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Abstract Objective The most prevalent mRNA modification, N6-methyladenosine (m°A) plays an important role in various
RNA metabolism, including gene expression and translation. By recruiting different “reader” proteins and their cofactors, m°A
modification can affect messenger RNA (mRNA) degradation, splicing, nuclear export and translation. However, the selective
mechanism by which m°A sites regulate mRNA translation through m°A reader YTHDF1 binding remains poorly understood, due to
a lack of computational methods for identifying context-specific m°A sites that regulate translation. To address this, we developed a
novel computational framework named m°ATEpre, the first tool designed to predict cell-specific m°A sites that regulate translation
efficiency. Methods m°ATEpre integrates multi-omics data, introduces a novel feature representation strategy for m°A site
sequences, and employs an autoencoder to effectively capture embedded feature representations. Specifically, m°ATEpre first
integrated MeRIP-seq data and PAR-CLIP data through overlapping m°A sites with YTHDF1 binding sites and identified YTHDF1-
mediated m°A sites. Then, m°*ATEpre detected the translation gene by analyzing the Ribo-seq data under YTHDF1 knockdown vs
control condition. Genes whose translation is mediated by YTHDF1 in an m°A-dependent manner were identified by a significant
decrease in translation efficiency upon YTHDF1 knockdown. Next, we proposed a binary vector indicating the presence or absence
of YTHDF1 binding motifs to characterize each m°A site sequence. This represents a novel feature representation strategy for m°A
sites. m°ATEpre utilized the autoencoder to extract the potentially important feature representations and constructed a multilayer
perceptron neural networks model to predict potential m°A sites that regulating translation efficiency. Results A comprehensive

evaluation of m°*ATEpre was conducted through a series of experiments. We compared its performance against that of a similar
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prediction task model, as well as other classifiers. The results indicate that m°ATEpre achieved the best prediction performance. In
addition, we analyzed different feature representation strategies and performed ablation experiments to validate the rationality of the
model design. The results demonstrate that our proposed feature representation strategy has a greater advantage in improving
prediction performance. In the HeLa cell line, bioinformatic analysis of the metagene distribution and sequence minimum free
energy of m°A sites regulating translation efficiency (m°A-reg-TE sites) revealed their specific properties in translation regulation.
Functional enrichment analysis indicated that m°A-reg-TE genes are associated with specific biological processes and KEGG
pathways. By integrating the binding sites of YTHDF1 co-factors with m°A-reg-TE sites, we revealed that YTHDF1-mediated and
m°A-dependent translation efficiency regulation requires the cooperation of multiple translation-regulatory RNA-binding proteins
among its co-factors in the HeLa cell line. Furthermore, we extended our predictions to the dataset of the HEK293T cell line.
Similarly, bioinformatic analysis of the metagene distribution and functional enrichment revealed the cell-specific characteristic of
these predicted m°A-reg-TE sites in HEK293T cells. Likewise, integrated analysis of multiple YTHDF1 co-factors and m°A-reg-TE
sites predicted in the HEK293T cell line reveals their m°A-dependent cooperation in regulating translation efficiency.

Conclusion m°ATEpre is a timely tool that will advance our understanding of the mechanisms of m°A regulation in translation

efficiency. The source code and datasets used in this work can be downloaded from https:/www.scidb.cn/s/bAZZFr.
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N6-methyladenosine (m®A), the most prevalent
mRNA modification in higher eukaryotes, plays an
important role in the post-transcriptional regulation of
RNA metabolism!'?! and is associated with various
diseases*”). The dynamic m°A modification can affect
messenger RNA (mRNA) degradation, splicing,
nuclear export and translation by recruiting different
“reader” proteins including YTH family proteins and
their cofactor RNA-binding proteins (RBPs)®. Recent
studies have demonstrated that YTH No-
methyladenosine RNA binding protein F2 (YTHDF2)
can degrade its target mRNAs in an m°A-dependent
manner”. The m°A reader protein YTH N6-
methyladenosine RNA binding protein F1 (YTHDF1)
promotes the translation efficiency of m°A-modified
mRNAs in HeLa cells by interacting with translation
initiation factors and ribosomes"?. In addition, insulin
like growth factor 2 mRNA binding protein 1-3
stabilizes mRNA by interacting with the cofactors
ELAV like RNA binding protein 1 and matrin 3!,
The m°A-modified mRNA targets of these m°A
readers participate in many biological functions and
diseases!'?, through the regulatory mechanism of m°A-
dependent gene expression and translation.

Recently, computational approaches or tools
have been developed to investigate m°A-participating
biological functions and explore m°A-mediated
regulatory mechanisms. m°A-Driver!”®], hot-m6A!'*
and FunDMDeep-m6A!"*! have been developed to
predict m°A-driven genes that regulate various
biological functions''” based on complex network

m°A modification, YTHDF1-mediated translation efficiency, multi-omics data integration, feature representation

CSTR: 32369.14.pibb.20260005

methods. Although these computational tools can
identify context-specific and functionally significant
m°A-mediated genes, they cannot directly determine
whether these functional m°A sites affect mRNA
stability, regulate gene expression and change
translation efficiency. To further explore the potential
m°A regulatory mechanism in gene expression, m°A-
express was first developed for predicting condition-
specific m®A regulation of gene expression (m°A-reg-
methylated RNA
(MeRIP-Seq)
samples!'”. m°A-express employs a negative binomial

exp) from limited

immunoprecipitation sequencing

regression model under Bayesian hierarchical
architecture to predict potential m°A-reg-exp genes
and achieves higher prediction. However, some m°A-
reg-exp genes were bound by YTHDF2 or IGF2BP1-3,
whose expression is more likely regulated by m°A
methylation, can’t be effectively predicted by m°A
expression due to high variation from the limited
number of samples!'®. To solve this problem, m°A
express-Reader integrates the m°A reader binding
information into a Bayesian hierarchical negative

binomial regression model'®

, which improves the
prediction performance and biological interpretation
of m°A regulatory mechanism''. In addition, m°A
express-BHM has been developed to predict m°A-

reg-exp genes in more complex contexts (e.g., cell

differentiation at distinct stages or longitudinal
methylation data) by employing a Bayesian
hierarchical ~mixture model™. To understand

YTHDF2-mediated mRNA degradation, researchers
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adapted a language model, bidirectional encoder
representations from transformers (BERT), to pre-
train it on a large dataset of m°A-containing mRNA
sequences and fine-tune the model (named m°A-
BERT-Deg) on a multi-omics dataset integrating m°A
sites, YTHDF2 binding and mRNA half-life datal*’’.

The above computational methods or tools
achieve high performance in m°A regulatory
biological function, gene expression and mRNA
degradation prediction. However, due to the lack of
integrated translational omics data, these methods and
tools cannot directly infer potential m°A sites or genes
involved in regulating translation efficiency in a
specific context.

In this paper, we developed the m°ATEpre
model, the first computational tool for predicting
potential m®A sites that regulate translation efficiency
(m°A-reg-TE). mC°ATEpre
datasets from the same cell line, including MeRIP-seq

integrates multi-omics
data, ribosome profiling sequencing data and
YTHDF1 photoactivatable ribonucleoside-enhanced
cross-linking and immunoprecipitation data. The
integration of multi-omics data is to select potential
regulatory m°A sites. m®ATEpre innovatively utilizes
the binary vector of YTHDF1 binding motif as input
which are obtained from m°A sites’

Then, the
m°ATEpre is used to effectively extract important

features,

sequences. autoencoder module of
feature representations. The multilayer perceptron
(MLP) neural networks of m°ATEpre is selected to
identify m°A-regulated translation efficiency sites. The
comprehensively evaluation experiments demonstrate
that m°ATEpre achieves high prediction performance.
The bioinformatics analysis for the m°A-reg-TE sites in
specific cell lines reveals the characterization, potential
mechanism and biological function of m°A regulated

translation efficiency sites or genes.
1 Materials and methods

1.1 Multi—omics data processing and integration
In this study, MeRIP-seq data was used to
identify m°A sites, PAR-CLIP data to detect the
YTHDF1 binding sites, and Ribo-seq data to select
genes with YTHDF1-mediated translation efficiency.
Details of the multi-omics data pre-processing are
provided in Document S1. By integrating MeRIP-seq
data and PAR-CLIP data of overlapping m°A sites
with YTHDF1 binding sites, we identified YTHDF1-

mediated m°A sites. Mapping the m°A sites to
candidate genes identified from Ribo-seq data. This
integrated approach was used to create the final
dataset of the HeLa cell line for model training and
test. Below, we detail the multi-omics data processing
and integration.

We first collected the MeRIP-seq dataset from
HeLa cell line, which
immunoprecipitation and input control sample control

includes two

samples. The m°A peaks were identified from the
collected MeRIP-seq dataset using exomePeak2*'),
which is the updated version of exomePeak®,
Although m°A peaks refer to m°A modifications
enriched region, they have low resolution. Therefore,
we further employed sequence-based m°A sites
prediction tools, such as SRAMP!*, to identify high-
confidence m°A sites at single-base resolution from
sequences containing the DRACH motif within each
m°A peak.

Then we analyzed the YTHDF1 PAR-CLIP data
from the HeLa cell line (GSE63591!"") and identified
YTHDEF1 binding sites. Due to the heterogeneous
transcriptome, the isoform-specific m°A sites at single
base resolution and YTHDF1 binding sites may be
unavailable in the presence of multiple isoform
transcription of the same gene!'™. Thus, we adopted a
simple strategy of retaining the longest transcript for
each gene to avoid isoform ambiguity. Then we
overlapped these single-base resolution m®A sites with
the YTHDF1 binding sites and identified 3 287 m°A
sites with YTHDF1 binding. These sites constitute our
training and test dataset, and are defined as YTHDF1-
mediated m°A sites. To identify YTHDF1-mediated
m°A sites regulating translation efficiency, we further
analyzed the Ribo-seq data from YTHDFI1
knockdown (siYTHDF1) vs control (siControl) in the
HeLa cells (GSE63591"'"). Genes whose translation
was mediated by YTHDF1 in an m°A-dependent
manner were identified by a significant decrease in
efficiency (TE) upon YTHDFI1
The TE wunder siYTHDF1 and
siControl conditions were calculated using equations
(1) and (2), respectively. In this study, a threshold of
an averaged log fold change (logy(7TE yrupri/
TE ;conno)) less than —0.5 is applied by default. This
threshold was chosen to optimize the balance between

translation
knockdown!"?.

positive and negative sample rates and reduce the
false positive rate. More detailed information for
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choosing this threshold was discussed in Document
S1, Figure S1 and Figure S2. Accordingly, YTHDF1-
mediated m°A sites located on these candidate genes
are selected as positive samples (denoted as m®A-reg-
TE sites). Conversely, the remaining YTHDFI-
mediated m°A sites from genes that did not show a
significant decrease in translation efficiency upon

TE

regarded as negative samples (denoted as non-m°A-

TE oiion
YTHDF1 knockdown (logz(““'ﬂ)“) >-0.5) were

siControl

reg-TE sites). We further extracted 501-bp sequences
centered on these m®A sites from their corresponding
transcripts. To reduce sequence redundancy, we
employed the CD-HIT tool** with a sequence identity
cutoff of 90% to cluster the sequences from the
combined positive and negative dataset. Finally, we
obtained 1 190 positive samples and 1 113 negative
samples. The basic statistical analysis for the number
of identified m°A sites at single-base resolution, m°A
peaks and candidate genes is shown in Figure S3, and

the distribution of differential translation efficiency

TEsiYTHDFI

(lng( TE
Figure S4. The overall workflow of the data
processing is shown in Figure 1.

)) for candidate genes is shown in
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Fig.1 Multi—omics data processing and integration

ribosome-protected fragment (RPF) counts for each
gene under the siYTHDF1 and siControl conditions,
respectively; mRNA jypype and mRNA ;... are the
normalized mRNA reads counts for each gene from
paired RNA-seq data under the siYTHDF1 and
siControl conditions, respectively. Here, we used
reads per kilobase of transcript per million mapped
reads (RPKM) as the normalization method both for
normalized RPF counts and for mRNA reads counts.
1.2 Feature representation of candidate m°A sites
To obtain the feature representation of m°A sites,
we first extracted the 501-bp sequences centered at
m°A site. Then, we divided the 501-bp sequence of
each m°A site into 498 sliding windows. Each window
spans 4bp, and the step size between adjacent
windows is set to 1 bp by default in the study. Next,
each window is scanned for the presence of the
subsequence “GGAC” or “GAAC”, which is defined
as the YTHDF1 binding motif!'”. Previous research
has revealed that YTHDF1 binds at exact GRAC (R is
G or A) sites instead of other motifs that co-exist in
the proximity of m°A sites!'”, which is why we only
considered the two types of subsequences. If the
subsequence (“GGAC” or “GAAC”) is detected, the
index of the window is marked as 1; otherwise, it is
marked as 0. Through this process, we generated a
498-dimensional binary vector indicating the presence
or absence of the binding motif. However, this binary
vector is both highly sparse and high-dimensional,
which could be hard to
information. Thus, we utilized the autoencoder to

capture the critical
reduce the dimensionality and extract the potentially
important feature representations. The autoencoder
model consists of a single-layer encoder, a bottleneck
hidden layer and a single-layer decoder, which is an
unsupervised learning model to extract the major
features. The 498-dimensional binary vector for each
m°A site is fed into the encoder layer, which
compresses it into a 100-dimensional feature
representation using rectified linear unit (ReLU)
activation. The bottleneck hidden layer stores the 100-
dimensional latent features learned by the
autoencoder. The decoder layer aims to reconstruct
the original 498-dimensional input from the 100-
dimensional hidden representation using sigmoid
activation. We trained the autoencoder model for 100
epochs with Adam optimizer and mean squared error
we extracted the 100-dimensional

loss. Finally,



WEE, &

2026; 53 (4)

m°ATEpre: ETZAFHEESHYTHDF1

I SIEBIE AR Fme A S ST +1091-

embeddings from the bottleneck hidden layer to

represent the features of m°A sites. The overall
workflow of feature representation for m°A site
sequences is shown in Figure 2.
1.3 Predicting m°A sites regulating translation
efficiency

To predict the potential m°A sites regulating
translation  efficiency (m°A-reg-TE sites), we
constructed an MLP model shown in Figure 2. The
input to the MLP is the 100-dimensional embedding
of the binary vector for YTHDF1 binding motif,
generated by an autoencoder from each m°A site
sequence. The MLP architecture consists of one input
layer, two hidden layers with ReLU activation

Binary vector representation
of m®A site sequences

Input m®A site sequences

Predicting m°A sites
regulating translation efficiency

layer

Hidden
layer 2. yigden

functions and one output layer with the softmax
function that produces prediction scores in the range
[0,1]. In the MLP model, the dimensions of the first
and second hidden layers are set to 64 and 32 by
default. This prediction is used for the binary
classification task: determining whether the predicted
m°A sites regulate translation efficiency. During the
MLP model training process, the loss function used is
the negative log-likelihood loss. In the optimization
process of MLP, the Adam optimizer is selected as the
function optimizer and the learning rate is set to
0.001. The MLP model is trained for 200 epochs by
default on each fold of the five-folds cross-validation.

Extracting feature embeddings of m°A sites
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Fig. 2 The overall workflow of predicting the m°A sites regulating translation efficiency ( named as m°ATEpre )

1.4 Performance metrics

To comprehensively evaluate the prediction
proposed
framework and compare it with other models, we used
a five-fold cross-validation (5-CV) method to evaluate
the performance of models under six different

performance of our computational

evaluation metrics. These evaluation metrics include
Accuracy, Fl-score, Precision, Recall, the area under
the curve (AUC) and the area under precision and

recall (PRAUC). The evaluation metrics are defined
as:
TP + TN

Accuracy = p Ny wp+ by O
2TP
F1 - score = TP+ FP + FN “4)
.. _ TP
Precision = TP + FP (5)
TP
Recall = ————— (6)

TP + FN
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where TP, TN, FP, and FN are the number of true
positive samples, true negative samples, false positive
samples and false negative samples, respectively.

2 Results

2.1 Performance evaluation and comparison

To our best knowledge, currently there are no
computational methods specifically developed for

predicting m°A sites that regulate translation
efficiency. However, an m°A  sequence-based
language model, m°A-BERT-Degi®”, has been

developed to predict the m°As’ regulatory impact on
YTHDF2-mediated mRNA degradation, which is
similar to the prediction task of m°ATEpre. Therefore,
we compared our proposed m°ATEpre with mC°A-
BERT-Deg. To achieve a relatively fair comparison,

I :m°ATEpre

LOOF (9858

0.90

0.80

Score

0.70

0.60

0.50

AUC Accuracy

0.933 0

Precision

we first used the training data (80% of all input data)
to pre-train the m°A-BERT-Deg model, and then
evaluated its prediction performance on the test data
(20% of all input data). The training dataset is used to
train the m°ATEpre model, and the test set is used to
evaluate the performance of m°ATEpre under different
evaluation metrics. As shown in Figure 3, m°ATEpre
achieves performance gains of over 0.33 in all
evaluation metrics relative to m°A-BERT-Deg,
demonstrating  significantly improved prediction
performance compared to the m°*A-BERT-Deg model.
This result indicates that m°A-BERT-Deg may have
difficulty capturing more specific context features
related to YTHDF1-mediated translation only
depending on m°A site sequences. Additionally, the
full leveraging of m°A-BERT-Deg’s capabilities was
likely limited by the small training samples™*”.,

I :m°A-BERT-Deg

0.9350

Recall Fl-score

Fig. 3 The performance comparison of m°ATEpre and m°A-BERT-Deg

In m°ATEpre computational framework, we used
the MLP as the prediction model to identify the
potential positive samples. The choice of prediction
model or classifier may affect the predictive power in
identifying m°A-mediated
Therefore, in this study, we also evaluated the

translation regulation.

prediction performance of different predicting models
including MLP, Random Forest (RF) and XGboost via

the 5-CV method. In addition, we also performed a
comparison with a Transformer-based sequence
classification model (named VectorTransformer),
which excels at processing sequential data and
capturing long-range dependency”?%. The input
MLP, RF, XGboost and

VectorTransformer are the embedding representations

features for

of m°A sites obtained by autoencoder. As shown in
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Figure 4, except XGboost, m°ATEpre with MLP, RF
and VectorTransformer classifiers all achieved the
higher prediction performance, whose evaluation
metrics are all more than 0.9. But m°ATEpre with

MLP achieved the highest prediction performance
compared to the other three models. Therefore, the
MLP is selected as the prediction model in the
m°ATEpre computational framework.

Classifier: ® :MLP A:RF @ :VectorTransformer 3 :XGboost
1.00F
0.985 0.336
o.wi 0977
0.970 0.973
0.95+ 0.944 N
0.938 ® 0.936 0939
¢ 0.929 °
A
0.919 0918 0915
A0 0.911 . o -
> + 0.902 0913
0.90 A
o
‘g 0.876
2 0.869 S
¥
0.85F
0.80F
0. i
* 0.771 0.769 0.770
¥ *
0.75F
1 1 1 1 1 1
AUC PRAUC Accuracy Precision Recall Fl-score

Fig. 4 Performance comparison of different classifiers

To verify the efficacy of our proposed feature
representations for m°A sites in m°ATEpre, we further
compared them with other feature representation
strategies for predicting m°A sites involved in
translation regulation. Feature representation is a key
factor determining the model’s predictive ability. In
this study, we directly used the k-mer (4=3, 4, and 5)
frequency to represent the input features of the 501-bp
m°A sites’ sequences. In addition, we also applied the
word embedding model Word2Vec®” to generate the
low-dimensional embeddings for each m°A site’s
sequence. These feature representations including
k-mer (k=3, 4, and 5) frequency and low-dimensional
embedding via Word2Vec are directly used as input
features for the MLP classifier with same parameters.
Finally, we evaluated the prediction performance
using different feature representation strategies for
m°A sites’ sequences, including m°ATEpre’s feature

representation, k-mer frequency and word embeddings
via the 5-CV method. As shown in Figure 5, the five-
fold cross-validation indicate that the
prediction performance of both k-mer (4=3, 4, and 5)
frequency and word embeddings is significantly lower

results

than that of the m°ATEpre feature representation (the
embedding of binary vector for YTHDF1 binding
motif). For
performance improves with higher £ values across all

k-mer frequency, the prediction
six evaluated metrics, as shown in Figure 5. In
addition, the

embeddings is the lowest according to the four

prediction performance of word
evaluated metrics, including AUC, PRAUC, Accuracy
and Precision. This result further demonstrates that
adapting the autoencoder to obtain lower-dimensional
embeddings has a stronger advantage than other
feature representation strategies in predicting m°A-
regulated translation efficiency.
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Feature representation: B :3-mer frequency
1.0 0.985 AUC 0.986

0.9

0.8

Score

0.7

0.6

0.5

1.0F Precision
09

0.8

Score

0.6

0.5

B :m°ATEpre’s feature representation

PRAUC

0.693

Recall

0.672 0.678

W :4-mer frequency
M :5-mer frequency

M :Word embedding

Accuracy

0.700

1.000 Fl-score

0.667 0.675

Fig. 5 The prediction performance comparison for different feature representation methods

2.2 Ablation experiment

In this study,
autoencoder module in m°ATEpre is to reduce the

the main function of the

dimensionality of the input features and extract the
important embedding features. To demonstrate the
advantage of the autoencoder module for predicting
m°A sites with regulating translation efficiency, we
first utilized the uniform manifold approximation and
projection (UMAP) technique to visualize the high-
dimensional features with or without
autoencoder processing for both positive and negative
samples. As shown in Figure 6a, it may be hard to
distinguish positive and negative samples just from
the raw

input

input features without autoencoder
processing, which are the raw binary vector of
YTHDF1 binding motif presentation. However, after
the feature extraction by the autoencoder, the
distinction between positive and negative samples

becomes much clearer, as shown in Figure 6b.

Therefore, we performed an ablation experiment to
verify the contribution of the autoencoder module in
m°ATEpre.
m°ATEpre and assessed the predictive performance on

Specifically, we removed it from
m°A sites associated with regulating translation
efficiency. The experimental results in Figure 7
indicate that the prediction performance decreases
significantly for the m°ATEpre model without the
autoencoder module. As shown in Figure 7, the values
of AUC, PRAUC, Accuracy, Precision, Recall and FI-
score are 0.470, 0.438, 0.437, 0.427, 0.407 and 0.416,
respectively, which are all significantly lower than the
of m°ATEpre with the

autoencoder module. This result indicates that using

corresponding  values
the autoencoder module to obtain the lower-
dimensional embeddings of the input features is
highly effective in predicting potential m°A sites
regulating translation efficiency.



WEE, &

m°ATEpre: ETZAFHEESHYTHDF1

2026 53 (4) fr SIS BIE R R A m A B AR T ~1095-
(a) . . (b) . .
UMAP for input feature without autoencoder UMAP for input features with autoencoder
« :Positive samples  « :Negative samples « :Positive samples = :Negative samples
2+ 20+
10 J—
Q &
"* <
< ol ) - S
=
5 =)
0 -
: ¢
2+ =10
20 >
1 1 1 Il Il Il Il Il Il
-2.5 0 2.5 =5 0 5 10 15 20
UMAPI UMAPI

Fig. 6 UMAP dimensionality reduction for input features with or without autoencoder processing

(a) UMAP dimensionality reduction on raw input features without autoencoder. (b) UMAP dimensionality reduction for the input features with

autoencoder processing.

® :w/ autoencoder ® :w/o autoencoder

PRAUC N Fl-score

Accuracy ¢ . Recall

Precision

Fig.7 The prediction performance of m°’ATEpre with and

without autoencoder processing

2.3  Characterization of m°A sites regulating
translation efficiency

To explore the potential pattern of m®A-regulated
translation efficiency, we first analyzed the metagene
distribution of m°A sites regulating and not regulating
translation efficiency. As shown in Figure 8a, both

YTHDF1 binding sites and the identified m°A sites
are all enriched in stop codon regions, consistent with
the metagene distribution of canonical m°A sites.
However, the distribution of YTHDF1 binding sites is
more consistent with that of m°A sites regulating
translation efficiency (m°A-reg-TE) than with that of
m°A sites not regulating translation efficiency (non-
m°A-reg-TE). It may indicate that YTHDF1-mediated
regulation of mRNA translation is dependent on m°A
methylation. Then, we further calculated the
minimum free energy (MFE) by RNAfold® for these
sequences of m°A sites to explore whether m°A sites
regulating translation efficiency could help maintain
mRNA stability. As shown in Figure 8b, the MFEs of
m°A-reg-TE sites are significantly lower than those of
non-m°A-reg-TE sites (P=5.68x10"%; t-test). This
result indicates that m°A sites regulating translation
efficiency (m°A-reg-TE) could maintain the stability
of the mRNA secondary structure. To investigate the
potential mechanism of YTHDF1-mediated, m°A-
dependent regulation of mRNA translation, we further
collected the binding sites of RNA binding proteins
(RBPs) in the HeLa cell line from the POSTAR3
database!” and overlapped them with m°A site
sequences to explore the potential co-factors of
YTHDF1. Specifically, we first overlapped the
YTHDF1 binding sites with the RBP’s binding sites
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to select the YTHDF1’s co-factors. In Table S1, 27 sites with the binding sites of these 27 YTHDF1 co-
RBPs were identified as YTHDF1’s co-factors factors. 59 m°A-reg-TE sites (positive samples)
including 8 translation regulators (YTHDF2, overlap with 134 co-factors’ binding sites, but only
METTL14, METTL3, ALKBHI1, AGO2, UPFI, 33 non-m®A-reg-TE sites (negative samples) overlap
ELAVLI and TIA1l). We then mapped YTHDF1 and with 66 co-factors’ binding sites. Fisher’s exact test
the eight translation regulators onto a protein-protein revealed a significant enrichment of YTHDFI1
interaction (PPI) network downloaded from the cofactors (involved in regulating translation) on m°A-
STRING database™”. As shown in Figure 8c, the eight ~ reg-TE sites compared to non-m°A-reg-TE sites (P=
co-factors strongly interact with YTHDF1 as well as 0.009 4, odds ratio=1.71).

with each other. We overlapped these predicted m°A

(b)  Mean+SD: ~157.36+37.03

Mean+SD: -166.7+39.61

s []
(—test) P=5.68x107°
(a)
-100}
4 L
-2001

non-mGA-reg-TE site sequences m6A-reg-TE site sequences

MFE value

Density

1 kb 5'UTR CDS 3'UTR 1 kb

[E1:YTHDF1 binding sites =] :m°A-reg-TE sites [=] :non-m°A-reg-TE sites

Fig. 8 The characteristics of m°A sites regulating translation efficiency ( m*A-reg-TE )

(a) The metagene distribution of YTHDF1 binding sites, m°A-reg-TE sites and non-m°A-reg-TE sites. (b) Boxplot showing the distribution of the
minimum free energy (MFE) for both m°A-reg-TE site sequences and non-m6A-reg-TE site sequences. (c) Protein-protein interaction (PPI) network
of YTHDF1 co-factors enriched in translation regulation process. Nodes represent individual proteins, including: m ¢ A methyltransferases
methyltransferase 3 (METTL3); methyltransferase 14 (METTL14), ALKBHI (AlkB homolog 1), m®A readers (YTH N ¢-methyladenosine RNA
binding protein F1 (YTHDF1); YTH N°-methyladenosine RNA binding protein F2 (YTHDF2)), and RNA-binding proteins involved in post-
transcriptional regulation (ELAV-like RNA binding protein 1 (ELAVLI1); TIA1 cytotoxic granule associated RNA binding protein (TIA1); UPF1
RNA helicase and ATPase (UPF1); Argonaute RISC catalytic component 2 (AGO2)). Edges indicate the interactions between proteins. m°A-reg-TE:
m°A sites regulating translation efficiency; SD: standard deviation.

We next sought to understand the biological biological process terms for m°A-reg-TE genes were
functions associated with m°A-reg-TE sites in HeLa significantly different from those for non-m°A-reg-TE
cells. We first performed the biological process (BP) genes, as shown in Figure 9a. The m°A-reg-TE genes
enrichment  analysis using  ClusterProfiler R participate in  small GTPase-mediated signal
packagel'l. The top 10 enriched Gene Ontology (GO)  transduction, uterine embryonic development, TGF- 3
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regulation of signaling pathways and so on (Figure
9a). However, the non-m°A-reg-TE genes mainly
participate
process, phosphate metabolic process, transferase and

in the regulation of phosphorylation

kinase activity regulation and response to ER stress
(Figure 9a). We performed the enrichment analysis of
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways in these YTHDF1-mediated genes. We
found that YTHDFI1-mediated m°A-reg-TE genes
were cellular

significantly enriched in various

(2
Small GTPase-mediated signal transduction -

In utero embryonic development

Protein polyubiquitination

Morphogenesis of an epithelium -

Regulation of transforming growth factor beta receptor |
signaling pathway

Viral transcription [

Regulation of cellular response to transforming growth |
factor beta stimulus

Rho protein signal transduction |-

Transforming growth factor beta receptor superfamily |
signaling pathway

TOR signaling [

Negative regulation of phosphorylation

Negative regulation of phosphorus metabolic process
Negative regulation of phosphate metabolic process
Negative regulation of protein phosphorylation -
Negative regulation of protein modification process
Negative regulation of transferase activity

Negative regulation of stem cell differentiation -
Negative regulation of kinase activity

Negative regulation of protein kinase activity

Response to endoplasmic reticulum stress |-

processes related pathways (e. g., phospholipase D
signaling pathway, mTOR signaling pathway, Rapl
signaling pathway, and endocytosis) and enriched in
some cancers (e. g., colorectal cancer and chronic
myeloid leukemia), as shown in Figure 9b. However,
the YTHDF1-mediated non-m°A-reg-TE genes were
in TGF-B
pathway (Figure 9b). This biological function analysis

only significantly enriched signaling

indicates a marked difference between m°A-reg-TE
genes and non-m®A-reg-TE genes.

Biological process enrichment

P.adjust

0.002 5
0.005 0
0.007 5

Gene ratio
O 0.02
O 0.03
O 004
O 005
O 0.06

(b)

Phospholipase D signaling pathway 1
mTOR signaling pathway [

Rapl signaling pathway

Polycomb repressive complex [
Colorectal cancer [

Chronic myeloid leukemia
Endocytosis -

Ubiquitin mediated proteolysis -
TGF-beta signaling pathway -

Endocrine resistance

Il Il
m®A-reg-TE gene  non-m°®A-reg-TE gene

KEGG pathway enrichment

P.adjust

0.002 5
0.005 0
0.007 5

Gene ratio

O 0.04
O 005
@) O 0.06

mCA-reg-TE gene

Il
non-m®A-reg-TE gene

Fig. 9 Function enrichment analysis for both m*A-reg—TE gene and the non—-m°A-reg—TE gene in the HeLa cell line

(a) Biological process enrichment for m°A-reg-TE genes and non-m°A-reg-TE genes in the HeLa cell line. (b) The KEGG pathway enrichment for

m°A-reg-TE genes and non-m°A-reg-TE genes.
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2.4 Predicting YTHDF1-mediated mRNA
translation in HEK293T cells using m°*’ATEpre

In this part, we applied m°ATEpre to predict
YTHDF1-mediated mRNA translation in the
HEK293T cell line. We first collected the m°A sites at
single-base resolution in HEK293T cell line from
m°A-AtlasV2 databasel™ and the YTHDF1 binding
sites from the iCLIP dataset (GSE78030) in
HEK293T cell line®¥. Next, we selected the m°A sites
located within YTHDFI
extracted 501-bp sequences centered on m°A sites. We

binding regions and
then employed the CD-HIT tool to remove similar
sequences and retained 2 211 candidate m°A site
sequences. These sequences were transformed into
binary vectors representing the presence of the
YTHDF1 binding motif, which served as the input
for m°ATEpre. Based on the
processing, we predicted 962 potential m°A sites

features above
regulating translation efficiency (m°A-reg-TE sites) of
470 genes and 1249 m°A sites not regulating
translation efficiency (non-m°A-reg-TE sites) of 484
genes.

Similar to the analysis of the results in HeLa cell
line, we also firstly used the Guitar package®* to
analyze the metagene distribution of these predicted

(@)

Density
[\8)
T

m°A-reg-TE sites and non-m°A-reg-TE sites. As
shown in Figure 10a, these predicted m°A-reg-TE
sites in HEK293T cell line are more likely to be
in the 3'-untranslated region (3'UTR),
whereas the non-m°A-reg-TE sites tend to be enriched
in the coding DNA sequence (CDS). According to the
pie chart in Figure S5a, m°A-reg-TE sites are
predominantly enriched in the 3'UTR (53.3%) over
the CDS (42.3%). In contrast, 49.2% non-m°A-reg-TE
sites are enriched in 3'UTR and 48.4% the in CDS
(Figure S5b). It indicates that in HEK293T cell line,
the predicted m°A-reg-TE sites are more likely to be
enriched in the 3'UTR (Fisher’s exact test; P-value=
0.026 8; odds ratio=1.185), while the predicted non-
m°A-reg-TE sites are more likely to be enriched in the
CDS (Fisher exact test; P=8.618x107; odds ratio=
1.39). To explore the potential mechanism of m°A-
dependent translation regulation mediated by
YTHDF1, we obtained the binding sites of RBPs for
the HEK293T cell line from the POSTAR3 database
to identify potential YTHDF1 cofactors. For these
collected binding sites of RBPs, we first mapped them
to the binding regions of YTHDF1 and selected 32
potential YTHDF1 co-factors, which are shown in
Table S2. We then mapped the predicted m°A-reg-TE

enriched

(b)

1 kb S'UTR CDS

3'UTR 1 kb

] :m°A-reg-TE sites [ :non-m®A-reg-TE sites

Fig. 10 The predicted m°A-reg-TE sites in the HEK293T cell line by m°ATEpre
(a) The metagene distribution of m°A-reg-TE sites and non-m°A-reg-TE sites in the HEK293T cell line. (b) Protein-protein interaction (PPI) network

of YTHDFI1 co-factors associated with translation regulation in the HEK293T cell line. Nodes represent individual proteins, including: m°A reader

proteins (YTH N°-methyladenosine RNA binding protein 1/2/3 (YTHDF1/2/3)), eukaryotic translation initiation factors (eukaryotic translation

initiation factor 3 subunit A (EIF3A); eukaryotic translation initiation factor 3 subunit B (EIF3B); eukaryotic translation initiation factor 3 subunit D
(EIF3D); eukaryotic translation initiation factor 3 subunit G (EIF3G)), and RNA-binding proteins (DEAD-box helicase 3 X-linked (DDX3X);
Ataxin 2 (ATXN2); RNA binding motif protein 8A (RBM8A); heterogeneous nuclear ribonucleoprotein U (HNRNPU)). Edges indicate physical or

functional interactions between proteins.
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sites to the binding sites of YTHDF1 co-factors and
found that 441 of them overlapped. Ten of these
YTHDF1 co-factors (YTHDF2, YTHDF3, ATXN2,
EIF3A, EIF3B, EIF3D, EIF3G, HNRNPU, RBMSA,
and DDX3X) are involved in translation regulation.
The PPI network (Figure 10b) reveals
interactions among these factors, and notably, EIF3A,
EIF3B, EIF3D and EIF3G are all subunits of the
eukaryotic translation factor 3 (elF3) complex. This
result reveals that YTHDF1, potentially together with
translation initiation factors, binds to m°A sites to

close

regulate the translation efficiency of target genes,
which is consistent with previous research!'”. Lastly,
we also performed biological functional analysis on
the predicted m°A-reg-TE genes in HEK293T cell
line. The biological process enrichment analysis
suggests that the predicted m°A-reg-TE genes are
significantly enriched in transport related biological
processes, such as nucleocytoplasmic transport and
nuclear transport (Figure S6). The KEGG pathway
enrichment analysis indicates that these genes are
significantly enriched in the
transport pathway. The biological function enrichment
of m°A-reg-TE genes differed between the HEK293T
and HeLa cell lines, suggesting that their functions
may be cell line specific.

nucleocytoplasmic

3 Conclusion

Identifying the potential m°A sites that regulate
translation can help us further reveal the regulatory
mechanism of m°A modification. In this study, we
innovatively propose a computational method named
m°ATEpre to predict potential mC°A regulatory
translation efficiency sites. m°ATEpre first integrates
multi-omics data, including MeRIP-seq data,
YTHDF1-binding PAR-CLIP data and Ribo-seq data,
to obtain a high-quality training dataset comprising
positive and negative m°A site sequences from the
HeLa cell line. We then utilize the binary vectors of
YTHDF1-binding motifs, derived from the m°A site
sequences, to represent the features of the positive and
negative samples. To address the issues of sparsity
and high-dimensionality of input features, m°ATEpre
incorporates an autoencoder module for effective
feature extraction and representation. This model
subsequently employs an MLP to identify potential
m°A-regulated translation efficiency sites.

We conducted a comprehensive evaluation of

m°ATEpre through a series of experiments. Firstly, we
compared its performance against that of m°A-BERT-
Deg (a similar task prediction model), as well as other
classifiers or models, such as Random Forest,
XGboost and a transformer-based model. The results
indicate that m°ATEpre achieves the best prediction
performance. Furthermore, we analyzed different
feature representation strategies and performed
ablation studies to validate the model design. The
results demonstrate that our proposed feature
representation strategy has a significant advantage in
improving prediction performance. Moreover, we
investigated the potential patterns and the regulatory
mechanism of m°A sites regulating translation (m°A-
reg-TE sites). Specifically, in the HeLa cell line, we
performed bioinformatic characterization of m°A-reg-
TE sites by analyzing their metagene distribution and
sequence MFE, which reveals the specific properties
of m°A sites involved in translation regulation. To
explore the underlying regulatory mechanism, we
integrated the binding sites of YTHDF1 co-factors
with m°A-reg-TE sites in the HeLa cell line. Our
analysis revealed that YTHDF1-mediated, m°A-
dependent regulation of translation efficiency requires
the cooperation of multiple translation-regulatory
RNA-binding proteins as the YTHDF!1 co-factors.
Finally, the functional enrichment analysis indicates
that m®A-reg-TE genes are associated with more
specific biological processes and KEGG pathways.

To demonstrate the utility of m°ATEpre in
YTHDF1-mediated
translation, we conducted predictions within the
HEK293T cell line.
analysis and biological function enrichment analysis
for these predicted m°A-reg-TE sites in HEK293T

cells are quite different from those in the HeLa cell

predicting cell-specific

The metagene distribution

line, indicating that m°A-reg-TE sites may have cell-
specific characteristics. Likewise, the
analysis of the binding sites of multiple YTHDF1 co-

factors and m°A-reg-TE sites reveals the cooperation

integrated

of YTHDF1 and its co-factors in regulating translation
efficiency in an m°A-dependent manner.

Although m°ATEpre has
predictive performance in the HeLa cell line, it still
has some limitations. Due to the lack of translation

achieved strong

efficiency-related datasets or experimental validation
in the HEK293T cell line, the predicted m°A-reg-TE
sites are difficult to verify. However, these predictions
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in HEK293T cell line could be verified by analyzing
the Ribo-seq data under the siYTHDF1 vs siControl
conditions, or through biological experiments in the
future. Furthermore, the current focus on YTHDF1-
mediated translation regulation means that m°ATEpre
may overlook other regulatory mechanisms and fail to
account for the full complexity of the regulatory
Additionally, ~m°ATEpre lacks the
interpretability regarding how the raw input features

process.

contribute to the prediction of m°A-reg-TE sites.
Therefore, a highly interpretable model and the
inclusion of regulatory-mechanism-related features
are necessary for future research on m°A-regulated
translation. Despite some limitations of our proposed
computational framework, the underlying design
concept of m°ATEpre could be extended to other
translation-related m°A regulators, such as YTHDF3,
YTHDC2, or METTL3.

substantially  increase  its

Such extension could
utility to  the
epitranscriptomics community and help us reveal the
complexity of m°A regulating translation efficiency.
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PIBB 20260005 Table S2.pdf
PIBB 20260005 Figure S1.pdf
PIBB 20260005 Figure S2.pdf
PIBB 20260005 Figure S3.pdf
PIBB 20260005 Figure S4.pdf
PIBB 20260005 Figure S5.pdf
PIBB_ 20260005 Figure S6.pdf

Data Availability The associated data of this paper
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