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Al techniques have facilitated the understanding
of epitranscriptome distribution
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N®-methyladenosine (m6A), the most prevalent internal mRNA modification in higher eukaryotes, plays
diverse roles in cellular regulation. By incorporating both sequence- and genome-derived features, Fan
et al.’ designed a novel Transformer-BiGRU framework that achieves superior performance in computational
m6A identification, thus demonstrating the potential of Al in genomic studies.

N®-methyladenosine (m6A), the most
prevalent internal modification in eukary-
otic mRNA, constitutes a regulatory
network extensively involved in a wide
array of biological processes. It alters
various aspects of RNA biology, including
splicing, polyadenylation, and translation,
and its dysregulation has been linked to
cancer progression. Functional outcomes
of m6A modifications can differ across
various transcripts, regions within the
same transcript, and distinct cell types.
Therefore, comprehensive mapping of
m6A to elucidate its multitude of roles is
crucial.

The most widely used m6A-mapping
method relies on antibody-mediated
immunoprecipitation, which has recently
been shown to produce a large portion of
systematic false positives.” Although
additional solutions have been proposed,
certain limitations persist, including input
amounts, antibody specificities, effi-
ciencies, predefined sequence contexts,
and complicated workflows.®> Moreover,
around 5%-10% of m6A sites identified
as biologically significant exhibit dynamic
behavior upon varying conditions.*
Collectively, these challenges in profiling
techniques highlight the necessity for
computational methods as a complement.

To date, dozens of approaches have
contributed to accurate m6A prediction,

ranging from early machine-learning-
based predictors like SRAMP® to the lat-
est models that leverage cutting-edge Al
techniques. WHISTLE® was the first
model to introduce genome-derived fea-
tures, DeepPromise’ comprehensively
evaluated major Al models at the time of
its proposal, and Geo2Vec® enabled tran-
script isoform-aware learning of m6A.
Despite these advancements, there is still
room for improvement in accuracy, high-
lighting the need for a more comprehen-
sive model.

In this issue of Cell Genomics, Fan
et al.' present a novel deep learning
framework for high-accuracy mammalian
m6A site prediction (Figure 1). This
work introduces a combined framework
of a Transformer architecture and a bidi-
rectional gated recurrent unit (BiGRU),
named deepSRAMP, to identify m6A
sites using both sequence-derived and
genome-derived features. Comparative
studies across multiple benchmark data-
sets showed that deepSRAMP outper-
formed state-of-the-art m6A predictors,
achieving an average 43.9% increase in
area under the precision curve (AUPRC),
a metric particularly useful for evaluating
the model’s precision in identifying minor
classes. The model’s promising perfor-
mance was also evident when extended
to 38 mammalian tissues and cells. These

achievements are primarily attributed to
three main contributions:

(1) Feature encodings: the authors
proposed a new combination of
sequence-based and genome-
based encodings as the inputs
of deep learning. For sequence-
based encoding, they combined
one-hot encoding, which con-
verts each nucleotide into a
unique vector to facilitate motif
learning through subsequent con-
volutional layers, with a learnable
embedding layer that maps nu-
cleotides into higher-dimensional
vectors to capture richer features.
For genome-based encoding,
they introduced a nucleotide-level
feature matrix that incorporates
the absolute and relative posi-
tions of each nucleotide on the
transcript, as well as the type
and rank of the exon it resides
in, including explicit encoding of
the relative distances to the start
codon, stop codon, and splicing
sites. Both encoding methods,
when used individually, outper-
formed the sequence-based ma-
chine-learning model SRAMP
and, when combined through a
multi-input framework, showed a
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Figure 1. The deepSRAMP framework proposed by Fan et al.

significant additional improve-
ment, indicating their synergistic
effect in representing different
sequence features in various re-
gions.

Novel neural network framework:
to effectively capture the essential
mappings from richly encoded
biological information to m6A sites,
a powerful neural network is
required. Existing works, such as
DeepPromise, have comprehen-
sively optimized network frame-
works but only for sequence in-
puts. WHISTLE, on the other
hand, considered both sequence-
based and genome-based fea-
tures but used classical machine-
learning methods as classifiers. In
this work, Fan et al. leveraged the
powerful Transformer architecture,
which has proven effective in
various RNA-related prediction
tasks but has not been fully
explored in m6A prediction. Addi-
tionally, an ablation study demon-
strated that combining the Trans-
former encoder with a BIiGRU
module significantly enhances
model performance. This com-
bined Transformer-BiGRU frame-
work, along with carefully curated
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features, resulted in a substantial
increase in AUPRC from 0.375 in
the WHISTLE model to 0.814 in
deepSRAMP.

Isoform-aware learning: incorpo-
rating genome-derived features
not only introduces biologically
meaningful information into the
model but also enables the
modeling of different isoforms
for the same transcript, thereby
advancing transcript isoform-
level m6A prediction. While Geo2-
Vec generates a concise feature
matrix to describe the entire tran-
script, the genome-derived fea-
tures used by deepSRAMP pro-
vide more detailed context about
the specific isoform where the
site of interest may be located.
These higher-resolution descrip-
tors, combined with learnable
attention weights, show promise
in revealing differential m6A pat-
terns among different isoforms.
Specifically, the authors used the
CALM3 gene as a case study
and demonstrated that the pre-
dicted m6A distributions across
isoforms can be explained by
known alternative polyadenylation
processes.

The success of deepSRAMP highlights
the importance of feature encodings in
biological prediction tasks, as well as the
necessity of a congruent neural network
framework. The upper limit of a ma-
chine-learning model is determined by
the essential mappings hidden within the
data. A powerful model can better capture
these mappings, leading to a higher de-
gree of fitting, while the quality of features
determines how much of this mapping
can be learned from the data. Since m6A
is known to enrich at the last exon of a
transcript and also exhibits functions in
other regions, incorporating genome-
derived features enables deepSRAMP
to learn different m6A patterns in various
regions of the same transcript or even
different transcript isoforms. Such a
domain  knowledge-induced feature
design method may generalize to other
prediction tasks in genomics, leading to
better capture of biological insights.

While deepSRAMP has achieved prom-
ising performance and a user-friendly
webserver has been provided to facilitate
its widespread use, key research ques-
tions remain. Current models primarily
define m6A identification as a binary clas-
sification task. However, a high-accuracy
quantification model that can reveal the
methylation level of each site under
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different tissues and cells is highly desir-
able. This presents significant challenges,
as such a model would need to consider
not only sequence- and genome-derived
features but also other factors, such as
the expression status of m6A-related
genes (e.g., METTL3/14), to accurately
describe the cellular context. Addressing
these challenges is essential for under-
standing the various functional outcomes
of m6A, particularly at those dynamic
sites.

In summary, the work by Fan et al. pre-
sents a novel m6A prediction framework,
deepSRAMP, which substantially outper-
forms existing methods. This high-accu-
racy m6A prediction can complement
experimental methods to better study
the distribution of functional m6A, particu-
larly benefiting from its potential for tran-
script isoform-level prediction. Addition-
ally, the success of this combined deep
learning framework highlights the prom-
ising avenues for leveraging Al techniques
in genomic studies.
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