC; for malignant tumors classified into
three subtypes, we used ACC, support-weighted average F1 score
(F1_weighted), and macro-average F1 score (F1_macro). Specific
formula definitions for all evaluation indicators are given in
Supplementary Method 1.

We evaluated the effectiveness of the MethPriorGCN algorithm
and comparison algorithms through five-fold cross-validation.
The dataset was divided into five equal-sized subsets for cross-
validation, with one subset used as the validation set and the
remaining four as the training set in each iteration. The mean
and standard deviation were then reported. Comparative analysis
across multiple datasets demonstrated that MethPriorGCN out-
performed other benchmark algorithms on all evaluation metrics,
validating the effectiveness of digital methylation markers and
confirming their advantage in disease subtype classification. The
notably higher AUC in ESCA suggests MethPriorGCN'’s enhanced
ability to distinguish subtle epigenetic differences between sub-
types, potentially driven by prioritizing methylation markers in
critical regulatory regions (e.g., tumor suppressor promoters).
In THCA, the improved ACC aligns with better identification
of dominant methylation-driven pathways, while the moderate
F1 score (0.4787) may reflect challenges in resolving rare sub-
types with overlapping methylation profiles. For UCEC, the higher
F1_weighted (0.8167) compared to F1_macro (0.5531) indicates


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf131#supplementary-data

6 | Nietal

- GCN

—
RLF

S caom:

2 reus
UsPL

MORN3
MELK 0.7312 exceed
CHARNA3{ 0.7621 exceed
0.0 02 0.4 06 08 10
Score
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Table 2. Classification results on ESCA dataset. 1.2
- Adaboost Adaboost_FW
Method ACC F1 AUC = Navie Bayes NB_FW
GCN MethPriorGCN
Adaboost 0.8110 +£0.0382 0.7830 + 0.0890  0.8177 % 0.0561 Lo =
Naive Bayes 0.8465 £0.0414 0.8029 £0.0719 0.8057 £ 0.0656 2 I I
HTML 0.8965 £ 0.0454 0.8871 £ 0.0852 0.8726 £ 0.0680 0.8 [ I - I
IBPGNET 0.9007 £0.0170 0.8768 £0.0338 0.9271 £ 0.0124 = I } {
MethPriorGCN 0.9479 £0.0188 0.9460 £ 0.0213  0.9880 + 0.0157 g
206
s
e 0.4
Table 3. Classification results on THCA dataset.
Method ACC F1 AUC
0.2
Adaboost 0.7056 £ 0.0331 0.3271 £0.0768 0.6501 £ 0.0541
Naive Bayes 0.6965 + 0.0422  0.3572 £ 0.0350  0.6940 + 0.0405
HTML 0.7480 £0.0310 0.3670 £ 0.0645 0.7107 £ 0.0525 :0 ESCA THCA UCEC
IBPGNET 0.7410 £ 0.046¢  0.4260 £0.0401  0.7031 £ 0.0514 Figure 5. Impact of feature weighting on classification accuracy.
MethPriorGCN 0.8060 £ 0.0490 0.4787 £0.1032 0.7993 £ 0.0573

Table 4. Classification results on UCEC dataset.

Method ACC F1_weighted F1_macro

Adaboost 0.7161 £ 0.0667 0.7851 4 0.0793  0.7282 + 0.0745
Naive Bayes 0.7342 £0.0692 0.7730 £0.0738 0.6297 £ 0.0821
HTML 0.7757 £0.0610 0.7148 £ 0.0767 0.7719 + 0.0813
IBPGNET 0.8302 £0.0448 0.8001 £ 0.0525 0.7689 + 0.0524
MethPriorGCN 0.8272 £0.0286 0.8167 £ 0.0330  0.5531 + 0.0254

robust performance in prevalent subtypes but highlights potential
limitations in class-imbalanced scenarios. Detailed comparative
results for the ESCA, THCA, and UCEC datasets are provided in
Tables 2, 3, and 4, respectively.

Ablation experiments
Layer attention mechanism
In PIGCN, the layer attention mechanism sets the initial weights
to 1/2, 1/3, and 1/4, respectively. The motivation for this weight
distribution is as follows: the first layer provides the most basic
feature information, thus it is given the highest weight. The
second layer further processes the features from the first layer,
which reflects its importance in further abstracting features. The
third layer has a weight of 1/4, which is relatively less significant.
This weight distribution allows the model to focus on learning
basic features during the initial training phase and gradually

integrate more complex feature relationships. To demonstrate the
effectiveness of the layer attention mechanism, we conducted
ablation experiments by removing the layer attention module.
Specifically, we compared the potential methylation prediction
scores of PIGCN and GCN for esophageal carcinoma and selected
the top 10 methylations with the most significant differential
methylation scores, as shown in Fig. 4. Additionally, we validated
these methylations through literature review. The results showed
that among these 10 methylations, TRIB3 was validated by exist-
ing literature to be significantly associated with the development
of esophageal carcinoma [73]. MELK has been predicted by liter-
ature to potentially be associated with the development of the
esophageal carcinoma [74]. Additionally, CADM2 and RLF have
been confirmed to play roles in the progression of other cancers
[75, 76]. This indicates that PIGCN'’s ability to predict potential
associations is significantly higher than that of GCN, further
proving the effectiveness of the layer attention mechanism.

Feature weighting

Feature weighting is the most crucial step in MethPriorGCN, used
to connect known association prior big data with methylation
expression sequencing data. To validate the effectiveness of fea-
ture weighting, we removed the feature weighting module from
MethPriorGCN and used only methylation expression data for
disease classification tasks, comparing the prediction results.
Figure 5 shows the comparative performance of MethPriorGCN
and ordinary GCN on three parameters across three datasets.
Feature weighting integrates prior knowledge with expression
data, thereby enhancing subtype-specific classification. For
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Figure 6. Performance of MethPriorGCN under different values of hyperparameter §. The dashed lines represent the results of GCN (classification model

without feature weighting method).

example, in UCEC, the observed accuracy decline after removing
the weighting module underscores its critical role in prioritizing
high-impact markers, which are overlooked by standard GCN.

MethPriorGCN with different Hyperparameters §

In the Feature Weighting stage of FWGCN, the L1 regulariza-
tion coefficient plays a crucial role. Applying regularization to
the weighted methylation expression data enhances the model’s
effectiveness and clarity. This coefficient controls the sparsity of
the expression intensity of digital markers and influences the
model’s adaptability to new datasets. While a lower L1 regular-
ization coefficient might retain unnecessary markers, increas-
ing the model’'s complexity, a higher coefficient could overlook
important markers with significant association scores, reducing
the model’s effectiveness. Therefore, precise calibration of the L1
regularization coefficient is vital for optimizing MethPriorGCN’s
performance.

To evaluate the impact of the L1 regularization coefficient on
MethPriorGCN’s performance in binary and multiclass classifica-
tion tasks, we conducted systematic trials across the ESCA, THCA,
and UCEC datasets. As demonstrated in Fig. 6, the L1 coefficient
critically modulates classification performance through its regu-
lation of feature sparsity. In the ESCA dataset, the optimal coeffi-
cient (A=0.01) achieved a balance between feature relevance and
noise reduction by retaining high-impact methylation markers
while filtering non-informative ones, resulting in the highest AUC
0f 0.988. In contrast, THCA and UCEC exhibited greater sensitivity

to coefficient variations, with performance fluctuations exceed-
ing those observed in ESCA. This disparity reflects the necessity to
dynamically prioritize domain-specific features in heterogeneous
datasets, where feature weighting compensates for inherent data
quality limitations.

Despite variations in marker expression intensity, MethPri-
orGCN maintained consistent metric outputs across datasets. For
instance, UCEC showed robust ACC stability alongside F1_macro
fluctuations, underscoring the model’s capacity to reliably
capture subtype-defining epigenetic alterations. These results
collectively demonstrate that feature weighting predominantly
enhances classification in data-constrained scenarios like THCA
and UCEC, while exerting minimal impact on inherently well-
separated datasets such as ESCA.

Discussion

DNA methylation plays a crucial role in the development of
human diseases. However, due to individual heterogeneity, the
same disease may manifest differently across individuals. This
underscores the importance of precision medicine in contempo-
rary clinical practice. Simultaneously, individual heterogeneity
implies limited generalizability of universal predictive models. To
address this, we developed MethPriorGCN, a GCN-based frame-
work thatinfers potential prior knowledge in known meth-disease
associations and leverages it to screen epigenetic biomarkers
for disease subtype classification. This approach aims to



8 | Nietal

mitigate challenges posed by individual heterogeneity in clinical
diagnostics.

MethPriorGCN employs GCN as its foundational architecture.
This design enables effective integration of established meth-
disease associations while accounting for coordinated regulation
patterns among methylation sites in expression profiles. During
the PIGCN phase, our methodological rationale stems from two
key observations: (i) While known meth-disease association
databases contain substantial entries, the average number of
methylation sites per disease remains sparse; (i) Literature-
mined associations may introduce confirmation bias during
biomarker identification. We therefore systematically inferred
latent associations and computed quantitative scores for all
meth-disease pairs. Experimental validation demonstrated that
incorporating these inferred associations significantly improved
disease subtype classification accuracy and identified more
clinically actionable biomarkers compared to conventional
approaches.

While MethPriorGCN demonstrates significant advancements,
three limitations warrant discussion. First, the inherent het-
erogeneity and sparse sampling of meth-disease associations
coupled with expression data variability may compromise
association score reliability, impacting both subtype classification
validity and biomarker discovery reproducibility. Second, the
optimal integration strategy for prior knowledge in GCNs requires
further investigation, particularly regarding mathematically
rigorous weighting schemes to improve model interpretability.
Future work should incorporate multimodal omics integration
(e.g., genomics, proteomics, metabolomics) and expand disease
cohorts to better capture pathophysiological complexity. These
advancements could yield clinically translatable methylation
biomarkers through enhanced biological plausibility and tech-
nical robustness.

Key Points

¢ In the PIGCN, a GCN with layer attention mechanism
is utilized to learn prior knowledge for meth-mediated
disease subtype classification from a heterogeneous net-
work of known meth-disease associations.

e In the FWGCN, a GCN with a feature weighting strategy
for disease subtype classification (FWGCN) is employed,
effectively inform disease subtype classification using
the learned prior knowledge.

e By combining PIGCN and FWGCN, the digital methyla-
tion markers are identified, and accuracy of classifying
three disease subtypes is successfully improved. The
effectiveness of the feature weighting strategy is vali-
dated through ablation experiments.

Supplementary data

Supplementary data is available at Briefings in Bioinformatics
online.
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