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A B S T R A C T

RNA N4-acetylcytidine (ac4C) modification plays a crucial role in gene expression regulation. However, existing 
prediction methods face limitations in capturing RNA sequence features, particularly in handling sequence 
complexity and long-range dependencies. To enhance the accuracy of RNA-ac4C modification sites prediction, 
this study introduces, for the first time, the transformer-based RNAErnie pre-trained model, which deeply ex
tracts semantic information from RNA sequences. This model is combined with six traditional feature extraction 
methods (such as One-hot, ENAC, etc.) to form a multidimensional feature set. On this basis, we propose the 
Voting-ac4C model, which utilizes a deep neural network for feature selection. The selected features are then fed 
into a soft voting ensemble learning model, integrating the strengths of various machine learning algorithms to 
predict RNA-ac4C modification sites. Experimental results demonstrate that compared to the state-of-the-art 
methods, Voting-ac4C achieves significant improvements across multiple metrics, including AUC, SN, SP, 
ACC, and MCC. This study provides a novel approach for RNA modification sites prediction and highlights the 
potential applications of pre-trained models in biological sequence analysis.

1. Introduction

RNA modification refers to the post-transcriptional chemical alter
ation process of RNA molecules. Among these modifications, N4- 
acetylcytidine (ac4C) is a common type catalyzed by the enzyme N- 
acetyltransferase 10 (NAT10) [1,2], which adds an acetyl group to the 
nitrogen at position 4 of the cytidine base. Initially discovered in 
eukaryotic and prokaryotic tRNA and rRNA, recent studies have also 
identified ac4C in human mRNA [3]. This discovery demonstrated its 
involvement in regulating gene expression, maintaining mRNA stability, 
and its association with various diseases. In summary, ac4C modification 
serves as a critical post-transcriptional modification of RNA, playing 
essential roles in cellular functions and disease processes [4]. Investi
gating the functions and mechanisms of RNA ac4C modification sites is 
crucial for elucidating its biological significance and developing thera
peutic approaches for associated diseases.

In recent years, numerous bioinformatic tools have been developed 
for identifying ac4C modification sites in mRNA. Initially, Zhao et al. 
introduced a predictor named PACES [5], which utilized position- 
specific dinucleotide sequence profile and K-nucleotide frequencies as 

encoding methods. Random Forest (RF) was employed as the machine 
learning algorithm to train the model and generate results. Subse
quently, Alam et al. proposed an ensemble model named XG-ac4C for 
predicting ac4C modification sites [6]. This model incorporated six 
different types of feature encodings, including Nucleotide chemical 
property (NCP), Nucleotide density (ND), K-mer, One-hot encoding, 
EIIP+PseEIIP. Extreme Gradient Boosting (XGboost) was used as the 
classification algorithm. Following that, several models for predicting 
ac4C modification sites were developed. Su et al. developed the iRNA- 
ac4C model [7], which employed three feature extraction methods: K- 
mer, Nucleotide chemical property (NCP), and Accumulated nucleotide 
frequency (ANF). They used the GBDT algorithm combined with the 
mRMR-IFS strategy for prediction. Lou et al. utilized three encoding 
methods (Kmer, PseKNC, and PseEIIP) and employed a stacking-based 
algorithm in their classification approach to identify ac4C modifica
tion sites, termed Stacking-ac4C [8]. Li et al. developed MetaAC4C [9], 
which leveraged pre-trained Bidirectional Encoder Representations 
from Transformers (BERT). The model is based on a Bidirectional LSTM 
architecture, incorporating attention mechanisms and residual connec
tions. To address data imbalance, they also utilized a generative 
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adversarial network to generate synthetic feature samples. Wang et al. 
introduced DeepAC4C [10], a model that used Convolutional Neural 
Networks (CNN) for prediction. This network combined hybrid features 
composed of physicochemical patterns and nucleotide distribution 
representations. Most recently, Nhat Truong Pham et al. proposed the 
ac4C-AFL model [11], which utilized an adaptive feature representation 
strategy to extract the most representative features from RNA sequences. 
It also employs a novel ensemble feature importance scoring method to 
rank and select the most relevant features for accurate ac4C modifica
tion sites prediction. The above studies indicate that with the rapid 
development of deep learning and machine learning methods, many 
technical approaches can effectively improve the accuracy of RNA 
modification site prediction [12–15]. However, current methods still 
exhibit two major limitations: (1) These methods primarily relied on 
traditional feature extraction techniques (such as Kmer, PseEIIP, 
PseKNC) and simple machine learning models (such as SVM [16–18], 
Random Forest [19,20]). Although these approaches have improved 
prediction performance to some extent, they still face challenges related 
to insufficient feature representation and inadequate capture of 
contextual information. While traditional feature extraction methods 
can extract certain statistical information from sequences, they often fail 
to capture the higher-order structures and complex relationships within 
the sequences [21–23]; (2) Furthermore, existing machine learning 
models tend to suffer from overfitting when dealing with high- 
dimensional features [24], and their interpretability is limited, making 
them less effective in RNA modification sites prediction tasks.

To overcome the aforementioned limitations, we propose Voting- 
ac4C. This study is the first to introduce the Transformer-based 
RNAErnie pre-trained model for feature encoding [25]. RNAErnie, 
trained on large-scale RNA sequence data, effectively captures deep 
semantic information and contextual dependencies within the se
quences. At the same time, we combined six traditional feature encoding 
methods to comprehensively capture the diverse characteristics of the 
sequences. The integrated features were subjected to dimension reduc
tion using a deep neural network, and the resultant features were then 
fed into a soft voting ensemble learning model. This approach further 
enhanced the prediction performance and robustness of the model. The 
innovation of this study lies in the first combination of the RNAErnie 
pre-trained model with traditional feature encoding methods for RNA 
sequence feature encoding. This approach not only improves the accu
racy of RNA-ac4C modification sites prediction but also offers new 
perspectives and tools for future RNA modification sites research.

2. Materials and methods

2.1. Benchmark datasets

The construction of reliable benchmark datasets is fundamental for 
developing robust predictors and understanding the underlying mech
anisms of ac4C modification sites. Arango et al. utilized acRIP-seq to 
identify 4250 candidate ac4C peaks, revealing that the majority of 
acetylated genes possess 1–2 ac4C peaks [5]. However, due to the 
limited resolution of acRIP-seq, the specific sites corresponding to these 
ac4C peaks may not necessarily be cytidine. To establish dependable 
datasets, Su et al. selected the 100 nucleotides surrounding the cytidine 
closest to each ac4C peak as positive samples, while negative samples 
consisted of 201 nucleotides centered on cytidine randomly chosen from 
non-peak regions. Redundant sequences were subsequently removed 
using the CD-HIT tool with a similarity threshold of 0.8.

In this study, we utilized datasets derived from the research of Su 
et al. [7], which included an equal number of positive and negative 
samples, totaling 2758 each. All samples were divided into training and 
testing datasets using stratified sampling at a ratio of 4:1. The training 
set comprised 2206 positive and 2206 negative samples, while the in
dependent testing set consisted of 552 positive and 552 negative sam
ples. Detailed information regarding the datasets is presented in Table 1.

2.2. Feature encoding

The first step in constructing a machine learning model for ac4C 
modification sites recognition is to encode RNA sequences while pre
serving as much of the original RNA information as possible. This is 
crucial for developing an accurate and robust model [26–30]. In this 
study, aimed at enhancing the accuracy and reliability of ac4C modifi
cation sites prediction, Voting-ac4C combines the Transformer-based 
RNAErnie pre-trained model with six traditional feature extraction 
methods, including One-hot, ENAC, C2, ND, TPCP, and Ksnpf [31]. This 
integrative approach leverages the RNAErnie model's strengths in 
capturing complex RNA sequence features while incorporating the 
established expertise of traditional methods, resulting in a more 
comprehensive feature representation. The next section will provide a 
detailed description of these methods.

2.2.1. RNAErnie model
In this study, the RNAErnie model is employed for feature encoding 

in ac4C modification sites prediction. RNAErnie is a pre-trained model 
based on the Transformer architecture specifically designed for RNA 
sequences. Built upon the Enhanced Representation through Knowledge 
Integration (ERNIE) framework, this model incorporates multiple 
Transformer layers and multi-head self-attention mechanisms, with each 
Transformer block having a hidden state dimension of 768 [25]. These 
design choices enable RNAErnie to capture complex patterns and deep 
biological information within RNA sequences.

Firstly，RNAErnie is based on the Transformer architecture, with 
one of its core components being the multi-head attention mechanism. 
This mechanism enhances the model's ability to understand RNA se
quences by capturing different aspects of the input sequence through 
parallel computation of multiple attention heads. For each attention 
head, the input sequence X is mapped into Query, Key, and Value 
matrices through different linear transformation matrices [32], as 
shown in Eqs. (1)–(3). 

Q = XWQ (1) 

K = XWK (2) 

V = XWV (3) 

Each attention head independently computes attention scores using 
the self-attention mechanism to assess the interrelationships among el
ements of the input sequence. The specific computation is defined by Eq. 
(4), where the dimension dk of the key vectors is utilized to scale the dot 
product of the query matrix Q and the key matrix K, preventing gradient 
issues. This scaled dot product generates raw attention scores, which are 
then transformed into a probability distribution through the softmax 
function. The distribution is used to weight the vectors in the value 
matrix V, yielding a contextual representation of the sequence. 

Attention (Q,K,V) = softmax
(

QKT
̅̅̅̅̅
dk

√

)

V (4) 

The multi-head attention aggregates the outputs of each attention 
head by concatenating them and subsequently applying a linear trans
formation to derive the final representation, as shown in Eq. (5). Here, 
the concatenation operator Concat merges the individual head outputs, 
and WO is a trainable transformation matrix that maps the combined 
features into the desired output space. 

Table 1 
Details of the benchmark datasets.

Data types Training datasets Testing datasets

Positive 2206 552
Negative 2206 552
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MultiHead (Q,K,V) = Concat (head1,head2,…,headh)WO (5) 

Secondly, the RNAErnie model employs three masking strategies to 
enhance RNA sequence representation [25]. Base-level masking in
volves masking individual nucleotides to capture local features. 
Subsequence-level masking targets contiguous segments of the RNA 
sequence, aiming to capture long-range dependencies and global fea
tures. Meanwhile, motif-level random masking introduces randomness 
by masking nucleotides irrespective of their position or continuity, 
which improves the model's robustness and generalization capabilities.

Additionally, RNAErnie incorporates the coarse-grained types of 
RNA (e.g., mRNA, miRNA, lncRNA) as special vocabulary tokens, 
appending these type tokens to the end of each RNA sequence during 
pretraining [25]. This strategy enables the model to recognize and uti
lize RNA type-specific features when handling various downstream 
tasks, thereby enhancing the model's domain adaptation and task 
generalization capabilities.

RNAErnie leverages the multi-head attention mechanism to capture 
multidimensional features of RNA sequences, effectively addressing 
sequence complexity and long-range dependencies, thereby enhancing 
the accuracy of RNA-ac4C modification sites prediction. By adopting a 
multi-level masking strategy and incorporating RNA type tokens, 
RNAErnie strengthens feature representation, providing robust support 
for accurate prediction. This highlights the model's strong capabilities 
and broad applicability in RNA sequence analysis.

2.2.2. One-hot encoding
One-hot encoding is a simple and effective feature extraction 

method, widely used in bioinformatics due to its ability to represent 
nucleotide sequences in an efficient and straightforward manner. It 
represents the four RNA bases, adenine (A), cytosine (C), guanine (G), 
and uracil (U), in RNA molecules as binary vectors composed of 0 s and 
1 s. Specifically, this means that the nucleotides A, C, G, and U are 
represented by the four vectors (1,0,0,0), (0,1,0,0), (0,0,1,0), and 
(0,0,0,1), respectively [33].

2.2.3. ND encoding
Nucleotide Density (ND) encoding is a common method in bioin

formatics that represents each RNA sequence by combining nucleotide 
frequency with the position of individual nucleotides within the 
sequence. The main principle is to treat one or several bases in the RNA 
sequence as an element and calculate the frequency of that element 
within the RNA sequence. The frequency and positional distribution of 
each nucleotide are captured in the Nucleotide Density (ND) [31]. The 
density (di) of a nucleotide is calculated according to Eq. (6). 

di =
n
i

(6) 

where n is the number of times the nucleotide appears before the i-th 
position (including the i-th position). For example, in the sequence 
“AUGCUCGAU”, the density of U at positions 2, 5, and 9 would be 0.50, 
0.40, and 0.33, respectively. Similarly, the density of C at positions 4 and 
6 would be 0.25 and 0.33, respectively.

2.2.4. C2 encoding
C2 encoding is a common sequence characterization model that 

converts the elements of a biological sequence into specific values from a 
global sequence perspective. Specifically, C2 encoding transforms the 
RNA bases on the nucleotide chain of RNA molecules into 2-bit binary 
values. For example, adenine (A) is encoded as (0,0), cytosine (C) as 
(1,1), guanine (G) as (1,0), and uracil (U) as (0,1) [34].

2.2.5. ENAC encoding
ENAC (Encoding Nucleic Acid Composition) encoding is an effective 

method used to analyze and represent nucleic acid sequences. It employs 
a sliding window approach to calculate the nucleic acid composition 

within a fixed-length window, generating feature vectors for each win
dow. This method captures local structural information within the 
sequence and provides useful feature representations for subsequent 
analysis and modeling. ENAC encoding is particularly effective for 
nucleic acid sequences of fixed lengths [35]. ENAC can be computed 
using Eq. (7). 

V =

[
NA,win1

S
,

NC,win1

S
,

NG,win1

S
,

NU,win1

S
,

NA,win2

S
,…,

NG,winL− S+1

S
,

NU,winL− S+1

S

]

(7) 

S represents the size of the sliding window. Nt,winr is the number of 
nucleotides t in the r-th sliding window. t represents the type of nucle
otide, which can be A, C, G, or U. r is the index of the sliding window, 
ranging from 1 to L − S + 1, where L is the length of the sequence.

2.2.6. TPCP encoding
Eleven physicochemical properties of TPCP were obtained from 

recent studies. These properties, which are listed in Table S1, were 
normalized according to the methods described in the article. For each 
sequence window containing a TPCP, a 1375-dimensional vector was 
created (comprising 125 trinucleotides × 11 physicochemical proper
ties). Any tri-nucleotides containing the nucleobase N were assigned a 
value of zero [36].

2.2.7. KSNPF encoding
KSNPF (k-spaced nucleotide pair frequencies) quantifies the occur

rence of 16 nucleotide pairs that are separated by k arbitrary nucleotides 
within a sequence. By setting k to values of 0, 1, 2, 3, and 4, the sequence 
is transformed into various feature representations that reflect the fre
quency of these nucleotide pairs at different spacing intervals, as 
demonstrated in Eq. (8). 

[f(AA)…f(AXA)…f(AXXA)…f(AXXXA)…f(AXXXXA)… ] (8) 

Here, X represents any nucleotide, and AXA refers to two adenines 
(A) with any nucleotide X in between. The term f(AXA) denotes the 
frequency of AXA in the sequence [37]. By calculating the frequency of 
all nucleotide pairs, the sequence is encoded into an 80-dimensional 
vector (16 pairs × 5 spacing values = 80).

2.3. Model framework

To effectively predict RNA-ac4C modification sites, we developed 
the model Voting-ac4C. The model consists of five parts: data collection, 
feature encoding, dimension reduction and modeling, model evaluation 
and web server, as illustrated in Fig. 1.

Firstly, we utilized benchmark datasets derived from the research of 
Su et al., which comprised 2758 positive and 2758 negative samples. 
The samples were carefully selected, with positive samples corre
sponding to the nucleotides surrounding ac4C peaks and negative 
samples sourced from non-peak regions. Using stratified sampling, the 
dataset was split into training (2206 positive and 2206 negative) and 
independent testing sets (552 positive and 552 negative) to ensure 
robust evaluation. Subsequently, a multi-dimensional feature encoding 
approach is employed for each RNA sequence derived from these data
sets. This study introduces the use of the Transformer-based RNAErnie 
pre-trained large model for the first time in the field of RNA modification 
site prediction, enabling the extraction of global contextual features 
from RNA sequences. Additionally, it combines six traditional encoding 
methods including One-hot, ENAC, C2, ND, TPCP and Ksnpf to extract 
diverse features of RNA sequences, encompassing physicochemical 
properties and positional specificity. This hybrid representation of fea
tures effectively reflects both local and global information of the se
quences, significantly enhancing the model's capacity for feature 
representation. Next, the generated high-dimensional features are input 
into a Deep Neural Network (DNN) for dimension reduction. Through 
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the multi-layer nonlinear mapping of the DNN, the features are pro
cessed from a high-dimensional space to a lower-dimensional space, 
effectively reducing computational complexity and storage re
quirements. The features processed by the DNN are then fed into a soft 
voting ensemble model constructed using XGBoost, MLP and CatBoost 
classifiers [38]. Afterward, we employed ten-fold cross-validation to 
ensure robustness and prevent overfitting. Independent testing datasets 
are also used to assess performance through metrics like accuracy, 
sensitivity, specificity, MCC and AUC. The final step is creating a user- 
friendly web server with an intuitive interface where users can input 
RNA sequences and obtain predictions for ac4C modification sites 
effectively.

2.3.1. Deep neural network
High-dimensional feature vectors can lead to the curse of dimen

sionality, resulting in overfitting in predictive models and prolonged 
computational times. To mitigate these challenges, Voting-ac4C 

integrates a hybrid feature set that combines a Transformer-based 
RNAErnie pre-trained large language model with traditional feature 
encoding methods, which is then input into a Deep Neural Network 
(DNN) for dimension reduction.

Deep Neural Network (DNN) consist of multiple interconnected 
layers, with each layer processing input data through non-linear func
tions to learn complex feature representations [39,40]. This deep ar
chitecture enables DNN to capture intricate patterns within high- 
dimensional data, which is particularly significant in the context of 
RNA modification site prediction [41]. Through a multi-layer non-linear 
mapping process, DNN can transform high-dimensional features into 
lower-dimensional representations, effectively reducing computational 
complexity and storage requirements while retaining key features 
crucial for enhancing prediction accuracy [42]. In the process of 
dimension reduction, we ultimately selected the second-to-last layer of 
the DNN as the output, which contains rich feature information.

Moreover, DNN is capable of capturing complex interactions 

Fig. 1. Overview of the proposed model. A. Data collection. Utilizing datasets from Su et al., with an equal number of 2758 positive and 2758 negative samples, 
stratified into training (2206 each) and testing sets (552 each). B. Feature encoding. Processing RNA sequences with the RNAErnie model and six traditional 
methods, including One-hot, ENAC, C2, ND, TPCP and Ksnpf. C. Dimension reduction and modeling. Using a Deep Neural Network (DNN) for dimension 
reduction, followed by inputting the processed features into a soft voting ensemble model comprising Multi-layer Perceptron (MLP), XGBoost and CatBoost. D. Model 
evaluation. Employing ten-fold cross-validation to assess model's performance. E. Web-sever. Providing a user-friendly interface for inputting RNA sequences and 
obtaining predictions.
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between different features, allowing for a higher level of feature repre
sentation. This dimension reduction method not only reduces the 
interference of redundant information but also enhances the model's 
understanding of feature importance, significantly improving predictive 
accuracy. Detailed parameters utilized in the DNN are provided in 
Supplementary Material S2.

2.3.2. Model selection
Voting-ac4C employs three different machine learning algorithms, 

namely CatBoost, XGBoost (XGB), and Multi-Layer Perceptron (MLP), all 
implemented using the Scikit-Learn package. CatBoost is a Gradient 
Boosting Decision Tree (GBDT) framework that utilizes symmetric de
cision trees, requiring fewer hyperparameters and supporting categori
cal variables with high accuracy. CatBoost addresses challenges such as 
efficiently handling categorical features, gradient bias, and prediction 
shift. By mitigating these issues, CatBoost reduces overfitting, thereby 
enhancing the algorithm's accuracy and generalization ability [43]. 
XGBoost (eXtreme Gradient Boosting) is an efficient library that im
plements the Gradient Boosting algorithm. It trains decision tree models 
using gradient boosting, combining loss functions, regularization terms, 
and gradient information to optimize the model effectively [44]. 
MLPClassifier is a powerful classification algorithm that achieves com
plex pattern recognition through multiple layers of non-linear trans
formations. Its core idea is to learn intricate features within the data 
using a deep network structure. The MLPClassifier consists of an input 
layer, one or more hidden layers, and an output layer [45].

2.3.3. Soft voting
Soft Voting is an ensemble learning method used to combine the 

predictions of multiple classifiers to improve classification performance 
[46]. This method calculates the final prediction probability by taking a 
weighted average of the prediction probabilities from all classifiers. The 
core formula of the soft voting model is shown in Eq. (9). 

ŷ = arg maxc

∑n

i=1
wi.Pi(y = c|x) (9) 

The final class prediction is based on the maximum value of the 
weighted average probabilities. In other words, the class with the 
highest predicted probability is selected as the final prediction result. 
Here, ŷ represents the final prediction, c denotes the class, n is the 
number of base models, wi is the weight of the i-th model, and Pi (y = c| 
x) is the probability predicted by the i-th model that the sample belongs 
to class c.

2.3.4. Model evaluation metrics
To comprehensively evaluate our models' performance, we consid

ered five key evaluation metrics based on previous research: sensitivity 
(SN), specificity (SP), overall accuracy (ACC), Matthews correlation 
coefficient (MCC), and area under the curve (AUC) [47–49]. These 
metrics serve as fundamental indicators reflecting the predictor's per
formance across various aspects [50]. The calculation formulas are as 
follows: 

SN =
TP

TP + FN
(10) 

SP =
TN

TN + FP
(11) 

ACC =
TP + FN

TP + TN + FP + FN
(12) 

MCC =
TP × TN − FP × FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP) × (TP + FN) × (TN + FP) × (TN + FN)

√ (13) 

Here, TP, FN, TN, and FP represent the counts of true positives, false 
negatives, true negatives, and false positives, respectively. ACC 

(accuracy) evaluates the model's proficiency in correctly predicting both 
positive and negative samples. SN (sensitivity) and SP (specificity) de
pict the predictor's aptitude in identifying positive and negative samples, 
respectively. MCC (Matthews correlation coefficient) provides a 
balanced assessment of the predictor's performance, considering the 
sample distribution. AUC (area under the curve) reflects the overall ef
ficacy of the model, where higher values signify superior predictive 
performance [51].

Cross-validation, a widely employed statistical strategy for model 
evaluation across various classification problems, entails partitioning 
the datasets into multiple subsets for iterative training and testing. In 
this study, to optimize computational efficiency without compromising 
accuracy, we adopted a 10-fold cross-validation approach. This method 
involved dividing the datasets into ten equally sized folds, iteratively 
training the model on nine folds while using the remaining fold for 
validation, and repeating this process until each fold had served as both 
training and validation data [52]. Subsequently, we assessed the per
formance of our models and compared them with other methodologies 
using independent datasets, ensuring robustness and reliability in our 
evaluation.

2.3.5. Web server development
To make Voting-ac4C more convenient for users and improve its 

practicality, we have developed a user-friendly online server. Biologists 
can use this web server to obtain ac4C modification sites prediction 
results without any complex mathematical calculations. In this process, 
users simply input RNA sequences and submit them to get the desired 
results. The web server is available at http://www.bioai-lab.com/ac4C
and is open and free to everyone.

3. Results and discussion

3.1. Evaluating the impact of RNAErnie on prediction results

In current bioinformatics research, feature encoding methods are 
crucial for the accuracy and effectiveness of RNA sequence analysis. The 
Voting-ac4C model employs RNAErnie along with six traditional feature 
encoding methods to process the original RNA data. To investigate the 
potential advantages of RNAErnie in feature extraction, we compared 
the methods that utilize RNAErnie with those that rely solely on the six 
traditional feature encoding methods. The experimental results, as 
shown in Table 2, the model incorporating RNAErnie exhibits significant 
improvements across all key performance metrics, including sensitivity 
(SN), specificity (SP), accuracy (ACC), Matthews correlation coefficient 
(MCC), and area under the ROC curve (AUC).

These results demonstrate that RNAErnie excels at capturing the 
complex features of RNA sequences, thereby enhancing the model's 
predictive performance. This advantage is likely due to RNAErnie's 
ability to leverage large-scale pre-trained representations of RNA se
quences, which more effectively capture the underlying patterns of RNA 
modifications, surpassing the performance of traditional methods alone. 
Moreover, integrating RNAErnie allows the model to generalize better, 
as it captures both global and local structural features of RNA sequences, 
a task that traditional encoding methods struggle to achieve.

Table 2 
Performance metrics comparison between models using RNAErnie and those not 
using RNAErnie. “Non-RNAErnie” refers to the model using only six traditional 
feature encoding methods (One-hot, ENAC, C2, ND, TPCP and Ksnpf). 
“RNAErnie” refers to the model using a combination of RNAErnie and the six 
traditional encoding methods (One-hot, ENAC, C2, ND, TPCP and Ksnpf). Bold 
values indicate the method that achieves the best performance.

Method SN(%) SP(%) ACC(%) MCC(%) AUC(%)

Non-RNAErnie 80.97 79.89 80.43 60.87 87.92
RNAErnie 85.14 81.15 83.15 66.35 88.73
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In conclusion, the use of RNAErnie not only significantly boosts 
performance but also enriches the model's ability to represent RNA 
sequence features, providing strong evidence of the superiority of the 
RNAErnie pre-trained model in predicting RNA modification sites.

3.2. Comparison with other feature extraction methods

In this study, we combine the transformer-based RNA pre-trained 
model RNAErnie with six traditional feature encoding methods. We 
focus on two main questions: First, does the use of different feature 
encoding methods directly impact the model's performance? Second, are 
combined feature encoding methods more effective? To address these 
questions, we firstly conducted experiments with individual feature 
encodings. And then we performed ablation experiments by combining 
different features to observe their impact on the overall performance of 
the model [47].

We first encoded each feature individually and evaluated the model's 
performance. It can be seen from Table 3 that the RNAErnie method is 
overall superior to traditional feature encoding methods. The superior 
result underscores the strength of RNAErnie as a large language model, 
excelling in capturing more comprehensive features and enabling a 
deeper understanding of RNA sequences compared to traditional 
methods.

After evaluating the performance of individual methods, we began 
exploring the impact of feature combinations on model performance. We 
conducted several combination experiments by progressively adding 
features. The initial feature encoding combination of RNAErnie+Ksnpf 
demonstrated strong performance, indicating that the encoding capa
bility of the RNAErnie pre-trained model provided a solid foundation for 
subsequent feature combinations. In bioinformatics tasks, pre-trained 
models can capture deep-level features of RNA sequences, offering 
valuable information for classification tasks. As more features were 
progressively added, the overall performance of the model showed a 
steady upward trend in Table 4. This suggests that complementary re
lationships may exist among the different features, with each capturing 
unique aspects of the RNA sequences, thus helping the model develop a 
more comprehensive understanding of the data.

The proposed Voting-ac4C model leverages the RNAErnie pre- 
trained model along with six traditional feature encoding methods, 
enabling a more comprehensive feature extraction process. This multi- 
dimensional feature capture ability allows the model to gain a deeper 
understanding of RNA sequences, fully utilizing the advantages of each 
feature type. Consequently, it highlights the superiority of the Voting- 
ac4C model in terms of feature extraction and classification 
performance.

3.3. Comparison with other feature processing methods

In this study, Deep Neural Network (DNN) are employed as a 
dimension reduction technique, effectively mapping high-dimensional 
features to a lower-dimensional space and capturing complex patterns 
within the data. Most RNA modification site prediction models incor
porate feature selection algorithms, which aid in enhancing computa
tional efficiency, eliminating redundant data, and preventing 
overfitting. If Voting-ac4C does not process the integrated features, it is 
likely to lead to dimensionality issues, such as overfitting.

To determine the optimal feature processing method for this model, 
Voting-ac4C evaluated five potential methods: Variance Threshold [53], 
LASSO [54], ANOVA [55], Random Forest (RF) [56], PCA [57], and 
RFECV [58] and DNN. Variance Threshold removed features with a 
variance less than 0.01 to reduce feature redundancy. To maintain 
consistency, the LASSO, ANOVA, RF, and PCA methods filtered out 50 % 
of the feature vectors. Recursive Feature Elimination with Cross- 
Validation (RFECV) method automatically selects the optimal subset 
of features. A detailed introduction to DNN has been provided in section 
2.3.1. All other parameters of the model remained unchanged except for 
the variation in methods. We utilize five evaluation metrics (Sensitivity, 
Specificity, Accuracy, MCC, and AUC) to demonstrate the impact of 
different methods on the prediction results of RNA ac4C modification 
sites.

From Table 5 and Fig. 2, the Deep Neural Network (DNN) demon
strates superior performance across evaluated metrics, particularly in 
Sensitivity (SN) and Area Under the Curve (AUC), reaching 85.14 % and 
88.73 %, respectively. This effectiveness may stem from the DNN's 
ability to transform high-dimensional features into a lower-dimensional 
representation, thereby improving the model's efficiency. Other 
methods, including Random Forest (RF), ANOVA, Variance Threshold, 
LASSO, RFECV and PCA, generally exhibit lower predictive performance 
compared to the DNN method. This may be due to the limitations of 
these methods in the feature processing process, which results in their 
failure to retain features that play a crucial role in prediction, thereby Table 3 

Performance comparison of eleven different individual feature encoding 
methods. RNAErnie refers to the encoding method using a pre-trained large 
model, while the others are traditional feature encoding methods, including 
Ksnpf, ENAC, C2, One-hot, ND, TPCP, Kmer, PCP, PseEIIP and Knfc. Bold values 
indicate the method that achieves the best performance.

Methods SN(%) SP(%) ACC(%) MCC(%) AUC(%)

RNAErnie 80.73 77.69 79.21 58.45 87.55
Ksnpf 76.08 78.26 77.17 54.36 85.42
ENAC 69.38 80.25 74.81 49.93 82.64
C2 64.85 76.63 70.74 41.77 77.15
One-hot 67.21 74.99 71.1 42.33 78.57
ND 65.76 76.81 71.28 42.83 79.13
TPCP 69.02 78.44 73.73 47.67 82.08
Kmer 32.42 68.47 50.45 0.97 51.59
PCP 31.15 68.11 49.63 − 0.77 49.88
PseEIIP 17.21 80.25 48.73 − 3.26 50.94
Knfc 29.16 67.93 48.55 − 3.12 48.87

Table 4 
Performance comparison of RNAErnie combined with different hybrid feature 
encoding methods. Bold values indicate the method that achieves the best 
performance.

Methods SN 
(%)

SP 
(%)

ACC 
(%)

MCC 
(%)

AUC 
(%)

RNAErnie+Ksnpf 81.52 77.89 79.71 59.45 86.80
RNAErnie+Ksnpf+ENAC 81.34 79.34 80.34 60.70 86.97
RNAErnie+Ksnpf+ENAC+C2 81.81 80.61 80.71 61.46 87.00
RNAErnie+Ksnpf+ENAC+C2 +

One-hot
80.25 81.70 80.97 61.96 88.09

RNAErnie+Ksnpf+ENAC+C2 +
One-hot+ND

82.06 80.79 81.43 62.86 82.27

RNAErnie+Ksnpf+ENAC+C2 +
One-hot+ND + TPCP

85.14 81.15 83.15 66.35 88.73

Table 5 
Performance comparison of seven different feature processing methods. DNN 
maps high-dimensional features to a lower-dimensional space. The LASSO, 
ANOVA, RF and PCA methods filtered out 50 % of the feature vectors. RFECV 
method automatically selects the optimal subset of features. Variance Threshold 
removed features with a variance less than 0.01. Bold values indicate the method 
that achieves the best performance.

Method SN(%) SP(%) ACC(%) MCC(%) AUC(%)

DNN 85.14 81.15 83.15 66.35 88.73
RF 79.89 80.79 80.34 60.69 87.21
ANOVA 76.99 82.06 79.52 59.13 86.79
Variance Threshold 77.53 80.97 79.25 58.54 87.02
LASSO 79.16 78.8 78.98 57.97 86.98
RFECV 77.35 77.17 77.26 54.52 85.95
PCA 49.09 92.57 70.83 46.26 84.50
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affecting the overall predictive capability of the model. Collectively, the 
DNN demonstrates its effectiveness in mapping high-dimensional fea
tures to a lower-dimensional space, facilitating the simplification of 
feature representation for subsequent analysis.

3.4. Comparison with other single machine learning cl-assifiers

In constructing the RNA ac4C modification sites prediction model, 
we compared various machine learning classifiers, including XGBoost 
[44], CatBoost, MLP, Logistic Regression (LR), SVM, LightGBM (LGBM), 
Random Forest (RF) and Gradient Boosting (GB) [59]. To further 
enhance prediction performance, we selected the classifiers that per
formed well (with ACC exceeding 82 %)—XGBoost, CatBoost, and 
MLP—to build a soft voting ensemble model.

Table 6 presents the performance of various classifiers in terms of SN, 
SP, ACC, MCC, and AUC metrics. Among the compared models, 
XGBoost, CatBoost, and MLP all demonstrated high ACC and AUC 
values, indicating their strong capability in capturing RNA features. 
XGBoost excelled in ACC and MCC due to its effective handling of high- 
dimensional features. CatBoost slightly outperformed others in AUC, 
attributed to its automatic handling of categorical features and robust 
decision tree structure. MLP achieved the best AUC performance by 
capturing complex relationships in the data through its neural network 
architecture.

It can be observed that LR, SVM, LGBM, RF and GB performed 
slightly worse in various aspects compared to the other three classifiers 
in Fig. 3, and thus were not included in the final ensemble model. 
Overall, XGBoost, CatBoost, and MLP exhibited strong performance 
across multiple metrics, making them ideal candidates for constructing 
the soft voting ensemble model. By combining the prediction 

probabilities of these classifiers, the soft voting method effectively 
enhanced the overall predictive performance of the model, achieving an 
AUC of 88.73 % on the independent testing set, demonstrating excellent 
generalization ability.

3.5. Comparison with other ensemble learning methods

To enhance the model's predictive performance, we compared 
several common ensemble learning methods, including Blending [60], 
Stacking [61,62], Bagging [63], Hard Voting [64], and Soft Voting [38]. 
These ensemble methods offer different ways to leverage the strengths of 
multiple models, and their effectiveness can vary depending on the 
specific characteristics of the datasets and the base models used.

From the Table 7 and Fig. 4, it can be observed that the performance 
of other ensemble learning methods, such as Hard Voting, Bagging, 
Blending and Stacking, is slightly inferior to that of the Soft Voting 
ensemble method. This may be because Hard Voting only considers the 
final predicted class, ignoring the confidence levels of different models, 
potentially leading to information loss. Bagging generates multiple 
models through random sampling, but the simple averaging might fail to 
fully leverage the diversity of models. Blending and Stacking rely on a 
meta-learner, which can increase the complexity of the model and lead 
to overfitting, especially when the dataset is relatively small.

The superiority of the Soft Voting method in our experiments can be 
attributed to its approach of aggregating the predicted probabilities for 
each class from multiple base models. This method leverages the pre
dictive information from each model more comprehensively, effectively 
combining the strengths of different base models and enhancing overall 
prediction performance. Additionally, Soft Voting demonstrates better 
robustness in the face of class imbalance issues by considering the pre
dicted probabilities for each class, rather than simply selecting the most 

Fig. 2. Performance comparison of seven different feature processing 
methods. The radar chart shows that although the Deep Neural Network (DNN) 
is slightly lower than PCA in terms of specificity (SP), overall, the performance 
of DNN is superior to other feature processing methods.

Table 6 
Performance comparison with eight different machine learning classifiers. Bold 
values indicate the method that achieves the best performance.

Method SN(%) SP(%) ACC(%) MCC(%) AUC(%)

XGB 84.23 81.52 82.88 65.78 88.22
CatBoost 83.87 80.97 82.42 64.88 88.46
MLP 83.15 81.15 82.15 64.32 88.86
LR 81.15 80.61 80.88 61.77 88.02
SVM 80.21 77.63 78.92 60.15 84.22
LGBM 79.02 76.51 77.24 57.12 80.14
RF 77.17 76.63 76.9 53.8 85.11
GB 77.35 76.08 76.72 53.44 86.92

Fig. 3. The prediction performance of eight different machine learning 
classifiers. The line chart indicates that XGB (Extreme Gradient Boosting), 
CatBoost (a gradient boosting-based algorithm) and MLP (Multilayer Percep
tron) outperform other classifiers across five metrics.

Table 7 
Performance comparison with five different ensemble learning methods. Bold 
values indicate the method that achieves the best performance.

Methods SN(%) SP(%) ACC(%) MCC(%) AUC(%)

Blending 81.70 79.89 80.79 61.60 88.05
Stacking 83.51 80.43 81.97 63.97 87.84
Bagging 84.96 80.07 82.51 65.11 88.38
Hard Voting 86.23 79.25 82.88 65.90 –
Soft Voting 85.14 81.15 83.15 66.35 88.73
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frequent class.
Overall, Soft Voting outperforms other ensemble learning methods 

across multiple performance metrics. By effectively integrating the 
prediction probabilities from multiple models, it significantly improves 
prediction accuracy and stability. Future work could focus on further 
optimizing the selection and weighting strategies of base models to 
enhance prediction performance even further.

3.6. Comparison with other deep learning methods

In the task of predicting RNA modification sites, the choice of models 
directly affects their performance, which is a significant challenge in this 
field. To evaluate the performance of different models on complex fea
tures, we conducted comparative experiments involving deep learning 
models and their combinations, alongside the proposed soft voting 
ensemble learning model. The soft voting ensemble learning method 
outperforms all individual deep learning models and their combinations 
across several evaluation metrics in Table 8, including accuracy (ACC 
83.15 %), Matthews Correlation Coefficient (MCC 66.35 %) and Area 
Under the Curve (AUC 88.88 %).

In contrast, while individual deep learning models excel in capturing 
local dependencies or sequential features, they still exhibit limitations 
when faced with the complexity and diversity of data features. For 
instance, CNN is adept at capturing local features but lacks the ability to 
model global dependencies [65]. RNN and BiGRU, though effective at 
capturing sequential information, may underperform when handling 
high-dimensional features [66]. Although BiLSTM can capture temporal 
information from both forward and backward directions, its strong 
reliance on temporal dependencies makes it challenging to address non- 
sequential features, along with longer training times and higher 
computational complexity in complex high-dimensional data [65].

Even combinations of deep learning models (such as RNN + CNN or 
RNN + BiLSTM) can enhance performance in certain cases. However, 
they remain constrained by their respective structures and characteris
tics, failing to fully integrate diverse features. Consequently, the ad
vantages of individual deep learning models and their combinations do 
not comprehensively address the complexities of the RNA modification 
site prediction task. The soft voting method effectively addresses these 
shortcomings by integrating various types of models. This approach 
harnesses the complementary strengths of each model, improving pre
dictive accuracy and enhancing the ability to adapt to complex features, 
thereby increasing the model's generalization performance.

3.7. Comparison of existing state-of-the-art methods

To evaluate the performance of the proposed model in RNA ac4C 
modification sites prediction, we chose five benchmark models for 
comparison. These models include PACES, XG-ac4C, iRNA-ac4C, Auto- 
ac4C, and ac4C-AFL. Through this comparison, we aim to demonstrate 
the advantages of the proposed model across various performance 
metrics.

The comparison results with existing methods are summarized in 
Table 9. Our proposed model demonstrates superior performance across 
all evaluation metrics compared to existing models. Conducting 10-fold 
cross-validation on the models yielded evaluation metrics of 89.25 %, 
84.31 %, 86.78 %, 73.66 % and 93.04 % for SN, SP, ACC, MCC, and AUC, 
respectively. Furthermore, evaluation on an independent testing set 
yielded metrics of 85.14 %, 81.15 %, 83.15 %, 66.35 % and 88.73 % for 
SN, SP, ACC, MCC, and AUC, respectively.

It is evident from Fig. 5 that our model outperforms PACES, XG-ac4C, 
iRNA-ac4C, Auto-ac4C, and ac4C-AFL in terms of SN, SP, ACC, MCC, and 
AUC. Regardless of whether employing machine learning or deep 
learning methodologies, our model consistently showcases superior 
predictive capabilities for prediction. These findings underscore the 
stability and superiority of our proposed model, positioning it as an 
effective and invaluable computational tool for discerning RNA-ac4C 
modification sites.

3.8. Model performance evaluation with an additional independent 
testing set

To ensure the robustness of model, we selected a new independent 
testing dataset to validate the performance of Voting-ac4C model. The 
new independent testing dataset includes 467 positive and 467 negative 
samples, sourced from the benchmark datasets used in prior research, 
specifically those curated by Li et al. [9]. This new dataset not only fa
cilitates a more rigorous evaluation of the model's performance but also 
allows for deeper comparisons with other established ac4C site predic
tion models.

Table 10 and Fig. 6 present the performance metrics for each model. 
It is evident that our proposed model, Voting-ac4C, outperforms the 
other models overall. This is because the Voting-ac4C model integrates 
the RNAErnie large model with six traditional feature encoding 
methods, creating a more comprehensive feature extraction framework. 
This integration allows the model to leverage the strengths of various 
methods in feature capture, thereby enhancing its ability to understand 

Fig. 4. Performance Comparison of Four Prediction Metrics for Five 
Different Ensemble Learning Methods. The bar chart illustrates the perfor
mance metrics of various ensemble learning methods, including Blending, 
Stacking, Bagging, Hard Voting and Soft Voting. The Soft Voting method 
demonstrates a slight advantage over the other techniques.

Table 8 
Comparison of performance between the soft voting ensemble learning model 
and various deep learning models. Bold values indicate the method that achieves 
the best performance.

Methods SN 
(%)

SP 
(%)

ACC 
(%)

MCC 
(%)

AUC 
(%)

BiGRU 79.52 76.63 78.07 56.18 82.26
BiLSTM 75.36 81.88 78.62 57.36 82.15
CNN 82.78 74.63 78.71 57.61 84.82
RNN 81.7 78.07 79.89 59.82 86.72
RNN + CNN 81.7 80.25 80.97 61.96 87.78
RNN + BiLSTM 86.23 76.08 81.15 62.64 87.75
RNN + BiGRU 86.23 79.16 82.69 65.56 88.62
RNN + BiLSTM+BiGRU 85.14 79.16 82.15 64.42 88.87
CNN + BiGRU 84.42 78.63 81.52 63.14 88.31
CNN + BiLSTM 82.6 80.79 81.70 63.41 88.52
CNN + BiLSTM+BiGRU 81.88 80.79 81.34 62.68 88.68
RNN + CNN +

BiLSTM+BiGRU 86.23 77.71 81.97 64.18 88.73

Soft Voting 85.14 81.15 83.15 66.35 88.88
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and analyze RNA sequences. Additionally, the soft voting method 
employed by Voting-ac4C combines the predictions from different ap
proaches through weighted aggregation, reducing the bias and uncer
tainty inherent in any single method. This strategy not only improves the 
model's sensitivity and specificity but also ensures robustness in complex 
biological contexts.

As a result, Voting-ac4C achieves a favorable balance between 
sensitivity and specificity, surpassing other models such as PACES, XG- 
ac4C and DeepAc4C, thereby validating its effectiveness and reliability 
on the additional independent testing set. Overall, the Voting-ac4C 
approach demonstrates significant advantages in the prediction of 
RNA modification sites.

3.9. Model visualization proves model performance

In this section, we use Kernel Density Estimation (KDE) plots to 
assess the model's classification performance and generalization ability 
[67]. Figs. 6 respectively show the predicted probability density distri
butions of the model on the training and testing sets. These plots clearly 
illustrate the model's classification performance for the positive class (1) 
and the negative class (0).

In Fig. 7A, the predicted probability density distributions for the 
positive and negative classes are well-separated. The predicted proba
bilities for the positive class are concentrated near 1.0, while those for 
the negative class are clustered around 0.0. This indicates that the model 
demonstrates strong classification ability on the training set and can 
accurately distinguish between positive and negative samples.

In Fig. 7B, the predicted probabilities for the positive and negative 
classes remain concentrated in their respective extreme regions, though 
there is some overlap between the two distributions. This suggests that 
the model's ability to discriminate between classes has decreased on the 
testing set. However, most samples in the testing set are still correctly 
classified, indicating that the model retains good generalization ability.

Overall, these two figures illustrate the model's performance on 
different datasets, demonstrating that the model exhibits high classifi
cation accuracy and robustness during both training and testing phases, 
though there remains room for improvement in its predictive ability on 
unseen data.

Table 9 
Performance comparison with existing methods. Bold values indicate the method that achieves the best performance.

Methods Cross Validation Independent testing

SN(%) SP(%) ACC(%) MCC(%) AUC(%) SN(%) SP(%) ACC(%) MCC(%) AUC(%)

PACES [5] 78.38±
1.86

75.75 ± 2.95 77.06 ± 1.13 54.20 ± 2.19 84.84 ± 1.28 79.71 77.90 78.80 57.62 86.48

XG-ac4C [6] 93.38±
1.23

54.76 ± 2.03 74.07 ± 0.87 52.22 ± 1.62 85.24 ± 1.22 92.57 59.78 76.18 55.42 87.13

iRNA-ac4C [7] 77.02 83.01 80.03 60.1 87.5 76.70 82.91 79.81 59.70 88.00
Auto-ac4C [34] 85.08 ± 4.11 77.01 ± 3.61 81.05 ± 1.58 62.47 ± 3.33 87.97 ± 1.48 82.61 78.80 80.71 61.46 88.94
ac4C-AFL [11] 85.7 81.0 83.3 66.8 90.3 84.4 80.3 82.3 64.7 89.5
Voting-ac4C (proposed) 89.25 84.31 86.78 73.66 93.04 85.14 81.15 83.15 66.35 88.73

Fig. 5. Performance Comparison of different models for ac4C modification 
site prediction on an independent testing set. The proposed model, Voting- 
ac4C, demonstrates superior performance with the largest covered area 
compared to other methods, including PACES, XG-ac4C, iRNA-ac4C, Auto- 
ac4C, and ac4C-AFL.

Table 10 
Performance comparison with four different ac4C site prediction models using 
the additional independent testing set. Bold values indicate the model that 
achieves the best performance.

Model SN(%) SP(%) ACC(%) MCC(%) AUC(%)

PACES 8.12 98.29 53.21 14.84 53.22
XG-ac4C 58.23 94.43 76.33 56.50 76.33
DeepAc4C 82.80 75.58 79.19 58.57 86.49
Voting-ac4C 78.80 80.72 79.76 59.53 86.88

Fig. 6. Performance comparison with four different ac4C site prediction 
models using the additional independent testing set. The bar chart illus
trates that while the proposed model, Voting-ac4C, does not achieve optimal 
results in individual metrics such as SN (Sensitivity) and SP (Specificity), it 
demonstrates superior overall performance compared to other models, 
including PACES, XG-ac4C, and DeepAc4C.
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4. Conclusion

This study presents an innovative model, Voting-ac4C, for predicting 
RNA N4-acetylcytidine (ac4C) modification sites. The model encodes 
data using RNAErnie and six traditional feature encoding methods, 
followed by dimension reduction through a Deep Neural Network 
(DNN). The features are then input into a soft voting ensemble learning 
model. Through ten-fold cross-validation and independent testing, the 
Voting-ac4C model outperformed existing state-of-the-art models across 
all metrics, demonstrating its exceptional performance in predicting 
RNA modification sites.

The innovation of this method lies in its novel integration of the 
RNAErnie pre-trained model with various traditional feature encoding 
methods, resulting in a multidimensional feature representation. 
RNAErnie, designed specifically for RNA sequences, effectively captures 
contextual information, thereby enhancing the accuracy of ac4C modi
fication site predictions. However, reliance solely on the large model 
cannot comprehensively reflect all features of RNA sequences. There
fore, this study combines RNAErnie with six traditional feature encoding 
methods (One-hot, ENAC, C2, ND, TPCP, and Ksnpf), preserving the 
global feature extraction capabilities while also capturing sequence 
details through traditional encoding. Additionally, we employed a soft 
voting method that aggregates the predictions from multiple classifiers, 
effectively reducing the bias of individual models and achieving more 
stable predictions when handling complex data. Overall, the Voting- 
ac4C model demonstrated good robustness and generalization ability 
in predicting RNA N4-acetylcytidine (ac4C) modification sites and per
formed excellently in all aspects.

Although the Voting-ac4C model has shown notable success in pre
dicting RNA modification sites, there are still some limitations that need 
to be addressed. Firstly, the selected feature encoding methods may not 
fully capture all biological factors influencing RNA modification sites, 
potentially limiting the model's ability to recognize certain key features. 
Future research could explore more comprehensive and diverse feature 
encoding [68,69] approaches to enhance model performance. Addi
tionally, although the model demonstrates strong computational results, 
the lack of experimental validation of its biological applicability may 
affect its practical utility. Future work will aim to address this limitation 
by conducting further experimental validation to strengthen the model's 
biological relevance.
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