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Pre-trained Language Models (PLMs), often suffer from high computational complexity
and over-parameterization, limiting their scalability for genome-wide analysis.

Results In this work, we propose MKE-ResNet, an ultra-lightweight end-to-end
framework designed to balance predictive performance with extreme computational
efficiency. MKE-ResNet integrates a deep residual network with an innovative Multi-
Kernel Efficient Channel Attention (MKE-ECA) module to adaptively capture multi-scale
sequence patterns. Extensive experiments on 22 datasets demonstrate that MKE-
ResNet achieves competitive performance against complex SOTA models (including
MST-m6A). Notably, our model exhibits exceptional stability against sequence noise
perturbation and demonstrates superior generalization capability on independent
test sets (leading in 8 out of 11 cases in terms of AUROC). Furthermore, interpretability
analysis reveals that MKE-ResNet moves beyond the static central motif to capture
dynamic sequence patterns resembling RBP binding motifs (e.g., SRSF1 and PUM2). The
source code and datasets are available at https://github.com/Gxttk/MKE-Resnet.
Conclusions MKE-ResNet provides a biologically interpretable and computationally
efficient solution for m® A site identification, offering a pragmatic tool for large-scale
epitranscriptome screening.

Keywords m®A modification sites, Deep learning, Lightweight model, Computational
efficiency, Model interpretability

Introduction

Among the diverse landscape of RNA modifications in eukaryotic transcriptomes, N°
-methyladenosine (m®A) stands out as a predominant internal modification [1, 2].
It orchestrates a wide array of RNA metabolic processes, including splicing regula-
tion, nuclear export, translation efficiency, and stability maintenance [3, 4]. The precise
mapping of mSA sites is fundamental to decoding its regulatory mechanisms [5] and

©The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material.

You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creativecommons.org/licens
es/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s12859-026-06416-0
https://github.com/Gxttk/MKE-Resnet.
http://crossmark.crossref.org/dialog/?doi=10.1186/s12859-026-06416-0&domain=pdf&date_stamp=2026-3-19

Gao et al. BMC Bioinformatics (2026) 27:91 Page 2 of 19

uncovering its implications in various pathologies, including carcinogenesis [6, 7]. While
high-throughput sequencing technologies like MeRIP-seq [8] and miCLIP-seq [9] have
revolutionized m®A detection, they remain resource-intensive and dependent on anti-
body specificity. Similarly, nanopore-based direct RNA sequencing (DRS) has emerged
as a powerful alternative, enabling single-molecule detection without PCR amplification
[10, 11]. While tools like Tombo and Epinano [12, 13] represent significant progress,
robustly distinguishing modified bases from raw ionic current signals remains com-
putationally challenging. Consequently, developing robust and efficient computational
predictors has become an imperative strategy to complement experimental efforts for
genome-wide m°®A identification.

Deep learning has superseded traditional machine learning approaches [14, 15] by
automatically learning high-level abstractions from sequence data. Pioneering frame-
works, such as Deepm6ASeq [16], successfully employed Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks to capture local and long-
range sequence dependencies. Subsequently, models such as iN6-Methyl [17] and m6A-
word2vec [18] applied Natural Language Processing (NLP) techniques, treating RNA
sequences as sentences to extract local contextual features. More recently, pre-trained
language models (PLMs) have been introduced; for example, MST-m6A [19] utilizes
DNABERT embeddings to capture deep semantic information. Another category of
tools focuses on tissue-specific prediction, such as m6A-TSHub [20], or fuses diverse
encoding schemes like k-mer frequencies (e.g., TS-m6A-DL [21]). Furthermore, predic-
tion accuracy has been enhanced by integrating physicochemical properties—such as
Nucleotide Chemical Property (NCP) and Electron-Ion Interaction Potential (EIIP)—
into the input layer, a strategy employed by pm6A-CNN [22] and DL-m6A [23]. While
some studies rely on streamlined CNN architectures like CLSm6A [24] and AdaptRM
[25], more advanced architectures have also emerged; for example, GR-m6A [26] lever-
ages residual networks to capture deeper structural information from spatial molecular
features.

However, these methods, while effective, often entail design limitations. For instance,
treating RNA simply as text or relying on k-mer encoding may prioritize local sequence
information while neglecting broader context. Moreover, most methods that fuse mul-
tiple features employ simple concatenation, failing to adaptively assess the relative
importance of different biochemical attributes. Critically, the majority of these models
use fixed-size convolutional kernels, which introduces an inherent scale bias in learning
sequence patterns and makes it difficult to capture biological signals of varying lengths
simultaneously. To address this, recent studies have introduced increasingly complex
architectures, such as large-scale pre-trained language models (e.g., MST-m6A [19]).
While these approaches effectively capture long-range dependencies, this accuracy gain
often comes at the cost of massive parameterization and high computational latency,
creating a barrier for rapid, large-scale genome-wide screening. Consequently, the field
is facing a challenge where the marginal improvement in accuracy cannot justify the
exponential growth in model complexity.

Therefore, the core scientific challenge today is designing efficient frameworks that
balance high performance with low computational cost and biological interpretabil-
ity. To address this challenge, we propose a novel end-to-end deep learning framework
named MKE-ResNet. Unlike previous parameter-heavy models, MKE-ResNet utilizes
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a lightweight design driven by our innovative Multi-Kernel Efficient Channel Attention
(MKE-ECA) module. This architecture provides a unified solution to two critical needs:
(1) Efficiency: it drastically reduces parameter redundancy while adaptively fusing multi-
source features; (2) Interpretability: it decodes black-box predictions by identifying bio-
logically meaningful motifs (validated against RBP binding profiles) rather than merely
fitting statistical correlations.

Our extensive experiments on 11 benchmark datasets demonstrate that MKE-ResNet
achieves performance comparable to or even better than current state-of-the-art com-
plex models (including PLM-based methods) while remaining significantly more effi-
cient. The main contributions of this paper are summarized as follows:

1. We propose a lightweight deep learning framework, MKE-ResNet, which strikes an
excellent balance between performance and efficiency, addressing the computational
bottlenecks of existing complex models.

2. We design an innovative Multi-Kernel Efficient Channel Attention module, which
simultaneously solves the key problems of adaptive fusion of multi-source features
and multi-scale pattern capture within a unified architecture.

3. Extensive experimental results show that our model achieves performance comparable
to state-of-the-art methods (e.g., MST-m6A) on multiple benchmark datasets while
offering superior interpretability.

Materials and methods

Problem and datasets description

The identification of m®A sites is formulated as a binary classification task, where the
objective is to predict the methylation status of the central adenosine (A) within a given
RNA sequence. To facilitate a rigorous comparison with state-of-the-art methods, we
utilized the standard benchmark datasets originally established by Dao et al. [27]. These
datasets have been widely adopted as a reliable baseline in recent studies. Crucially, to
prevent potential data leakage and ensure rigorous evaluation, high-similarity sequences
between the training and testing sets were removed using CD-HIT clustering with a
strict threshold of 80%, following the original construction protocol.

The benchmark collection encompasses class-balanced data from three distinct spe-
cies: Homo sapiens (human), Mus musculus (mouse), and Rattus norvegicus (rat), cover-
ing multiple tissue types. Consistent with standard protocols, each sample consists of a
41-nucleotide (nt) sequence window centered on the adenosine of interest. Detailed sta-
tistics for each sub-dataset are summarized in Table 1. Furthermore, to assess the gen-
eralization capability of our model on unseen data, we employed independent test sets
constructed following the protocol described in DL-m6A [23]. These independent sets
strictly adhere to the same structural criteria (41-nt length, balanced classes) but origi-
nate from different sources than the training benchmarks.

Sequence feature encodings

To comprehensively describe the RNA sequences from various biochemical aspects,
we adopted four widely-validated feature encoding schemes as the model’s input. This
multi-view strategy aims to provide richer information to enhance the model’s discrimi-
native power. For a standard input sequence of length L = 41, the specific dimensions of
each encoding are detailed below:
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Table 1 The detailed information of benchmark datasets

Species Tissues Name Positive Negative
Human Brain H-b 4605 4605
Kidney H-k 4574 4574
Liver H-l 2634 2634
Mouse Brain M-b 8025 8025
Heart M-h 2201 2201
Kidney M-k 3953 3953
Liver M-I 4133 4133
Testis M-t 4707 4707
Rat Brain R-b 2352 2352
Kidney R-k 3433 3433
Liver R-l 1762 1762

o 1. One-hot Encoding (x1_one hot): This is the most fundamental sequence
representation. The four nucleotides A, C, G, and U are encoded into orthogonal
4-dimensional vectors: [1, 0, 0, 0], [0, 1, 0, 0], [0, O, 1, O], and [0, O, O, 1], respectively.
This encoding preserves the original sequence composition, resulting in a feature
matrix of dimension 4 x 41 (4 channels).

+ 2. Nucleotide Chemical Properties (x2_chem): This encoding classifies nucleotides
based on their chemical structures. According to ring structure (purine/pyrimidine),
functional group (amino/keto), and hydrogen bond strength (strong/weak), each
nucleotide is mapped into a 3-dimensional chemical property space, thereby
capturing the physicochemical properties of the sequence. This produces a feature
matrix of dimension 3 x 41 (3 channels).

o 3. Electron-Ion Interaction Pseudopotential (x3 eiip): This is a numerical
representation that reflects the energy distribution of free electrons in nucleotides.
It assigns a scalar value to each nucleotide, representing its contribution to electron-
ion interaction, which is related to the secondary structure and function of the RNA
molecule. The resulting dimension is 1 x 41 (1 channel).

o 4. Enhanced Nucleic Acid Composition (x4 _enac): This method considers the local
composition of the sequence. For each position in the sequence, the frequencies of
the four nucleotides within an upstream window are calculated, thus combining
positional information with local statistical information. This encoding yields a

feature matrix of dimension 4 x 41 (4 channels).

For each 41-nt RNA sequence, the four encoding methods generate four feature matri-
ces of distinct dimensions. These four matrices serve as the inputs to the four parallel
feature extraction channels of MKE-ResNet.

Model architecture
The proposed MKE-ResNet utilizes a multi-stream deep learning framework designed
to extract and fuse high-level representations from heterogeneous feature encodings. As
illustrated in Fig. 1, the workflow comprises three key stages: (1) Parallel Multi-stream
Feature Extraction, (2) Multi-scale Feature Fusion and Refinement via the MKE-ECA
module, and (3) Classification.

Let the four input feature matrices be denoted as X; € R¢*L, where i € {1,2,3,4}
corresponds to One-hot, Chemical Properties, EIIP, and ENAC encodings, respectively,
and L = 41 is the sequence length.
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Fig. 1 The overall architecture of the proposed MKE-ResNet framework

Parallel multi-stream feature extraction

Unlike simplistic concatenation strategies, we employ separate convolutional streams
to process specific encoding types, preventing immediate semantic interference. Each
stream ®; consists of a stack of Residual Blocks (ResBlocks) and Max-Pooling layers to
downsample the temporal dimension and expand the channel dimension:

F; = ;(X;), F;eRI*L (1)

where C’ and L’ denote the transformed channel and sequence dimensions after the
parallel extraction stage. Specifically, separate ResBlocks are applied to extract local pat-
terns, followed by pooling operations to abstract the features.

Residual block formulation

To mitigate the vanishing gradient problem and facilitate the propagation of features, we
employ Residual Blocks (ResBlock) as the fundamental building unit. For an input tensor
Z;,, the ResBlock output Z,,; is defined as:

Zoyt = GELU(F(Zip, {W;}) + Ws(Zi1)) (2)

where F(-) represents the residual mapping function involving two stacked 1D convo-
lutional layers, employing Group Normalization (GN) and GELU activation. The opera-
tion allows the network to learn identity mappings effectively:

F(Z) = GN(Convs(GELU(GN(Conv: (Z))))) 3)

The term Ws(Z;,,) represents the shortcut connection. If the dimensions of the input
and output match, W; is an identity mapping; otherwise, a 1 x 1 convolution is applied
to align the spatial and channel dimensions for element-wise addition.

Feature fusion and MKE-ECA module
The extracted features from four streams are concatenated along the channel dimension

to form a unified semantic tensor F ¢ gea:
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Fnlerged = Concat([Fl, FQ, F37 F4]) (4)

This merged tensor is further processed by additional ResBlocks and pooling layers. To
adaptively emphasize informative features and suppress noise, we introduce the Multi-
Kernel Efficient Channel Attention (MKE-ECA) module, which sequentially integrates
Channel Attention and Multi-Scale Spatial Attention.

1. Channel Attention (SE-Block) We first apply a Squeeze-and-Excitation mechanism
to model inter-channel dependencies. A global average pooling (GAP) generates a
channel descriptor z € REmerse, which is then processed by a multi-layer perceptron
(MLP) with a reduction ratio r = 16:

w, = o(Ws - ReLU(W; - GAP(F))) 5)

where o denotes the Sigmoid function, and W;, Wy are learned weights. The
channel-refined feature is obtained via element-wise multiplication: F' = F © w.,..

2. Multi-Scale Spatial Attention To capture context-aware spatial dependencies, we
propose a multi-branch architecture. We first aggregate channel information via
average pooling and max pooling across the channel dimension, generating spatial
descriptors Sqyg, Smax € R1*E. These are concatenated and fed into three parallel
convolutional branches with varying kernel sizes k € {3,5, 7}

M, = Convy;([Suvg; Smazl), k€ {3,5,7} (6)

The multi-scale spatial maps are fused via a 1 x 1 convolution and normalized by a
Sigmoid function to generate the final spatial attention map Mpqtiai:

Mipatiat = 0(Convyy i ([Ms; Ms; My])) (7)

The final attention-refined output is given by F” = ¥’ ® Mpatial-

Classification module

The recalibrated feature map F” is flattened into a vector v € R?. The final prediction is
generated by a classifier consisting of fully connected (FC) layers with Batch Normaliza-
tion (BN) and Dropout regularization:

9 = Softmax(W sy - ReLUBN(Whidden - Vv))) 8)

This architecture enables MKE-ResNet to learn hierarchical representations from local
motifs to global semantic patterns effectively.

Experimental setup

To objectively evaluate the model’s performance, we employed a 5-fold cross-valida-
tion scheme for each dataset. For the benchmark datasets, we report the average per-
formance of the 5-fold cross-validation. For the independent test sets, we adopted an
ensemble learning strategy: the five models trained during the 5-fold cross-validation
process were combined into a voting ensemble, and the performance was evaluated
based on the final predictions of this ensemble model.Crucially, to ensure a strictly fair
comparison, all comparative baseline models (including MST-m6A, m6A-TSHub, etc.)
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were re-trained and evaluated on the identical 5-fold cross-validation splits and inde-
pendent test sets generated for MKE-ResNet. This rigorous protocol eliminates per-
formance variations arising from different data partitioning schemes.All models were
implemented using the PyTorch 2.0.1 framework with CUDA 11.7 and were trained and
tested on a single NVIDIA GeForce RTX 4060 Ti GPU. To determine the optimal hyper-
parameters, we conducted a grid search based on the performance of the validation set.
The search space for the batch size included {64, 128,256,512}, and the learning rate
was selected from {le—3, le—4, le—5}. Consequently, the batch size was set to 64, and
the initial learning rate was set to 0.001 (le—3). We utilized the Adam optimizer with
a weight decay of le—5, employing the binary cross-entropy (BCE) loss function. The
training process was capped at 100 epochs. To ensure training stability and efficiency, we
employed a ReduceLROnPlateau scheduler (patience=10) and an Early Stopping mecha-
nism (patience=20) to prevent overfitting. A Model Checkpointing strategy was strictly
applied to save and evaluate only the model weights that achieved the best performance
on the validation set.

Evaluation metrics
To comprehensively measure the predictive capability of our model, we adopted six
widely-used binary classification metrics:

o Accuracy (Acc): Measures the proportion of correctly classified samples.

- TP + TN
~ TP+ TN +FP +FN

Acc

+ Matthews Correlation Coefficient (MCC): Takes into account all four classification
outcomes and is considered a more robust and balanced metric, especially for
imbalanced datasets. Its value ranges from —1 to +1.

TP x TN — FP x FN

MCC =
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

« Sensitivity (Sn) / Recall: Measures the proportion of actual positive samples that are

correctly identified.

TP

S = T T EN

+ Specificity (Sp): Measures the proportion of actual negative samples that are correctly
identified.

TN

S = TN 1 FD

+ Area Under the ROC Curve (AUROC): Quantifies the model’s discriminative ability
across all classification thresholds. It plots the True Positive Rate against the False
Positive Rate.
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« Area Under the Precision-Recall Curve (AUPR): Reflects the trade-off between
precision and recall, providing a reliable performance measure particularly for

imbalanced datasets.

Where TP (True Positives), TN (True Negatives), FP (False Positives), and FN (False
Negatives) represent the number of true positives, true negatives, false positives, and
false negatives, respectively.

Result

Performance comparison on benchmark datasets

To systematically evaluate the performance of our proposed MKE-ResNet model, we
conducted a comprehensive comparison with five state-of-the-art (SOTA) and clas-
sic baseline methods across 22 datasets (11 benchmark and 11 independent test sets).
The compared methods include the recently proposed PLM-based MST-m6A [19] (rep-
resenting the current SOTA), the Transformer-based m6A-TSHUB [20], the efficient
residual network GR-m6A [26], as well as classic deep learning models Deepm6ASeq
[16] and pm6A-CNN [22]. All methods were evaluated using a 5-fold cross-validation
scheme, with Accuracy (Acc) and Matthews Correlation Coefficient (MCC) as the pri-
mary metrics.

The detailed comparative results are presented in Table 2. In the cross-validation tests
on the 11 benchmark datasets, MKE-ResNet demonstrated strong competitiveness
against the heavyweight MST-m6A, achieving the highest Acc and MCC scores on 7 of
them(H—b,H-L,M—-b,M—-h,M -1, M —t,and R — D).

To further assess the model’s generalization ability, which better reflects its perfor-
mance on unseen data, we conducted validations on the independent test sets. The
results reveal a more pronounced advantage for MKE-ResNet. It outperformed the
SOTA model MST-m6A on 8 of the 11 independent test sets. Notably, MKE-ResNet
consistently surpasses the baseline even in challenging scenarios. For instance, on the
iH — b dataset, the MCC of MKE-ResNet reached 0.510, outperforming MST-m6A
(0.498); on the iM — h* dataset, the MCC achieved 0.555, showing a clear margin over
MST-m6A (0.525). This series of results strongly demonstrates the excellent generaliza-
tion performance and robustness of MKE-ResNet. We attribute this performance advan-
tage to its unique architectural design: the deep residual network effectively extracts
high-level representations of sequence features, and our innovative multi-kernel atten-
tion mechanism enables the model to more intelligently integrate information from
different encoding schemes by modeling multi-scale channel dependencies, thereby
amplifying key discriminative features.

Furthermore, to evaluate the model using threshold-independent metrics, we report
the Area Under the ROC Curve (AUC) and Precision-Recall (PR) values for the indepen-
dent test sets (Table 3). Consistent with the threshold-dependent metrics, MKE-ResNet
achieved the highest AUC scores on 8 out of the 11 independent test sets, further
confirming its superior robustness and ranking capability compared to other baseline
methods.

To intuitively visualize this performance advantage, we plotted the Receiver Operat-
ing Characteristic (ROC) and Precision-Recall (PR) curves for the representative inde-
pendent Human-Brain (iH-b) dataset, as shown in Fig. 2. It can be clearly observed that
the curve of MKE-ResNet (represented in red) consistently encompasses the largest area
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under the curve, achieving an AUROC of 0.840 and an AUPR of 0.823. This visually
confirms that our model maintains a lower false positive rate while ensuring high sensi-
tivity compared to other competing methods, including the PLM-based MST-m6A. The
steep ascent of the ROC curve in the low false-positive range further indicates the mod-
el’s reliability in practical screening scenarios where specificity is paramount.

Ablation study

To investigate the contribution of each core component within the MKE-ResNet
model, we designed a series of ablation studies. To comprehensively assess the robust-
ness of each component, we conducted tests on three different Mouse tissue datasets
(M —b, M — h, and M — k). As illustrated in Fig. 3, we constructed four variant models
by removing or replacing key modules and compared their performance on four core
metrics (Acc, MCC, Sn, and Sp) against the full model.

The results clearly and consistently show that across all tested datasets and all evalua-
tion metrics, the full MKE-ResNet model (red bars) outperforms all four variant models.
This finding strongly demonstrates the integrity of the model design and the necessity of
each component.

Specifically, the variant labeled ‘w/o Multi-feature’, which relies solely on the funda-
mental One-hot encoding by discarding the auxiliary physicochemical features (Chemi-
cal, EIIP, and ENAC), exhibits the most significant performance drop. This substantial
decline highlights the fundamental role of fusing multi-source biochemical information
for accurate m®A site identification.

Similarly, removing the residual connections (‘w/o Res‘) and the MKE — ECA module
(‘w/o ECA’) also results in a general performance decay, which validates the critical con-
tributions of the deep residual structure for learning high-quality feature representations
and the channel attention mechanism for enhancing the model’s discriminative power,
respectively. Furthermore, it is noteworthy that the ‘Single-Kernel ECA variant consis-
tently performs worse than our full model with the multi-kernel design, indicating that
capturing channel interactions at multiple scales is more effective than at a single scale.
In summary, this consistent set of experimental results demonstrates that the multi-fea-
ture input strategy, the residual backbone, and the multi-kernel attention mechanism of
MKE-ResNet each make an indispensable contribution to its overall performance.

Robustness analysis against sequence noise

In real-world high-throughput sequencing scenarios, data is often prone to random
errors or genetic variations such as Single Nucleotide Polymorphisms (SNPs). There-
fore, assessing the model’s robustness against input noise is crucial for evaluating its
reliability.

To this end, we conducted a fine-grained random substitution noise experiment on the
representative independent Human-Brain (i — b) dataset. Considering the short length
of the input sequences (41 nt), we adopted a probabilistic mutation strategy where ran-
dom mutations were introduced to the test sequences at noise rates ranging from 0% to
5% (with a 1% interval). Crucially, after perturbing the raw sequences, we re-extracted
all four feature groups (One-hot, Chemical, EIIP, and ENAC) for each perturbed sample
to ensure that the noise was consistently propagated through the entire feature engi-

neering pipeline.
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The results, as visualized in Fig. 4, demonstrate the exceptional stability of MKE-
ResNet. Both the AUC and Accuracy metrics exhibit a gradual, linear decline rather
than a sharp drop as the noise rate increases. Quantitatively, the AUC decreased only
marginally from the baseline of 0.840 to approximately 0.800 even at a 5% noise rate.
This represents a retention of over 95% of the original predictive performance despite
significant sequence perturbation. These results confirm that MKE-ResNet relies on
robust, distributed feature patterns captured by the multi-stream architecture rather
than being overly sensitive to specific single-point mutations, ensuring its applicability
in practical biological research.

Generalization and interpretability analysis

The efficacy of MKE-ResNet on source datasets has been demonstrated. To further elu-
cidate whether the sequence features captured by the model possess species- and tissue-
sharing properties, we devised cross-species (CS) and cross-tissue (CT) identification
tasks. For instance, in CS tasks, we used a model trained on one species’ dataset (e.g.,
M — k) to predict on another’s (e.g., H — k). Table 4 show the results of these cross-val-
idation tasks. The data reveal that, compared to scenarios where training and validation
sets are from the same source, the model’s performance in cross tasks decreases slightly
but remains at a high level. This finding strongly implies that the discriminative features
captured by MKE-ResNet—namely, the multi-scale contextual information intelligently
fused by the multi-kernel attention mechanism—possess a degree of universality and are
shared across different species and tissues.

To substantiate this and investigate the inner-working mechanism of MKE-ResNet, we
conducted a series of interpretability analyses. First, we analyzed the nucleotide enrich-
ment in the H — b dataset using TwoSampleLogo [28] (Fig. 5). Interestingly, the results
show that the ‘ACA‘ motif is significantly enriched in both positive and negative sam-
ples near the central site. This phenomenon indicates that while ‘ACA‘ is part of the
“RRACH” conserved motif, its presence in both classes limits its discriminative power
as a standalone feature. This makes the model’s task more challenging and implies that it
must rely on broader contextual information for differentiation. To visualize the model’s
ability to learn from this context, we used UMAP to visualize the feature representa-
tions of the M — b test set (Figs. 6 and 7). The results clearly show that the deep feature
representations learned by the model (before the final classification layer) can effectively
separate the highly overlapped positive and negative sample points from the raw data
into two distinct, well-separated clusters.

How, then, does the model use contextual information to achieve this separation?
We utilized the Grad-CAM technique [29] to visualize the model’s attention weights.
As a qualitative demonstration, Fig. 8 illustrates the attention heatmaps for representa-
tive samples from the H — b dataset. It is clearly observable that MKE-ResNet does not
focus solely on the central ‘ACA‘ motif but also assigns significant importance to spe-
cific flanking regions.

Building on this visual evidence, we proceeded to a quantitative global analysis to sys-
tematically identify the biological relevance of these high-attention regions. We imple-
mented an adaptive boundary detection strategy across the entire test set. Instead of
arbitrarily extracting fixed-length segments, we defined a dynamic extraction win-
dow based on a strict saliency threshold (average contribution rate > 0.85). These
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Fig. 3 Results of the ablation study comparing the full MKE-ResNet model against four variants across three
Mouse tissue datasets

high-contribution fragments (ranging from 4-nt to 8-nt) were then aligned against the
Ray2013 database [30] using the Tomtom tool [31] (Fig. 9 and Table 5).

The comparison revealed multiple matches with high statistical significance, sug-
gesting potential crosstalk between m®A sites and specific RBPs. For instance, in
human data, we identified a motif (GGAGGAA) matching the binding site of SRSF1
(p ~ 2.48 x 1075), a splicing factor often modulated by m®A [30]. Another motif
(UGUAAUU) matched PUM2 (p &~ 4.12 x 1073), a key regulator of RNA stability [32].
Similarly, in mouse and rat datasets, we observed patterns resembling the binding motifs
of HNRNPK and TARDBP [33].
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Table 4 The results of Cross-Species (CS) Tasks and Cross-Tissue (CT) Tasks

Part 1: Cross-Species (CS) Tasks

Tasks Human-Brain Mouse-Brain Rat-Brain
Name Metrics H-H M-H R-H M-M H-M R-M R-R H-R M-R
CSTasks Acc 0.752 0.799 0.784 0.736 0.828 0.784 0.729 0.801 0.809
MCC 0.508 0.604 0.569 0473 0.664 0.561 0461 0.601 0.620
Sn 0.828 0.869 0.832 0.761 0.903 0.774 0.795 0.809 0.840
Sp 0.675 0.729 0.772 0.711 0.753 0.787 0.665 0.792 0.778
Part 2: Cross-Tissue (CT) Tasks
Tasks Rat-brain Rat-kidney Rat-liver
Name Metrics  b-b k-b I-b k-k b-k -k Il b-l k-1
CT Tasks Acc 0.829 0.819 0.731 0.796 0.830 0.727 0.782 0.792 0.737
MCC 0.661 0.638 0463 0.592 0.661 0463 0.565 0611 0481
Sn 0.835 0.827 0.760 0.782 0.850 0.825 0.965 0.939 0.822
Sp 0.823 0.812 0.703 0.811 0.811 0.629 0.598 0.649 0.655
25.1% The nucleotide enriching results of H-b datasets
J:
S
c
(0]
o
o
°
Q.
[0)
©
25.1%

Fig. 5 Nucleotide enrichment analysis using Two Sample Logo for the H — b dataset, indicating motif enrich-

ment near the central site
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Fig. 6 Interpretability visualization results: UMAP visualization of raw sequence feature representations (encoded
features) on the M-b test set
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Fig. 9 Comparison of adaptive motif fragments identified by MKE-ResNet against known RBP motifs in the
Ray2013 database. The matches were identified using the Tomtom tool with high statistical significance

Table 5 The detailed information of identified motifs and corresponding effector proteins from
TomTom (Ray2013 database)

Species Motif Effector proteins Positions P-value
Human GGAGGAA SRSF1 [30] 23-29 248 %107
UGUAAUU PUM2 [32] 32-38 412x1073
GACGACGG SRSF7 [30] 12-19 204x1073
GAGUAGA RBM28 [30] 30-36 289 %1072
GACGACA RBM45 [30] 5-11 261 %1072
Mouse UGAAUGA TARDBP [33] 19-24 7.95%x 1073
CCAACCC HNRNPK [30] 10-16 805 x 107
ACUAACA Tv_0259 [33] 33-49 6.28x 1073
UGUAAUU PUM2 [32] 35-41 412%1073
AUGCACA MEC-8 [30] 2-8 228 %1072
Rat ACACACA HNRNPL [33] 1-7 9.04x107°
AAUCAAU RBM46 [30] 12-18 132% 1072
GUGUGUG RBM38 [30] 28-34 552%107
AGUGUGA RBM24 [30] 15-21 1.15% 107
UGAAUGAG TARDBP [33] 19-26 1.15%x107*

While these findings are computationally derived and require further wet-lab valida-
tion, they strongly suggest that MKE-ResNet learns to capture biologically meaningful
signals related to the m%A regulatory network. The model’s ability to generalize success-
fully likely stems from its transcendence of simple reliance on the ambiguous central

Page 16 of 19



Gao et al. BMC Bioinformatics (2026) 27:91 Page 17 of 19

motif. Instead, it learns to identify the putative binding signals of various effector pro-
teins encoded in the contextual sequences. This highlights our model’s potential in dis-
covering interpretable regulatory patterns.

Conclusion

In current research on m®A site identification, most computational models struggle to
balance predictive performance with computational efficiency. To address this core chal-
lenge, this paper proposes a lightweight deep learning framework named MKE-ResNet.
Through a concise serial architecture, this model integrates multi-feature inputs, a
deep residual network, and our innovative Multi-Kernel Efficient Channel Attention
(MKE — ECA) mechanism. Extensive experiments on multiple benchmark and inde-
pendent datasets show that MKE-ResNet maintains predictive accuracy comparable
to state-of-the-art methods while offering significant advantages in efficiency. Notably,
compared to Pre-trained Language Model (PLM) strategies, MKE-ResNet achieves a
superior trade-off: it matches the performance of heavy, fine-tuned models (e.g., MST-
m6A) without their massive computational costs, while significantly outperforming
frozen embedding strategies (e.g., RINALMo). Furthermore, our interpretability analy-
sis reveals the intrinsic mechanism behind its strong generalization ability: the model
moves beyond simple reliance on the ambiguous central motif and instead learns to cap-
ture sequence patterns resembling the binding motifs of various effector proteins (such
as SRSF1 and PUM?2) related to the m%A regulatory network.

Despite these promising results, our study has certain limitations that outline direc-
tions for future research. First, regarding the scope of comparison, our work focused
strictly on sequence-based classification. Consequently, we did not perform a direct
comparison with gene-expression-based regression models like Exp2RM, although we
acknowledge their distinct contribution to quantifying methylation levels via transcript
abundance.

Second, a methodological limitation lies in the data source. Our model was trained on
benchmark datasets derived from antibody-dependent m6A-REF-seq, which has been
reported to suffer from inherent specificity issues [34]. We fully recognize that direct
RNA sequencing (DRS) using Nanopore technology is emerging as the new gold stan-
dard for detecting RNA modifications without PCR bias [10, 11]. Therefore, a criti-
cal future direction is to extend MKE-ResNet to incorporate high-fidelity Nanopore
sequencing data, enabling the capture of a more dynamic and accurate epitranscrip-
tomic landscape.

In conclusion, MKE-ResNet not only provides an efficient and accurate computa-
tional tool for m8A site identification but also, by revealing contextual regulatory pat-
terns, offers a new computational perspective and valuable biological insights for future
studies.
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