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Abstract 

Identifying pathogenic RNA methylation sites with a reasonable biological explanation 

has important implications for the treatment of diseases. Due to the limitations of in 

vitro experiments in identifying pathogenic RNA methylation sites, there is a grow-

ing need for computational workflows to enable accurate inference. Here, motivated 

by this profound meaning, we developed PathoRM, a biologically informed deep 

learning model, to infer associations between RNA methylation sites and diseases. 

PathoRM could provide convincing pathogenic RNA methylation sites and unravel the 

enigma of pathology in the epi-transcriptomic layer. PathoRM fuses RNA methylation 

host sequences and pathogenic descriptions as inputs, and subsequently employs 

large language models, multi-view learning algorithm, graph neural networks, an 

adversarial training approach, and “guilty-by-association”-derived negative sampling 

approach. PathoRM distils the semantically enriched feature embeddings, leading to 

more accurate and robust prediction performance across the metrics and datasets. 

Notably, incorporated with attention mechanism, PathoRM bestows itself biological 

interpretability through illuminating the dark matters in the host sequences of RNA 

methylation sites. This work is expected to assist in the discovery of pathogenic RNA 

methylation sites and conserved motifs, contributing to the advancement of genome 

research. Codes and pre-trained model are accessible at https://github.com/jianiM/

PathoRM.

Author summary

RNA methylation (RM) is a pivotal epi-transcriptomic modification that alters 
RNA nucleotides through methyl group additions, profoundly impacting gene 
expression, cellular differentiation, and essential biological processes crucial 
for maintaining cellular function. Dysregulation of RM is intricately linked to 
various diseases. Given the challenges associated with identifying pathogenic 
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sites through laboratory examination, there is an urgent need for computational 
workflows capable of accurately inferring pathogenic RNA methylation sites to fa-
cilitate comprehensive biological investigations. Here, we developed PathoRM, a 
biologically informed deep learning model aimed at elucidating the associations 
among RNA methylation sites and diseases. PathoRM integrates RNA methyla-
tion host sequences and pathogenic descriptions using large language models, 
multi-view learning algorithms, graph neural networks, adversarial training, and a 
negative sampling method derived from “guilty-by-association” principles. By dis-
tilling semantically enriched feature embeddings, PathoRM achieves promising 
predictive accuracy and robustness across diverse metrics and datasets. Nota-
bly, even without explicit annotations for sites, PathoRM can capture the intrinsic 
pathogenic regions, which is overlapped with the conserved motif, in the RM 
host sequence, offering biological insights into the decision-making procedure.

1.  Introduction

RNA methylation (RM) is a crucial epi-transcriptomic modification, fundamentally 
altering the chemical structure of RNA nucleotides by appending methyl groups [1]. 
The most common RNA methylation modifications include m6A (N6-methyladenosine), 
m5C (5-methylcytidine), m7G (N7-methylguanosine) and 2-O-methylation [2,3]. They 
exert profound effects on gene expression, cell differentiation, and essential biological 
processes which are important for maintaining cellular function and responding to envi-
ronmental cues [4–6]. The dysregulation of RM is intricately associated with pathophys-
iological conditions such as cancer, neurological disorders, cardiovascular diseases, 
and metabolic disorders, emphasizing its critical role in both health and disease [7–9].

Given the major constraints in identifying pathogenic RM sites with conventional 
in vivo experiments, there arises a critical necessity for the development of compu-
tational workflows to accurately infer these sites, laying the groundwork for deeper 
biological investigations. Thanks to the advent of high-throughput sequencing 
technology, such as miCLIP [10], m6A-CLIP-seq [11], and DART-seq [12], RM sites 
can be pinpointed with single-nucleotide resolution. This has led to the creation of 
comprehensive RM databases like RMVar [13], m7GHub [14], and RMDisease [15], 
serving as repositories for pathogenic RM sites and induced biological pathways. 
Leveraging them, great opportunity arises to design computational workflows capable 
of efficiently predicting potential pathogenic RM sites, thereby deepening our under-
standing of their role in disease pathogenesis.

Various works have indicated that machine learning methods could significantly 
advance this area. DRUM stands as the pioneering machine learning model for 
predicting the pathogenic RM sites [16]. It begins by building a multi-layer hetero-
geneous network containing “m6A-gene-disease” associations and subsequently 
employs a random walk technique to infer pathogenic m6A sites. m7GDisAI [17], 
BRPCA [18], SpBLRSR [19] developed matrix decomposition and subspace learning 
models for prioritizing pathogenic m7G sites via predicting m7G-disease associations.
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Despite the promise of these approaches [17–19], some challenges remain for the inference of pathogenic RM sites, 
including (i) They may struggle with scalability when dealing with large-scale datasets. (ii) They lack flexibility with struc-
tured input format which may limit the flexibility on data structure, especially for disease descriptions where the underlying 
structure may not be well understand or difficult to encode manually. (iii) They totally rely on manual feature engineering 
or domain-specific knowledge, hindering their ability to capture complex patterns effectively. (iv) They highly rely on prior 
similarity information which is biased to some extent.

Confronted with the above-mentioned challenges, deep learning algorithms, esteemed for their remarkable data rep-
resentation capabilities, have found widespread applications with successive layers of nonlinear transformations, adeptly 
handling diverse data structures like sequences, images, and irregular graphs. Harnessing deep-learning algorithms holds 
promise for further enhancing accuracy, scalability and flexibility for predicting and prioritizing pathogenic RM sites, and 
thereby unveiling cryptic patterns that are intricately linked to pathogenic RM sites. (iv) Additionally, for mitigating chal-
lenge multi-view learning could capture the complementary representations from comprehensive characterizations by 
integrating diverse features of RM sites or diseases, thus facilitating the acquisition of unbiased similarity information.

Although deep learning models or multi-view learning models haven’t yet been specifically proposed for addressing the 
prioritization of pathogenic RM sites, numerous models have been developed and tailored for prioritizing potential targets, 
drugs, pathogenic miRNAs or lncRNAs [20–22]. They could offer valuable inspiration for the model design in inferring 
pathogenic RM sites. Typically, deep learning-based association prediction algorithms leverage convolutional neural network 
(CNN), recurrent neural network (RNN) and graph neural network (GNN) to extract complex features of miRNAs, drugs, 
lncRNAs, and targets. These features are then combined with multilayer perceptron (MLP), matrix factorization, or machine 
learning algorithms for final prediction. Notably, the selection of deep learning algorithm for molecular feature representation 
often depends on the data structure of association entities. For instance, DeepDTA [23] and DeepDCA [24] respectively 
utilize CNN and long short-term memory network (LSTM) to extract feature embeddings from drug Simplified Molecular Input 
Line Entry System (SMILES) sequences and protein primary sequences, subsequently employing MLP for inferring drug-
target association prediction. HyperAttentionDTI [25] utilizes attention mechanism to dynamically adjust the feature embed-
dings of drug and protein sequences. In addition to sequence structures, drugs can also be represented by atomic interaction 
graphs, and proteins by their three-dimensional structures. GraphDTA [26] employs graph attention network (GAT), graph 
convolutional network (GCN), graph isomorphism network (GIN), and GAT-GCN algorithms to extract structural and topologi-
cal features from drug atomic interaction graphs. DrugVQA [27] utilizes protein contact maps to represent amino acid residue 
distances in protein three-dimensional structures, employing dynamic CNN to capture spatial relationships between different 
residues within proteins, thus learning deep features of protein structures. Moreover, KGE_NFM [28] leverages knowledge 
graphs and recommendation systems for drug-target association prediction. It integrates heterogeneous information from 
multiple omics data sources via knowledge graph embedding, then integrates heterogeneous information through neural 
factorization machines, ultimately achieving accurate and robust predictions of drug-target associations.

Although deep learning models excel in handling drug or protein data structures, disease information in unstructured 
text descriptions is relatively complex and irregular, making direct feature extraction challenging. In recent years, the rapid 
development of large language models (LLMs) has offered new possibilities for directly extracting features from unstruc-
tured disease text information. Facilitated by various self-supervised tasks, models such as Transformers [29] or BERT 
[30] trained on vast biomedical corpora have acquired contextual understanding, enabling the extraction of rich embed-
ding representations. Hence, LLMs are positioned to directly derive feature embeddings from textual disease information, 
thereby augmenting the effectiveness of deep learning models in addressing diverse prioritization tasks involving patho-
genic molecules, including the prioritization of pathogenic RM sites.

Inspired by deep learning and multi-view learning algorithms, we designed and evaluated the performance of a LLM, 
multi-view learning and graph autoencoder-based workflow – called “PathoRM” – for inferring and prioritizing pathogenic 
RM sites. The main contributions of the paper are as follows:
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(i)	 We employed a pre-trained DNA methylation site prediction LLM iDNA-ABF, biomedical pre-trained language model 
BioBERT [31], naïve multi-view learning algorithm [32], and a graph autoencoder, with adversarial training and nega-
tive sampling scheme, to predict pathogenic RM sites.

(ii)	 We utilized the attention mechanisms of iDNA-ABF to explore the link between motifs of RM host sequences and 
pathology.

(iii)	This approach provides the prospect of being able to accurately infer the pathogenic RM sites, and offers a biological 
explanation for model’s decision.

The remaining sections of this paper are organized as follows: Material and Methods section introduces data collection 
and processing procedure, workflow and methodology of PathoRM. Results section presents the experimental design, 
comparison experimental results, ablation studies and biological explanation. Discussion section summarizes the key 
findings, explains the implications as well as limitations, and proposes the future research based on PathoRM.

2.  Materials and methods

2.1.  Data collection and processing

Rooted in the biological premise that genetic variation at certain loci leads to abnormal RM expression and contributes 
to disease development,we curated two pathogenic RM site datasets: the m7G-Disease Association (m7GDA) dataset 
from m7GHub [14] and the m6A-Disease Association (m6ADA) dataset from RMVar [13] for downstream model evalua-
tion. Taking m7GDA dataset as an example, the identification of pathogenic m7G sites is determined by whether disease-
associated genetic variants result in the gain or loss of these sites. Leveraging 1218 variant sites as a bridge, we compiled 
741 pathogenic m7G sites with high or medium confidence level, covering 177 diseases and 768 validated associations. 
Additionally, each pathogenic m7G site is represented by a pair of 41-bp sequences—one reference and one alterna-
tive—centered on the site, ensuring comprehensive site characterization. Similarly, m6ADA consists of 2860 associations 
among131 pathogenic m6A sites and 1338 disease. For each m6A site, a 65-bp reference sequence and a 65-bp alterna-
tive sequence centered on the site are provided.

2.2.  The workflow of PathoRM

PathoRM is a biologically informed deep multi-view learning-based model. It is designed to predict pathogenic RM sites 
while also offering insights into the underlying pathogenesis through post-analysis of its decisions. Fig 1 showcases its 
computational workflow.

As for a RM-disease pair, PathoRM takes RM host sequence and disease text description as inputs, which is followed 
by well-trained LLM models iDNA-ABF and BioBERT, respectively. Subsequently, naïve multi-view learning integrates 
diverse RM features and disease features to generate the RM affinity matrix and disease affinity matrix in a metric-free 
and data-driven manner. Then taking RM sites and disease as nodes, the RM–disease heterogeneous network is initial-
ized with known RM–disease associations, RM affinity matrix and disease affinity matrix. Finally, graph autoencoder is 
used to propagate sequence-level features among nucleotides, capture the low-dimensional feature embeddings, and 
prioritize the pathogenic RM sites according to the prediction scores. To achieve robust model, its computational pipeline 
is trained with adversarial training and “guilty-by-association”-derived negative sampling method. Here, we described the 
details of each module in the computational workflow as follows.

2.3.  LLMs for RM sites and disease features extraction

iDNA-ABF is a multi-scale biological language model developed based on BERT for the prediction of DNA methylation 
sites [33]. It treats the DNA methylation host sequence as biological text and utilizes various k-mer strategies to segment 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013654  November 10, 2025 5 / 20

the sequence into different scales of biological words, facilitating a transition from natural language to biological language, 
then automatically and adaptively learn distinguishable semantic features and make relatively accurate predictions for 
different methylation types in different species. iDNA-ABF exhibits remarkable accuracy across 17 datasets encompass-
ing 3 methylation types, 13 species, and 3 human cell line datasets, demonstrating its capability to extract highly accurate 
methylation site features. While DNA methylation and RM are different procedures, both rely on the recognition of specific 
sequence motifs by regulatory proteins or enzymes. This commonality allows the model to transfer its feature extraction 
capabilities. Thus, as depicted in Fig 1A, we fine-tuned iDNA-ABF on the m6ADA and m7GDA datasets for the task of RM 
site prediction, enabling the model to derive contextual sequence features associated with RNA modifications.
BioBERT is a biomedical pre-trained language model developed based on BERT, with the aim at capturing the relation-
ships and extracting embeddings from biomedical texts [31]. Trained on huge medical data, BioBERT utilizes multi-layer 
attention mechanisms to model input sequences at different levels, fully exploring the complex relationships embedded in 
the disease descriptions. By fine-tuning on tasks such as entity recognition, relation extraction, and knowledge question 
answering, BioBERT adapts well to various medical tasks, accurately extracting feature embeddings. As Fig 1B illustrates, 
we initially retrieved relevant pathological descriptions from the PubMed database based on Disease Ontology Identifier 
(DOID) or Genome-Wide Association Study (GWAS) identifiers, and then directly applied the pre-trained BioBERT model 
without any further fine-tuning, keeping its parameters frozen throughout.

2.4.  Naïve multi-view learning algorithm for affinity matrix acquisition

Features extracted from various perspectives reveal a rich landscape of RM sites and diseases. Effectively integrating 
heterogeneous features is crucial for uncovering unbiased associations among RM sites or diseases in PathoRM. In addi-
tion to semantic features extracted from LLM models, we implemented the sequence-derived feature encoding technique 
outlined in WHISTLE [34] to extract chemical and statistical features for RM sites. Furthermore, we employed the Gene 
Ontology (GO) feature encoding approach detailed in Wang’s method [35] to extract GO features for diseases. Subse-
quently, we employed a naïve multi-view learning algorithm [32] to capture the complementary and consistent information 

Fig 1.  Framework of PathoRM. A. iDNA-ABF module to extract contextual information of RM sites. B. BioBERT module to extract semantic fea-
tures, C. Naïve Multi-View Learning module to acquire affinity matrices. D-E Graph Autoencoder for incorporating prior information and further inference.

https://doi.org/10.1371/journal.pcbi.1013654.g001

https://doi.org/10.1371/journal.pcbi.1013654.g001
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from diverse features and finally obtain unbiased affinity matrix. To clearly elucidate the naive multi-view learning algo-
rithm, we initially established the following definitions.

Let ASS={ASS(1), ASS(2), ASS(3)} denotes the set of RM feature, m denotes the number of RM sites, and dims
(i) (i = 1, 

2, 3) denotes the dimension of the RM feature. Then ASS
(1) ∈ Rm×dim(1)

s  is the RM chemical feature matrix with binary 
0/1 values, ASS

(2) ∈ Rm×dim(2)
s  represents the RM cumulative nucleotide frequency feature matrix with continuous 

values ranging from 0 to 1, and ASS
(3) ∈ Rm×dim(3)

s  denotes RM semantic feature matrix with continuous value. Simi-
larly, let ADD ={ADD(1), ADD(2)} denotes the set of disease features, n denotes the number of disease sites, and dimd

(i) 
(i = 1, 2) as the dimension of the diseases. Then ADD

(1) ∈ Rm×dim(1)
d  is the disease gene ontology(GO) feature matrix 

with binary 0/1 values, and ADD
(2) ∈ Rm×dim(2)

d  is the semantic feature matrix of disease with continuous values. ASS(1)
,
 

ASS(2), ASS(3) describe the RM sites from three different views, while ADD(1), ADD(2) are two aspects for characterizing 
diseases, which exhibit significant heterogeneity. Naïve multi-view learning algorithm aims to seamlessly integrate 
these highly heterogeneous multi-view representations into a unified, shared subspace for RM or disease, and finally 
achieves the RM affinity matrix CSS and disease affinity matrix CDD in a feature-driven and metric-free manner. Fig 1C  
showcases the procedure of utilizing naïve multi-view learning algorithms for acquiring the affinity matrices CSS and 
CDD. Subsequently, we made a detail elaboration about this procedure. For simplicity, we denote CSS or CDD as C, 
and v as the number of views which is corresponds to the types of features. The objective function of the naïve multi-
view learning model is outlined as follows.

	

min
C(1),C(2),...,C(v)

v∑
i=1

((β||C(i)||∗ + (1 – β)||C(i)||1) +
∑

1≤i,j≤v,i̸=j
||C(i) – C(j)||2F)

s.t.A(i) = A(i)C(i), diag(C(i)) = 0, i = 1, ..., v 	 (1)

where C(i) ∈ Rm×m is the affinity matrix of the i-th view, which reveal the intrinsic interrelationships among RM sites or 
among diseases. Constrained with low-rankness and sparsity, naïve multi-view learning efficiently diminishes redun-
dancy in molecular features and concurrently extracts complementary information across diverse perspectives. Then 
v∑
i=1

∑
1≤i,j≤v,i̸=j

||C(i)–C(j)||2F is introduced to achieve the consensus representation of RM affinity matrix or disease affinity 

matrix. The optimization procedure of model (1) can be found in S1 Text. After deploying model on the set of RM features, 
a series of affinity matrices derived from all views, i.e., CSS(1), CSS(2) and CSS(3), can be obtained, and the joint RM affinity 
matrix CSS is the element-wise average of these affinity matrices. So as for CDD.

2.5  Graph autoencoder for predicting RM disease associations and prioritizing pathogenic RM Sites

Here, we constructed the RM-disease heterogeneous graph to serve as the input of downstream graph autoen-
coder. Specifically, S=(s

1
, s

2
, …, sm) and D=(d

1
, d

2
, …, dn) are regarded as the nodes of the RM-disease heterog-

enous graph, with edges connecting nodes being determined by validated associations or affinity matrices, where 
the adjacent matrix of RM-disease association subgraph can be represented as XSD ∈ Rm×n and [XSD]ij (i = 1,…,m; 
j = 1,…,n) is set to 1 if (si, dj) is validated, otherwise 0. Notably, to alleviate noise in the heterogeneous graph, 
PathoRM sets threshold τ for CSS and CDD, and subsequently defines connections between RM site-RM site as 
well as disease-disease. A similarity threshold τ is established, where if the similarity between si and sj exceeds τ, 
the connection between nodes si and sj is retained; if it falls below τ, the connection between si and s

j
 is removed. 

The connections between disease nodes follow the same principle. Consequently, the corresponding adjacency 
matrices are defined as:

	
[C̃SS]ij =

{
1, [CSS]ij > τ

0, [CSS]ij < τ
, [C̃DD]ij =

{
1, [CDD]ij > τ

0, [CDD]ij < τ 	
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Thus, the adjacency matrix of RM-disease heterogeneous graph is defined as:

	
X =

(
C̃SS XSD
XTSD C̃DD

)
∈ R(m+n)×(m+n)

	

Moreover, the semantic features extracted by iDNA-ABF and BioBERT serve as the initial node embeddings of RM site 
nodes and disease nodes, respectively. The combined node embedding matrix is denoted as H(0), along with X as the 
inputs of graph autoencoder. PathoRM tries three GNNs, including GCN [36], GraphSAGE [37] and GIN [38], as encoders 
to propagate the graph embeddings in various message-passing ways by aggregating the prior association and similarity 
information without changing the graph structures. The message passing and updating rules of GCN, GraphSAGE and 
GIN are described in the S1 Text. Then the stacking of multiple layers of GNNs can extract high-order features, enhancing 
the capability of encoder to represent the complex topological structure and node semantic features of the RM-disease 
heterogeneous graph. However, an excessive number of GNN layers may lead to over-smoothing of the graph, resulting 
in the loss of crucial structural information and nodes’ embeddings. Therefore, in practical operation, the number of GNN 
layers was set as three, ensuring accurate learning of low-dimensional embeddings while effectively preventing perfor-
mance degradation caused by over-smoothing. Finally, by deploying the message aggregation and passing methods of 
GCN, GraphSAGE or GIN, the encoder captures the core semantic and structural information of the RM-disease 
heterogeneous graph and learns the compressed low-dimensional latent representation H = [

HS

HD
] ∈ R(m+n)×k, where 

HS ∈ Rm×k  is the latent embedding of RM sites while HD ∈ Rn×k is the latent embedding of diseases. Ultimately, we introduced 
the matrix decomposition-derived decoder which is also equipped with the activation function σ, to compute the probability of 
interactions between RM sites and diseases, thereby prioritizing the pathogenic RM sites via reconstructing the RM-disease 
association matrix. The predicted RM-disease association matrix X̂SD is obtained by the decoder defined in Equation (2):

	 X̂SD = σ(HT
SHD)	 (2)

2.6.  Adversarial Training Strategy for Model Optimization

Adversarial learning is a neural network regularization algorithm aimed at improving robustness against small perturba-
tions in inputs. It achieves this by generating adversarial examples—inputs intentionally modified to maximize the mod-
el’s prediction error—and incorporating them into the training process. Various adversarial training algorithms, including 
the fast gradient method (FGM) [39], projected gradient descent (PGD) [40], and fast gradient sign method (FGSM) [41] 
have been proposed to enhance performance in tasks such as image recognition, object detection, and natural language 
processing. Rooted in the FGM algorithm, we introduced adversarial training to the graph autoencoder, ultimately enabling 
it to generate more robust latent embeddings. Specifically, let L(y | H(l)(x), θ) denote the loss function of the i-th (i = 1,2,3) 
layer of GNN encoder, where (x, y) represents the training data, θ is the model parameter, and H(l) denotes the feature 
embedding of GNN encoder at the l-th layer. As (3) shows, the optimal parameters of PathoRM can been achieved via 
backpropagation procedure without adversarial training algorithm.

	
θ∗ = argmin

θ
E(x,y)∼DL(y|H(l)(x), θ), l = 1, ...,L

	 (3)

Rooted in FGM algorithm, we introduced adversarial perturbation radv to the GNN embeddings. Consequently, the optimi-
zation procedure of optimal perturbation r*

adv and optimal parameter θ* can be cast into the following max-min problem:

	
θ∗, r∗adv = min

θ
E(x,y)∼D[max

radv
L(y|H(l)(x) + radv, θ)], l = 1, 2, 3

	 (4)
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At each training step, a two-stage procedure is adopted to get the worst-case perturbation and optimal model parameter. 
Firstly, we temporarily set θ as θ̂, and obtained r*

adv through the following formula.

	
r∗adv = argmax

radv
L(y|H(l)(x) + radv, θ)], l = 1, 2, 3

	 (5)

(5) cannot be directly solved via computing its derivative with respect to radv. Thus, we proceeded to expand 
L(y|H(l)(x) + radv, θ) using Taylor series.

	 L(y|H(l) + radv, θ̂)] = L(y|H(l), θ̂)] + radvL(y|H(l), θ̂)], l = 1, . . . , L	 (6)

where ||radv||2 ≤ ε.
Since the adversarial perturbation in essence results in an increase in the loss value, maximizing L(y|H(l) + radv, θ̂)is 

equivalent to maximizing radvL(y|H
(l), θ̂). Hence, we obtain optimal adversarial perturbation which is shown as (7).

	
r∗adv =

∇H(l)L(y|H(l), θ̂)

||∇H(l)L(y|H(l), θ̂)||2
, l = 1, 2, 3

	 (7)

Finally, setting radv as r*adv, we solve the minimization problem (8) to obtain the optimal parameters θ*.

	
θ∗ = min

θ
El=1,2,3L(y|H(l) + r∗adv, θ)]	 (8)

2.7.  “Guilty-by-Association”-derived Negative Sampling Scheme for Model Training

High-quality negative samples are crucial for improving the training efficiency and predictive performance of deep learning 
models. Here, we proposed a negative sample selection method based on “guilty-by-association” principle, guiding the model 
to select reliable negative samples from candidate samples. Specifically, taking (si, dj) as an example. S represents the set of 
RM sites, and S\si represents the set of other RM sites which except for si. sk is the least similar site to si and simultaneously 
(sk, dj) is a candidate sample. The principle of guilty-by-association posits that RM sites with higher similarity are more likely to 
be involved in the same pathways of disease occurrence and progression. Conversely, RM sites with lower similarity are less 
likely to be involved in the same disease pathways. Based on this premise, (sk, dj) can be defined as negative samples.

3.  Results

To validate the predictive power of our model, we conducted a comprehensive comparison of PathoRM against lead-
ing baseline methods from three distinct perspectives: (i) overall performance on a balanced dataset utilizing 10-fold 
cross-validation, (ii) overall performance on an imbalanced dataset utilizing 10-fold cross-validation(10-fold CV), and (iii) 
performance in Leave-One-Disease-Out-Cross-Validation (LODOCV) setting. While numerous convex optimization-based 
models have been developed to address RM-disease association prediction, deep learning-based models remain scarce. 
Therefore, for a thorough and fair evaluation, we selected three widely used deep learning models—DeepDTA [23], Deep-
DCA [24], DeepConv-DTI [42]—and one multi-view learning-based model—AMVML [43]—for comparison.

3.1.  Experimental design

To systematically assess the effectiveness of PathoRM in prioritizing pathogenic RM sites, we performed PathoRM and 
its competing models in two experimented settings, including 10-fold CV and LODOCV, which the predictive capabilities 
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of the models under both “warm-star” and “cold-star” scenarios. In 10-fold CV scheme, all known RM-disease associa-
tion samples, referred to as positive samples, are divided into roughly equal-sized ten subsets. In each fold, nine subsets 
are designated as training sets, while the remaining subset containing positive samples is merged with samples selected 
through a negative sampling strategy from the candidate pool to compose the test set. Additionally, we constructed 
balanced and imbalanced scenarios to comprehensively evaluate the predictive performance and robustness of the algo-
rithms. In terms of the balanced scenario, the number of selected negative samples equals the number of positive sam-
ples, while in the imbalanced scenario, the number of selected negative samples is ten times that of the positive samples. 
Under both settings, the performance of the models on balanced and imbalanced test sets is comprehensively evaluated 
using ROC curves, PR curves, AUC, AUPR, ACC, Precision, Recall, Specificity, and F1 score. The calculation for these 
metrics can be found in the attached S1 Text. LODOCV was designed to assess the models’ capabilities in prioritizing the 
pathogenic RM sites under the “cold-start” scenario. Briefly, taking disease di as an example, the remaining diseases con-
stitute the set D\di. Then di -associated validated samples (s, di), s ∈ S, are regarded as test sample while validated s-D\ di 
pairs are regarded as training set. In the training procedure, PathoRM takes full advantages of prior similarity information 
as well as validated association information, and explore the latent embeddings in the heterogeneous RM-disease space, 
then obtained the predicted association scores of samples (s, di), s ∈ S. The AUC metric was applied to evaluate PathoRM 
and its competing models under the LOODOCV scheme. By deploying each model on the disease set D=(d

1
, d

2
, …, dn) 

with the LODOCV scheme, n AUC values can be obtained. Finally, we accessed the models’ ability in “cold-start” scenario 
by comparing the distribution of AUC values of PathoRM and its competing models.

3.2.  Comparison methods

DeepDTA is a classical deep learning model in predicting the affinity between drugs and targets. To enhance its 
applicability in predicting pathogenic RM sites, DeepDTA partitions RM host sequences into 3-mers, representing 
them as a sequence of “biological words”, and subsequently encodes them. Similarly, disease text sequences are 
encoded after constructing a dictionary of disease text descriptions. This pre-processing step aims to derive effec-
tive representations of RM sites and disease information, thus providing suitable inputs to the model. Following 
this, DeepDTA employs two CNN modules to learn feature embeddings of RM sites and diseases. Each CNN block 
consists of three consecutive convolutional layers followed by pooling layers for down-sampling. Ultimately, the 
features from these two pooling layers are concatenated and fed into three fully connected layers to generate final 
prediction results.

DeepDCA is an extension of DeepDTA, which is also proposed for predicting the affinity between drugs and targets. 
Building upon the same encoding methods as DeepDTA, DeepDCA combines CNN and LSTM architectures to extract 
local feature embeddings of RM sites and diseases, respectively. Additionally, DeepDCA introduces a bidirectional atten-
tion mechanism to model the interaction between RM sites and diseases, thereby improving the model’s representation of 
drug-target relationships and ultimately yielding prediction results.

DeepConv-DTI is also dedicated to predicting drug-target interaction. In the context of RM-disease association predic-
tion, it adopts the encoding approach for RM site host sequences and disease text from DeepDTA, utilizing a fully con-
nected neural network to learn feature representations of RM site host sequences, and employing CNN and pooling layers 
to capture semantic features of disease text. Subsequently, DeepConv-DTI concatenates extracted drug features with 
protein features and passes them through a fully connected neural network to produce prediction results.

AMVML is a multi-view learning-based model which once used to predict the miRNA-disease associations. In this 
study, AMVML is retrained and applied to predict pathogenic RM sites. Specifically, AMVML treats similarity calculated 
under different features of RM sites and diseases as distinct views. It then employs a multi-view subspace learning algo-
rithm to fuse various RM site/disease similarity information and known RM site-disease associations, resulting in a com-
pleted RM site-disease association matrix.
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3.3.  Implementation and optimization

We performed all experiments with PyTorch 1.13.1 on NVIDIA A100 GPU. Xavier initialization strategy [44] was used to 
prevent gradients from exploding and vanishing in the consequent GNN layers. Then the Adam optimizer was used in the 
model training procedure, where weighted cross entropy loss ℒWCE was applied to quantify the difference between the pre-
dicted outputs and true target values and simultaneously to mitigate the issues caused by imbalanced data.

	

LWCE = –
1

m× n
(
|Ω–|
|Ω+|

∑
(si,dj)∈Ω+

log [X̂SD]ij+
∑

(si,dj)∈Ω–

log(1 – [X̂SD]ij))

	 (9)

where Ω+ and Ω- denote the set of positive instances and the set of negative instances, respectively, while |Ω+| and |Ω-| 
denote the numbers of positive and negative instances, respectively.

3.4.  PathoRM shows the best prediction performance in 10-fold CV experiments across datasets

Here, we compared PathoRM with its competing methods on both balanced and imbalanced m6ADA datasets under 
10-fold CV scheme. For fair comparison, the models were executed and evaluated with the same training sets and test 
sets which were split by 10-fold CV. Since disease trait description is a unique data type, different from drug and target 
data which can be directly encoded by sequence elements, the three comparative models use a combination of GO 
features and embeddings generated by BioBERT as input embeddings for diseases. To align with PathoRM, the compar-
ison methods concatenate RM chemical features, statistical features, and embeddings generated by iDNA-ABF as input 
embeddings for RM sites.

The performance was mainly measured in terms of AUC and AUPR, following by other measurements F1 score, 
ACC, Recall, Specificity and Precision. Fig 2A–E illustrates the overall comparison performance between PathoRM 
and its competing methods on four balanced datasets under 10-fold CV. As illustrated in Fig 2AB, PathoRM show-
cases promising performance on both the balanced and imbalanced m6ADA datasets Specifically, PathoRM achieves 
an AUC of 0.9878 ± 0.0195 and an AUPR of 0.9904 ± 0.0295. In terms of mean AUC, PathoRM leads a large margin of 
DeepConv-DTI, DeepDTA, DeepDCA, and AMVML by 23.65%, 26.43%, 9.89%, and 7.86%, respectively. Similarly, in 
terms of AUPR, PathoRM exhibits a superiority of 27.44%, 31.39%, 35.55%, and 10.05% over its comparative counter-
parts. Notably, its superiority becomes even more clear on the imbalanced m6ADA dataset, with the highest mean AUC of 
0.9737 and mean AUPR of 0.8815, leading a large margin from 17.74% to 73.12%, thus showcasing robust capability in 
the classification of m 6A-disease associations.

What’s more, AMVML emerges as the second-best performer on the m6ADA dataset, falling slightly short of PathoRM. 
Specifically, on the balanced dataset, AMVML achieves an AUC of 0.9092 ± 0.0204 and an AUPR of 0.8899 ± 0.0314, while 
on the imbalanced dataset, it records an AUC of 0.9388 ± 0.0120 and an AUPR of 0.7041 ± 0.0599. In contrast, the three 
natural language processing algorithms—DeepConv-DTI, DeepDTA, and DeepDCA exhibit relatively poor performance. 
Fig 2CD further demonstrate the superiority of PathoRM by comparing it with DeepConv-DTI, DeepDTA, DeepDCA and 
AMVML in terms of F1 score, Precision, Recall, ACC and Specificity on m6ADA. Regardless of balanced or imbalanced 
situation, PathoRM outperforms the comparative algorithms across all metrics and achieves a fine balance. Simultane-
ously, increasing the negative samples ninefold resulted in a slight decline in AUPR, F1 score, Precision, and Recall for 
both PathoRM and AMVLV, while leading to a drastic drop in these metrics for DeepDTA, DeepDCA, and DeepConv-DTI. 
This underscores the high predictive accuracy and robustness of PathoRM and AMVLV.

To validate the robustness of PathoRM across datasets, further comparisons were made by examining the performance 
of each algorithm on the m7GDA dataset. S1 Table presents the results of 10-fold cross-validation for PathoRM and its 
comparative algorithms on m7GDA dataset. PathoRM consistently demonstrates superior performance, particularly in 
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terms of AUC, AUPR, and Recall, showcasing robust predictive capabilities for RM-disease associations and the identifi-
cation of positive samples. Additionally, we also compared PathoRM with traditional machine learning models, including 
Support Vector Machine (SVM), Random Forest (RF), and Gradient Boosting Machine (GBM), which rely on handcrafted 
features and simpler architectures. The results can be found in S1 Fig, and the parameterization analysis of PathoRM can 
be found in S1 Text and S2 Table.

The statistical significance of the performance differences between PathoRM and its competing methods in the 10-fold 
CV scheme was evaluated using the Wilcoxon test, with the p value indicating the level of significance. As Fig 3 shows, 
regardless of m6ADA and m7GDA dataset, p values between PathoRM and its comparison methods are far less than 
0.05, which further indicates the superiority of PathoRM is statistically significant. To this end, the results manifest that our 
proposed PathoRM significantly outperforms the leading baselines across all datasets, metrics and scenarios. It can be 
inferred that the outstanding performance of PathoRM may be attributed to the utilization of multi-view algorithms, which 

Fig 2.  Overall performance comparison results between PathoRM and its competing methods on m6ADA dataset with 10-fold CV. A. The ROC 
and PR curves of PathoRM and its competing methods on balanced setting. B. The ROC and PR curves of PathoRM and its competing methods on 
imbalanced setting. C. The performance of PathoRM, DeepConv-DTI, DeepDTA, DeepDCA and AMVML in terms of ACC, Precision, Recall, F1 score, 
and Specificity on balanced setting. D. The performance of PathoRM, DeepConv-DTI, DeepDTA, DeepDCA and AMVML in terms of ACC, Precision, 
Recall, F1 score, and Specificity on imbalanced setting.

https://doi.org/10.1371/journal.pcbi.1013654.g002

https://doi.org/10.1371/journal.pcbi.1013654.g002
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integrate various features of RM sites and diseases, thereby reducing the model’s reliance on specific features. Addition-
ally, it learns consistent complementary information among various features, enabling the capture of unbiased associa-
tions. PathoRM extends multi-view learning into the framework of deep learning, then utilizing affinity matrix to initialize the 
edges of the RM-disease heterogenous graph, thus fully leveraging the prior information.

To intuitively explain why our proposed PathoRM performs better than the other approaches, we further visualized the 
distribution of feature embedding space of PathoRM, DeepConv-DTI, DeepDTA and DeepDCA in all test sets generated by 
10-fold CV. Fig 4 show the t-distributed Stochastic Neighbor Embedding (t-SNE, a widely used tool for visualizing high-
dimensional data by giving a 2D map) [45] visualization results of them, where red dots represent the positive samples 
while green dots represent the negative samples. As seen from Fig 4, the feature space of positive associations and that of 
negative associations are relatively discriminative, well-separated and clear. Additionally, the samples within one cluster are 
closely compact rather than disperse. As comparison, the samples of feature space generated by DeepConv-DTI is slightly 
mixed. The worse situation occurs in DeepDCA and DeepDTA where their feature spaces are connected and totally mixed 
with each other, and it is hard to circle the boundary for each class. The t-SNE performance align perfectly with the compar-
ison results shown in Fig 3. To this end, we can attribute the superiority of PathoRM to its capability in accurately recogniz-
ing and grasping the underlying feature patterns of positive and negative RM-disease associations.

Fig 3.  Statistical significance of differences(p value) among PathoRM, DeepCon-DTI, DeepDTA, DeepDCA and AMVML on A. m6ADA dataset 
B. m7GDA dataset.

https://doi.org/10.1371/journal.pcbi.1013654.g003

Fig 4.  Feature space distribution of PathoRM, DeepConv-DTI, DeepDTA and DeepDCA with t-SNE.

https://doi.org/10.1371/journal.pcbi.1013654.g004

https://doi.org/10.1371/journal.pcbi.1013654.g003
https://doi.org/10.1371/journal.pcbi.1013654.g004
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3.5.  PathoRM Outperforms the State‑of‑the‑art Methods in the LODOCV Experiments

To further evaluate the capabilities of PathoRM and its competing methods in a “cold-start” scenario, we conducted 
LODOCV experiments on them. Fig 5AB display the distribution of AUC statistic for PathoRM, DeepConv-DTI, Deep-
DTA, DeepDCA, and AMVLM on the m6ADA and m7GDA datasets in the LODOCV experiments, respectively. As Fig 5A 
shows, on the m6ADA dataset, PathoRM generated 2860 AUC values that exhibited a right-skewed distribution, where the 
AUC values are highly concentrated around 0.95, indicating nearly accurate prediction of pathogenic RM sites. The AUC 
values produced by AMVML also displayed a right-skewed distribution, centered at 0.85. However, the AUC values gener-
ated by DeepDTA and DeepDCA were concentrated between [0.6, 0.8], performing less promising compared to PathoRM 
and AMVML. The AUC distribution for DeepConv-DTI ranged between [0.5, 0.7], indicating the poorest performance 
among the methods. While as Fig 5B shows, the peaks of AUC scores for DeepDTA, DeepConv-DTI, DeepDCA, AMVML 
and PathoRM successively shifted to the right on the m7GDA dataset. Furthermore, PathoRM generates 786 AUC values 
with the smallest variance, concentrated between [0.8, 1.0], consistently exhibiting the best performance among all meth-
ods. This further demonstrates the robustness and applicability of PathoRM in prioritizing relevant RM sites for diseases.‘

3.6  GIN Achieves the Best Performance Among Diverse GNNs

To further investigate the effectiveness of diverse GNN variants, including GIN, GCN and GraphSAGE, we implemented 
the graph autoencoder of PathoRM with GNN variants on m6ADA dataset. Fig 6A shows their performance which is eval-
uated by AUC and AUPR. In general, GIN has the leading performance equipped with the highest mean AUC/AUPR and 
relatively low standard variance (balanced dataset: AUC = 0.9878 ± 0.0050, AUPR = 0.9905 ± 0.0033; imbalanced dataset: 
AUC = 0.9737 ± 0.0102, AUPR = 0.8815 ± 0.042), while GCN shows the lowest mean AUC/AUPR values with the largest 
variances (balanced dataset: AUC = 0.9660 ± 0.0128, AUPR = 0.9662 ± 0.0138; imbalanced dataset: AUC = 0.9477 ± 0.0127, 
AUPR = 0.7779 ± 0.0632). Therefore, taking GIN as the graph encoder significantly enhances the algorithm’s prediction 
accuracy. The results may attribute to the message passing methods of GIN, GraphSAGE and GCN. Specifically, GIN is 
designed based on graph isomorphism principles. During message passing, the connectivity of the RM site-disease het-
erogeneous graph and the graph structure remain unchanged [38]. Coincidently, the RM-disease heterogeneous graphs 
in different GNN layers are isomorphic. Moreover, GIN iteratively aggregates information from neighbouring nodes in 

Fig 5.  Distritbuions of AUC statistic for PathoRM, DeepConv-DTI, DeepDTA, DeepDCA and AMVLM under LODOCV scheme. A. m6ADA dataset 
B. m7GDA dataset.

https://doi.org/10.1371/journal.pcbi.1013654.g005

https://doi.org/10.1371/journal.pcbi.1013654.g005
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multiple layers of graph isomorphism layers, capturing global information through pooling operations. This enables GIN to 
consider the overall structure more comprehensively when processing graph data, facilitating a more holistic understand-
ing of relationships within the graph. On the other hand, GraphSAGE and GCN are not specifically designed for isomor-
phic graphs, and their information aggregation processes are more sensitive. Specifically, GCN aggregates embeddings in 
a simple manner by averaging embeddings of all features of neighbour nodes [36]. GraphSAGE first samples its neigh-
bours and then updates feature embeddings by integrating the current embedding with aggregated neighbour information 
[37]. The averaging approach may introduce noise, while random neighbour sampling can mitigate this issue. Therefore, 
GIN exhibits optimal performance in this context. Additionally, GraphSAGE achieves better prediction performance than 
GCN due to its more reasonable neighbour aggregation method.

3.7.  Multi-view learning is optimal for unbiased similarity information acquisition

Here, we further investigated the contribution of multi-view learning stage in PathoRM by replacing it with similarity metrics 
while keeping the other components unchanged. Given various features exhibit diverse data structures, different metrics 
are employed to compute their similarities. In terms of the RM features, ASS(1) denotes binary-encoded representations of 
chemical structures, while ASS(2) signifies cumulative nucleotide frequencies encoded as continuous values ranging from 
0 to 1. Thus, we applied the Jaccard coefficient and Cosine coefficient on ASS(1) and ASS(2) to achieve X̃(1)

SS and X̃(2)
SS ,  

respectively. Then ASS(3) represents the semantic features extracted by iDNA-ABF, which is encoded with continuous 
numerical values. Therefore, we still leveraged the Cosine coefficients on ASS(3) to derive semantic similarity X̃(3)

SS from it. 
The same process applies to the set of disease features to achieve X̃(1)

DD and X̃(2)
DD. Finally, element-mean operation was 

applied on X̃(1)
SS, X̃(2)

SS and X̃(3)
SS for taking each view into consideration and obtaining the comprehensive RM similarity X̃SS,  

so as for disease similarity X̃DD. Based on them, we reconstructed heterogeneous graph of known associations between 
RM sites and diseases and the other components remain unchanged. This similarity-dependent model is denoted as 

Fig 6.  Performance of ablation studies. A Performance comparison of PathoRM with GIN, GraphSAGE and GCN. B Performance comparison of 
PathoRM and PathoRM-metric. C Performance comparison of PathoRM and PathoRM-RandomSampling. D Performance comparison of PathoRM with 
and without adversarial training scheme. E Loss curves generated by PathoRM with and without adversarial training.

https://doi.org/10.1371/journal.pcbi.1013654.g006

https://doi.org/10.1371/journal.pcbi.1013654.g006
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PathoRM-metric. Fig 6B illustrates the performance of PathoRM and PathoRM-metric across scenarios and metrics on 
m6ADA dataset.

As Fig 6B shows, compared with PathoRM, PathoRM-metric demonstrates a decline in performance across all scenar-
ios and metrics. Particularly in imbalanced datasets, a substantial decrease of approximately 30% is observed in AUPR, 
F1 score, Recall, and Precision metrics. This strongly indicates the significant role of employing multi-view subspace 
learning algorithms in acquiring unbiased RM site/disease similarities, reducing noise, and enhancing predictive perfor-
mance. Specifically, multi-view subspace learning enables the model to automatically select and integrate features from 
different views, thereby learning RM site-RM site and disease-disease similarities in a feature-driven manner. In contrast, 
RM site/disease similarities obtained through similarity metric approaches may fail to accurately learn the true relation-
ships between RM sites and diseases since the calculation process itself may potentially introduce some degree of noise. 
Hence, multi-view subspace learning is vital for constructing unbiased RM site-disease heterogeneous graphs and effec-
tively capturing association patterns with graph autoencoders.

3.8.  Negative sampling scheme enables the promising prediction performance of pathoRM

To assess the efficacy of the proposed “guilty-by-association”-derived negative sampling scheme, we employed random 
sampling to select negative samples and then retrained PathoRM, which is denoted as PathoRM-RandomSampling. Fig 
6C illustrates the performance comparison between PathoRM and PathoRM-RandomSampling on m6ADA dataset, where 
darker shades represent higher scores. As Fig 6C shows, on the balanced dataset, PathoRM consistently outperforms 
PathoRM-RandomSampling across all metrics, showcasing a significant 20.37% advantage in AUPR. Furthermore, the 
advantages stemming from the “guilty-by-association”-derived negative sampling strategy are underscored by a notable 
50% increase in AUPR attained by PathoRM over PathoRM-RandomSampling on the imbalanced dataset. This highlights 
the effectiveness of the “guilty-by-association”-derived negative sampling method in capturing distinctive feature patterns 
of both positive and negative samples. Consequently, it enhances model training efficiency and accuracy while mitigating 
the risk of overfitting to noise and redundant information.

3.9.  Adversarial training scheme enhances the robustness of PathoRM

Adversarial training is another strategy we used in the training process of PathoRM. Here, we analysed its contribu-
tion to the prediction performance by retraining PathoRM without utilizing adversarial training. Taking m6ADA dataset 
as an example, Fig 6D shows the comparison results of PathoRM with and without adversarial training under 10-fold 
CV experiments. Specifically, model with adversarial learning achieves higher mean AUC and AUPR values, along 
with exhibiting smaller variances, indicating greater robustness of the model. Then we further investigated the reasons 
behind this phenomenon. Fig 6E depicts the curves of loss function of PathoRM with and without adversarial learning 
during the training process. PathoRM with adversarial training demonstrates lower and more stable training losses, 
whereas PathoRM without adversarial training exhibits higher losses with unstable local fluctuations. This suggests 
that adversarial learning, by introducing adversarial noise at the GNN layer, enables the model to learn resistance to 
minor perturbations during training process, thereby mitigating overfitting on the test set and enhancing the robust-
ness and generalization of PathoRM.

3.10.  PathoRM Associates pathology with conserved Motif

RM sites with identical motifs in their host sequences may execute similar biological functions and participate in the same 
disease processes. For better interpreting model’s decision at the sequence-level, PathoRM outputs the normalized site 
importance scores through attention mechanisms of iDNA-ABF without any prior base-level annotations. First, we investi-
gated the impact of RM sequence length on PathoRM’s performance and identified the optimal sequence for subsequent 
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motif identification. Specifically, we systematically truncated the original m7G-centered (41 bp) to 21 bp and 11 bp, the 
original m6A-centered (65 bp) to 35 bp and 15 bp, while preserving site-centric alignment. These variants were incorpo-
rated into PathoRM and assessed via 10-fold CV, with AUC and AUPR comparisons detailed in S2 Fig in S1 Text. Based 
on the results, we selected the 41 bp m7G-centered sequence and the 65 bp m6A-centered sequence for further analysis. 
Then, all validated associations (s, d)∈Ω are regarded as positive training samples while the others (s, d)∉ Ω are taken 
as candidate samples. By applying the well-trained PathoRM on the training set, all candidate RM sites associated with 
specific disease are ranked by the predicted scores. Here, we took breast cancer and Alzheimer’s disease as examples, 
and picked up the top three sites for convincing results. Then for granting insights into how PathoRM makes determina-
tions at the base-level, we extracted the attention matrix generated by iDNA-ABF, which measures the correlations among 
all residues. For each site, we calculated its contribution by summing its correlations with the remaining sites, and normal-
ized it through a min-max scaling process. A higher normalized value indicates stronger dependency with the upstream 
and downstream regions, thus demonstrating the important role this site plays in the determination process of PathoRM. 
Fig 7AB respectively depict the distribution of nucleotide importance scores for the top three m7G host sequences which 
are most associated with breast cancer and Alzheimer’s disease. To investigate the biological meaning of the identified 
regions with high scores, we further utilized STREME [46] to identify conserved motifs within known breast cancer/Alz-
heimer’s disease-related m7G host sequences. Fig 7CD respectively display the most significantly enriched motifs in m7G 
host sequences associated with breast cancer and Alzheimer’s disease.

As Fig 7 shows, conserved motif in breast cancer-related m7G host sequences is “CCCGCCU” with each base being 
equally enriched. Considering the distribution of base importance scores shown in Fig 7A, it can be observed that the 
high-probability distribution region largely overlaps with the conserved motif in Fig 7C. The conserved motif in Alzheimer’s 
disease-related m7G host sequences is “AAGUGGG” with a higher enrichment frequency of GU, indicating greater conser-
vation. The high-probability distribution region shown in Fig 7B essentially overlaps with the motif “AAGUGGG” in Fig 7D 
with the highest importance scores observed at the GU positions. This phenomenon suggests that the attention matrix can 
largely reflect the conserved motifs of disease-related RM host sequences. These conserved motifs may function as reg-
ulatory elements or correspond to conserved functional domains in RNA secondary structures, playing crucial biological 
roles in the onset and progression of diseases. For instance, the GU-enriched regions are typically associated with snRNA 
and intron splicing processes. The GU-enriched region is recognized by the spliceosome, a complex of RNA and protein 
molecules responsible for splicing, and it serves as an essential signal for the initiation of splicing [47]. Therefore, despite 
PathoRM not being explicitly designed to identify these conserved motifs, post-training analysis of the model architecture 
through attention mechanisms enables the recognition of upstream and downstream conserved patterns associated with 
specific diseases.

4.  Discussion

Herein, we developed a deep learning model PathoRM for RM site-disease association prediction. Equipped with 
large language model, multi-view learning, graph autoencoder and training strategies, PathoRM has the leading 
performance when compared with widely used deep learning-based models, multi-view learning-based models and 
various traditional machine learning methods under both “warm-start” and “cold-start” scenarios. Additionally, t-SNE 
analysis results indicate that outstanding performance of PathoRM is attributed to its excellent ability to recognize 
the distinctive feature patterns of positive and negative association samples. Additionally, ablation studies approved 
the rationale of model design and the effectiveness of each component. Notably, even without explicit annotations 
for sites, the present pipeline has the potential to capture the intrinsic pathogenic regions, which is overlapped with 
the conserved motif, in the RM host sequence with the attention mechanism, offering biological insights into the 
decision-making procedure. Thus, PathoRM could emerge as a promising tool for predicting RM-disease associations 
and inferring conserved motif.
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Despite achieving promising results, PathoRM still has some limitations. Firstly, it solely solves the task of pathogenic 
RM sites prediction, ignoring the post-transcriptional regulatory procedures induced by pathogenic RM sites. Then the 
secondary structure of RNA may influence the pathology of RM sites. Incorporating the information about the secondary 
structure of RNA may enhance the predictive performance of pathogenic RM sites. Finally, regardless of m6A and m7G 

Fig 7.  Base importance of disease-related m7G host sequences and the conserved motif. A Base importance of breast cancer-related m7G host 
sequences. B Base importance of Alzheimer’s disease-related m7G host sequences. C Conserved motif of breast cancer-related m7G host sequences. D 
Conservative motif of Alzheimer’s disease-related m7G host sequences.

https://doi.org/10.1371/journal.pcbi.1013654.g007

https://doi.org/10.1371/journal.pcbi.1013654.g007
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modifications, PathoRM has the potential to be applied to a wide range of pathogenic RNA modifications, including m1A, 
m5C, ψ, and others. Furthermore, we envision PathoRM as a versatile tool for predicting various genetic modifications and 
interactions, such as pathogenic DNA methylation sites, miRNA-disease associations, and pathogenic non-coding RNAs. 
The flexibility of the PathoRM framework enables its adaptation to different types of biological data and research domains, 
making it a promising approach for studying diverse epigenetic and transcriptomic modifications.

Supporting information

S1 Text.  Optimization Procedure of Naïve Multi-View Learning; Message Passing and Updating Rules of Graph 
Neural Networks (GNNs); Metrics; PathoRM Outperforms the Traditional Machine Learning Models; Investigating 
the Optimal Sequence Length for Motif Analysis; Parameterization Analysis of PathoRM. 
(DOCX)

S1 Fig.  Comparison results of PathoRM and traditional machine learning models. 
(TIF)

S2 Fig.  Model performance with different site-centered sequence lengths. 
(TIF)

S1 Table.  10-fold Cross Validation results of PathoRM and its competing methods on the m7GDA dataset. 
(XLSX)

S2 Table.  Statistical summary of model hyperparameters setting and trainable parameters. 
(XLSX)

Author contributions

Conceptualization: Lin Zhang.

Formal analysis: Jiani Ma, Lin Zhang.

Investigation: Lin Zhang.

Methodology: Jiani Ma.

Project administration: Hui Liu.

Software: Jiani Ma.

Supervision: Lin Zhang.

Validation: Xianjun Ma.

Visualization: Xianjun Ma.

Writing – original draft: Jiani Ma.

Writing – review & editing: Hui Liu, Jiani Ma.

References
	1.	 Roundtree IA, Evans ME, Pan T, He C. Dynamic RNA Modifications in Gene Expression Regulation. Cell. 2017;169(7):1187–200. https://doi.

org/10.1016/j.cell.2017.05.045 PMID: 28622506

	2.	 Jaffrey SR. An expanding universe of mRNA modifications. Nat Struct Mol Biol. 2014;21(11):945–6. https://doi.org/10.1038/nsmb.2911 PMID: 
25372308

	3.	 Cappannini A, Ray A, Purta E, Mukherjee S, Boccaletto P, Moafinejad SN, et al. MODOMICS: a database of RNA modifications and related informa-
tion. 2023 update. Nucleic Acids Res. 2024;52(D1):D239–44. https://doi.org/10.1093/nar/gkad1083 PMID: 38015436

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013654.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013654.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013654.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013654.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013654.s005
https://doi.org/10.1016/j.cell.2017.05.045
https://doi.org/10.1016/j.cell.2017.05.045
http://www.ncbi.nlm.nih.gov/pubmed/28622506
https://doi.org/10.1038/nsmb.2911
http://www.ncbi.nlm.nih.gov/pubmed/25372308
https://doi.org/10.1093/nar/gkad1083
http://www.ncbi.nlm.nih.gov/pubmed/38015436


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013654  November 10, 2025 19 / 20

	 4.	 Wang X, Lu Z, Gomez A, Hon GC, Yue Y, Han D, et al. N6-methyladenosine-dependent regulation of messenger RNA stability. Nature. 
2014;505(7481):117–20. https://doi.org/10.1038/nature12730 PMID: 24284625

	 5.	 Roignant J-Y, Soller M. m6A in mRNA: An Ancient Mechanism for Fine-Tuning Gene Expression. Trends Genet. 2017;33(6):380–90. https://doi.
org/10.1016/j.tig.2017.04.003 PMID: 28499622

	 6.	 Meyer KD, Jaffrey SR. Rethinking m6A Readers, Writers, and Erasers. Annu Rev Cell Dev Biol. 2017;33:319–42. https://doi.org/10.1146/
annurev-cellbio-100616-060758 PMID: 28759256

	 7.	 An Y, Duan H. The role of m6A RNA methylation in cancer metabolism. Mol Cancer. 2022;21(1):14. https://doi.org/10.1186/s12943-022-01500-4 
PMID: 35022030

	 8.	 Luo Y, Yao Y, Wu P, Zi X, Sun N, He J. The potential role of N7-methylguanosine (m7G) in cancer. J Hematol Oncol. 2022;15(1):63. https://doi.
org/10.1186/s13045-022-01285-5 PMID: 35590385

	 9.	 Liu Z-X, Li L-M, Sun H-L, Liu S-M. Link Between m6A Modification and Cancers. Front Bioeng Biotechnol. 2018;6:89. https://doi.org/10.3389/
fbioe.2018.00089 PMID: 30062093

	10.	 Linder B, Grozhik AV, Olarerin-George AO, Meydan C, Mason CE, Jaffrey SR. Single-nucleotide-resolution mapping of m6A and m6Am throughout 
the transcriptome. Nat Methods. 2015;12(8):767–72. https://doi.org/10.1038/nmeth.3453 PMID: 26121403

	11.	 Ke S, Alemu EA, Mertens C, Gantman EC, Fak JJ, Mele A, et al. A majority of m6A residues are in the last exons, allowing the potential for 3’ UTR 
regulation. Genes Dev. 2015;29(19):2037–53. https://doi.org/10.1101/gad.269415.115 PMID: 26404942

	12.	 Meyer KD. DART-seq: an antibody-free method for global m6A detection. Nat Methods. 2019;16(12):1275–80. https://doi.org/10.1038/s41592-019-
0570-0 PMID: 31548708

	13.	 Luo X, Li H, Liang J, Zhao Q, Xie Y, Ren J, et al. RMVar: an updated database of functional variants involved in RNA modifications. Nucleic Acids 
Res. 2021;49(D1):D1405–12. https://doi.org/10.1093/nar/gkaa811 PMID: 33021671

	14.	 Song B, Tang Y, Chen K, Wei Z, Rong R, Lu Z, et al. m7GHub: deciphering the location, regulation and pathogenesis of internal mRNA N7-
methylguanosine (m7G) sites in human. Bioinformatics. 2020;36(11):3528–36. https://doi.org/10.1093/bioinformatics/btaa178 PMID: 32163126

	15.	 Chen K, Song B, Tang Y, Wei Z, Xu Q, Su J, et al. RMDisease: a database of genetic variants that affect RNA modifications, with implications for 
epitranscriptome pathogenesis. Nucleic Acids Res. 2021;49(D1):D1396–404. https://doi.org/10.1093/nar/gkaa790 PMID: 33010174

	16.	 Tang Y, Chen K, Wu X, Wei Z, Zhang S-Y, Song B, et al. DRUM: Inference of Disease-Associated m6A RNA Methylation Sites From a Multi-Layer 
Heterogeneous Network. Front Genet. 2019;10:266. https://doi.org/10.3389/fgene.2019.00266 PMID: 31001320

	17.	 Ma J, Zhang L, Chen J, Song B, Zang C, Liu H. m7GDisAI: N7-methylguanosine (m7G) sites and diseases associations inference based on het-
erogeneous network. BMC Bioinformatics. 2021;22(1):152. https://doi.org/10.1186/s12859-021-04007-9 PMID: 33761868

	18.	 Ma J, Zhang L, Li S, Liu H. BRPCA: Bounded Robust Principal Component Analysis to Incorporate Similarity Network for N7-
Methylguanosine(m7G) Site-Disease Association Prediction. IEEE/ACM Trans Comput Biol Bioinform. 2022;19(6):3295–306. https://doi.
org/10.1109/TCBB.2021.3109055 PMID: 34469307

	19.	 Ma J, Zhang L, Chen X, Liu H. SpBLRSR: Schatten p-norm Constrained Bounded Low-rank Subspace Recovery for Predicting N7-
methylguanosine (m7G)-disease Associations. CBIO. 2022;17(7):657–68. https://doi.org/10.2174/1574893617666220617122848

	20.	 Rifaioglu AS, Atas H, Martin MJ, Cetin-Atalay R, Atalay V, Doğan T. Recent applications of deep learning and machine intelligence on in silico drug 
discovery: methods, tools and databases. Brief Bioinform. 2019;20(5):1878–912. https://doi.org/10.1093/bib/bby061 PMID: 30084866

	21.	 Sun M, Zhao S, Gilvary C, Elemento O, Zhou J, Wang F. Graph convolutional networks for computational drug development and discovery. Brief 
Bioinform. 2020;21(3):919–35. https://doi.org/10.1093/bib/bbz042 PMID: 31155636

	22.	 Chen X, Guan N-N, Sun Y-Z, Li J-Q, Qu J. MicroRNA-small molecule association identification: from experimental results to computational models. 
Brief Bioinform. 2020;21(1):47–61. https://doi.org/10.1093/bib/bby098 PMID: 30325405

	23.	 Öztürk H, Özgür A, Ozkirimli E. DeepDTA: deep drug-target binding affinity prediction. Bioinformatics. 2018;34(17):i821–9. https://doi.org/10.1093/
bioinformatics/bty593 PMID: 30423097

	24.	 Abbasi K, Razzaghi P, Poso A, Amanlou M, Ghasemi JB, Masoudi-Nejad A. DeepCDA: deep cross-domain compound-protein affinity prediction 
through LSTM and convolutional neural networks. Bioinformatics. 2020;36(17):4633–42. https://doi.org/10.1093/bioinformatics/btaa544 PMID: 
32462178

	25.	 Zhao Q, Zhao H, Zheng K, Wang J. HyperAttentionDTI: improving drug-protein interaction prediction by sequence-based deep learning with atten-
tion mechanism. Bioinformatics. 2022;38(3):655–62. https://doi.org/10.1093/bioinformatics/btab715 PMID: 34664614

	26.	 Nguyen T, Le H, Quinn TP, Nguyen T, Le TD, Venkatesh S. GraphDTA: predicting drug-target binding affinity with graph neural networks. Bioinfor-
matics. 2021;37(8):1140–7. https://doi.org/10.1093/bioinformatics/btaa921 PMID: 33119053

	27.	 Zheng S, Li Y, Chen S, Xu J, Yang Y. Predicting drug–protein interaction using quasi-visual question answering system. Nat Mach Intell. 
2020;2(2):134–40. https://doi.org/10.1038/s42256-020-0152-y

	28.	 Ye Q, Hsieh C-Y, Yang Z, Kang Y, Chen J, Cao D, et al. A unified drug-target interaction prediction framework based on knowledge graph and 
recommendation system. Nat Commun. 2021;12(1):6775. https://doi.org/10.1038/s41467-021-27137-3 PMID: 34811351

	29.	 Vaswani A, Shazeer N, Parmar N, et al. Attention Is All You Need. In: 2017. https://doi.org/10.48550/arXiv.1706.03762

https://doi.org/10.1038/nature12730
http://www.ncbi.nlm.nih.gov/pubmed/24284625
https://doi.org/10.1016/j.tig.2017.04.003
https://doi.org/10.1016/j.tig.2017.04.003
http://www.ncbi.nlm.nih.gov/pubmed/28499622
https://doi.org/10.1146/annurev-cellbio-100616-060758
https://doi.org/10.1146/annurev-cellbio-100616-060758
http://www.ncbi.nlm.nih.gov/pubmed/28759256
https://doi.org/10.1186/s12943-022-01500-4
http://www.ncbi.nlm.nih.gov/pubmed/35022030
https://doi.org/10.1186/s13045-022-01285-5
https://doi.org/10.1186/s13045-022-01285-5
http://www.ncbi.nlm.nih.gov/pubmed/35590385
https://doi.org/10.3389/fbioe.2018.00089
https://doi.org/10.3389/fbioe.2018.00089
http://www.ncbi.nlm.nih.gov/pubmed/30062093
https://doi.org/10.1038/nmeth.3453
http://www.ncbi.nlm.nih.gov/pubmed/26121403
https://doi.org/10.1101/gad.269415.115
http://www.ncbi.nlm.nih.gov/pubmed/26404942
https://doi.org/10.1038/s41592-019-0570-0
https://doi.org/10.1038/s41592-019-0570-0
http://www.ncbi.nlm.nih.gov/pubmed/31548708
https://doi.org/10.1093/nar/gkaa811
http://www.ncbi.nlm.nih.gov/pubmed/33021671
https://doi.org/10.1093/bioinformatics/btaa178
http://www.ncbi.nlm.nih.gov/pubmed/32163126
https://doi.org/10.1093/nar/gkaa790
http://www.ncbi.nlm.nih.gov/pubmed/33010174
https://doi.org/10.3389/fgene.2019.00266
http://www.ncbi.nlm.nih.gov/pubmed/31001320
https://doi.org/10.1186/s12859-021-04007-9
http://www.ncbi.nlm.nih.gov/pubmed/33761868
https://doi.org/10.1109/TCBB.2021.3109055
https://doi.org/10.1109/TCBB.2021.3109055
http://www.ncbi.nlm.nih.gov/pubmed/34469307
https://doi.org/10.2174/1574893617666220617122848
https://doi.org/10.1093/bib/bby061
http://www.ncbi.nlm.nih.gov/pubmed/30084866
https://doi.org/10.1093/bib/bbz042
http://www.ncbi.nlm.nih.gov/pubmed/31155636
https://doi.org/10.1093/bib/bby098
http://www.ncbi.nlm.nih.gov/pubmed/30325405
https://doi.org/10.1093/bioinformatics/bty593
https://doi.org/10.1093/bioinformatics/bty593
http://www.ncbi.nlm.nih.gov/pubmed/30423097
https://doi.org/10.1093/bioinformatics/btaa544
http://www.ncbi.nlm.nih.gov/pubmed/32462178
https://doi.org/10.1093/bioinformatics/btab715
http://www.ncbi.nlm.nih.gov/pubmed/34664614
https://doi.org/10.1093/bioinformatics/btaa921
http://www.ncbi.nlm.nih.gov/pubmed/33119053
https://doi.org/10.1038/s42256-020-0152-y
https://doi.org/10.1038/s41467-021-27137-3
http://www.ncbi.nlm.nih.gov/pubmed/34811351
https://doi.org/10.48550/arXiv.1706.03762


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013654  November 10, 2025 20 / 20

	30.	 Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018. https://doi.
org/10.48550/arXiv.1810.04805

	31.	 Lee J, Yoon W, Kim S, Kim D, Kim S, So CH, et al. BioBERT: a pre-trained biomedical language representation model for biomedical text mining. 
Bioinformatics. 2020;36(4):1234–40. https://doi.org/10.1093/bioinformatics/btz682 PMID: 31501885

	32.	 Brbić M, Kopriva I. Multi-view low-rank sparse subspace clustering. Pattern Recognition. 2018;73:247–58. https://doi.org/10.1016/j.
patcog.2017.08.024

	33.	 Jin J, Yu Y, Wang R, Zeng X, Pang C, Jiang Y, et al. iDNA-ABF: multi-scale deep biological language learning model for the interpretable prediction 
of DNA methylations. Genome Biol. 2022;23(1):219. https://doi.org/10.1186/s13059-022-02780-1 PMID: 36253864

	34.	 Chen K, Wei Z, Zhang Q, Wu X, Rong R, Lu Z, et al. WHISTLE: a high-accuracy map of the human N6-methyladenosine (m6A) epitranscriptome 
predicted using a machine learning approach. Nucleic Acids Res. 2019;47(7):e41. https://doi.org/10.1093/nar/gkz074 PMID: 30993345

	35.	 Wang D, Wang J, Lu M, Song F, Cui Q. Inferring the human microRNA functional similarity and functional network based on microRNA-associated 
diseases. Bioinformatics. 2010;26(13):1644–50. https://doi.org/10.1093/bioinformatics/btq241 PMID: 20439255

	36.	 Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. 2016. https://doi.org/10.48550/arXiv.1609.02907

	37.	 Hamilton L, R Y, Leskovec J. Inductive Representation Learning on Large Graphs. 2017. https://doi.org/10.48550/arXiv.1706.02216

	38.	 Xu WH, Jure L, Stefanie J. How powerful are graph neural networks?. In: 2019. https://doi.org/10.48550/arXiv.1810.00826

	39.	 Dong YP, Liao FZ, Pang TY. Boosting adversarial attacks with momentum. In: Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR), Salt Lake City, Utah, USA, 2018.

	40.	 Madry AM, Schmidt L, Tsipras D, Vladu A. Towards deep learning models resistant to adversarial attacks. 2017. https://doi.org/10.48550/
arXiv.1706.06083

	41.	 Goodfellow IJ, Shlens J, Szegedy C. Explaining and harnessing adversarial examples. In: 2015. https://doi.org/10.48550/arXiv.1412.6572

	42.	 Lee I, Keum J, Nam H. DeepConv-DTI: Prediction of drug-target interactions via deep learning with convolution on protein sequences. PLoS Com-
put Biol. 2019;15(6):e1007129. https://doi.org/10.1371/journal.pcbi.1007129 PMID: 31199797

	43.	 Liang C, Yu S, Luo J. Adaptive multi-view multi-label learning for identifying disease-associated candidate miRNAs. PLoS Comput Biol. 
2019;15(4):e1006931. https://doi.org/10.1371/journal.pcbi.1006931 PMID: 30933970

	44.	 Kumar SK. On weight initialization in deep neural networks. 2017.https://doi.org/10.48550/arXiv.1704.08863

	45.	 van der Maaten L, Hinton G. Visualizing data using t-SNE. Journal of Machine Learning Research. 2008;9(86):2579–605.

	46.	 Bailey TL. STREME: accurate and versatile sequence motif discovery. Bioinformatics. 2021;37(18):2834–40. https://doi.org/10.1093/bioinformatics/
btab203 PMID: 33760053

	47.	 Wilkinson ME, Charenton C, Nagai K. RNA Splicing by the Spliceosome. Annu Rev Biochem. 2020;89:359–88. https://doi.org/10.1146/annurev-bio-
chem-091719-064225 PMID: 31794245

https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.1093/bioinformatics/btz682
http://www.ncbi.nlm.nih.gov/pubmed/31501885
https://doi.org/10.1016/j.patcog.2017.08.024
https://doi.org/10.1016/j.patcog.2017.08.024
https://doi.org/10.1186/s13059-022-02780-1
http://www.ncbi.nlm.nih.gov/pubmed/36253864
https://doi.org/10.1093/nar/gkz074
http://www.ncbi.nlm.nih.gov/pubmed/30993345
https://doi.org/10.1093/bioinformatics/btq241
http://www.ncbi.nlm.nih.gov/pubmed/20439255
https://doi.org/10.48550/arXiv.1609.02907
https://doi.org/10.48550/arXiv.1706.02216
https://doi.org/10.48550/arXiv.1810.00826
https://doi.org/10.48550/arXiv.1706.06083
https://doi.org/10.48550/arXiv.1706.06083
https://doi.org/10.48550/arXiv.1412.6572
https://doi.org/10.1371/journal.pcbi.1007129
http://www.ncbi.nlm.nih.gov/pubmed/31199797
https://doi.org/10.1371/journal.pcbi.1006931
http://www.ncbi.nlm.nih.gov/pubmed/30933970
https://doi.org/10.48550/arXiv.1704.08863
https://doi.org/10.1093/bioinformatics/btab203
https://doi.org/10.1093/bioinformatics/btab203
http://www.ncbi.nlm.nih.gov/pubmed/33760053
https://doi.org/10.1146/annurev-biochem-091719-064225
https://doi.org/10.1146/annurev-biochem-091719-064225
http://www.ncbi.nlm.nih.gov/pubmed/31794245

