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Abstract
DNA methylation is an epigenetic mechanism for regulating
gene expression, and it plays an important role in many bi-
ological processes. While methylation sites can be identified
using laboratory techniques, much work is being done on de-
veloping computational approaches using machine learning.
Here, we present a deep-learning algorithm for determining
the 5-methylcytosine status of a DNA sequence. We propose
an ensemble framework that treats the self-attention score as
an explicit feature that is added to the encoder layer generated
by fine-tuned language models. We evaluate the performance
of the model under different data distribution scenarios.

Introduction
DNA methylation happens when a methyl group (CH3)
get added to a DNA sequence. The position of the methyl
group added determines the type of methylation. In partic-
ular, the DNA modification on the fifth position of cytosine
(5mC) plays a critical role in gene regulation and is involved
in other important biological processes (Breiling and Lyko
2015), occurs in both bacteria and eukaryotes.

There is currently much interest in transformer-based lan-
guage models. Models such as BERT (Devlin et al. 2018)
and its variants perform very well on several natural lan-
guage processing tasks. In addition to being adapted to a
specific domain, like the medical field, transformer-based
language model are also transferred to biological sequences,
such as DNA sequences (Ji et al. 2021) and protein se-
quences (Teufel et al. 2022). In MuLan-Methyl (Zeng, Gau-
tam, and Huson 2023), we presented several domain-specific
fine-tuned language models for classifying the methylation
status of short DNA sequences.

Here, our aim is to use such a model as an encoder to
classify 5mC DNA methylation status in mammalian se-
quences. Previous studies (Abnar and Zuidema 2020) have
shown that the self-attention mechanism of transformers can
be used to interpret the model and quantify feature contri-
bution, and our work on MuLan-Methyl demonstrated that
attention score gives rise to a reasonable measure of feature
importance.

Therefore, here we propose a study that uses the informa-
tion given by attention weights generated by the encoder as
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Figure 1: Data description. We used the MR-DNA database,
which contains methylation data from eight human cell
lines, to build a classification model.

an additional layer and adds it to the model structure to aid
the model in generating the final prediction.

Proposed Method
Dataset and Preprocessing
We downloaded the database presented by MR-DNA (Zeng
and Huson 2023), which contains gene promoter regions
of length 1000, annotated with 5mC methylation sites from
eight human cell lines. We further extracted the methylated
cytosine together with 20 bases both before and after the
site from the MR-DNA database. These sequences of length
41 formed the positive samples in our dataset. The nega-
tive samples were formed in the same way, but centered on
non-methylated cytosines (see figure 1). Each input for our
ensemble model is a sequence of 3-mers, generated using a
sliding window, of length 41-3+1=39. Using the training and
test datasets provided by MR-DNA database, we used the
described approach to generate a training and test dataset,
respectively,

Transfer Learning for 5mC Prediction
Our framework uses two fine-tuned language models, ob-
tained from MuLan-Methyl. MuLan-Methyl consists of five
fine-tuned language models, training on a dataset that con-
tains three types of methylation sites (6mA, 4mC, and
5hmC). We use MuLan-Methyl-DistiBERT, and MuLan-
Methyl-ELECTRA as our encoders, fine-tuning each of
them on our dataset, respectively.
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Figure 2: Model architecture.

Custom Layer Generation Using the Output of the
Self-Attention Mechanism
On the given input, the fine-tuned language model gives the
output of the hidden states and the output of the attention
scores from the self-attention mechanism of the transformer
architecture. We take the last hidden state as the representa-
tive vector of input.

Because the label of a DNA fragment is determined by the
center cytosine, after tokenizing the DNA fragments into a
sequence of 3-mers, and adding special tokens, the tokens in
the 19th, 20th and 21st positions contain the target cytosine.

To utlize all the information of the attention weight ma-
trix, we rank the layer-wise attention weights that are as-
signed to the token [CLS] and extract the rank position of the
above-mentioned three tokens, since both of the language
models we employed contain multiple transformer layers,
we then combine the results from each layer to a rank se-
quence of length 3 × 12 = 36. Finally, we customize a
layer for generating the average rank sequences of attention
weights from two models, then combine its output with the
average of the last hidden state from both models to form
our framework. We call our proposed framework EA-5mC,
which is summarized in Figure 2.

Experimental Results
We trained and validated our model on the processed train-
ing dataset. The ratio of positive to negative labels during
model training was 1:1. Model evaluation was conducted
on the independent test dataset. We compared our proposed
framework against a naive ensemble of the two models,
which we considered the baseline. First, we evaluated model
performance on the balanced dataset, where the ratio of
the positive and negative samples is 1:1, EA-5mC outper-
forms the baseline regarding Accuracy, AUC and F1-score.
Moreover, since the ratio of methylation cytosine and non-

Pos:Neg Model Accuracy AUC F1-score

1:1 EA-5mC 0.9463 0.9674 0.9489
Baseline 0.9461 0.9669 0.9487

1:10 EA-5mC 0.9033 0.9647 0.6514
Baseline 0.9025 0.9661 0.6502

Table 1: Model performance evaluation on multiple test
datasets

methylation cytosine is highly imbalanced in practice, we
then adjusted the ratio of positive and negative samples to
1:10. Here, EA-5mC outperforms the baseline regarding ac-
curacy and F1-score, (see Table 1)

Conclusion
This work introduces a framework that uses deep learning
approaches to address an important biological problem. This
framework suggests that extracting the information given by
attention weights to construct a custom layer of the ensem-
ble model enhances model performance to some extent. In
future work, we intend to improve the performance of our
framework by optimizing the custom layer construction.
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