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A B S T R A C T

Despite progress in developing antiviral drugs and vaccines, infections continue to be a significant challenge. 
Interleukin-4 (IL-4) is crucial for regulating immune responses and mediating allergic reactions. This research 
aims to improve the predictive accuracy of IL-4-inducing peptides by tackling data imbalance and enhancing 
feature extraction. Specifically, we introduce a new approach that utilizes SMOTE and ENN for balancing the 
dataset and applies a 30-layer ESM-2 model for extracting deep features. The extracted features are subsequently 
processed through a Gated Recurrent Unit (GRU) model, which is optimized through hyperparameter tuning. Our 
method achieves notable improvements, with an AUC of 0.98 and an accuracy of 93.1 %, highlighting its po
tential to support future immunotherapy and vaccine development efforts. The PLM-IL4 web server is freely 
accessible at http://www.bioai-lab.com/PLM-IL4, and the datasets used in this research are also available for 
download from the website.

1. Introduction

In the immune system, interleukin-4 (IL-4) is fundamental to several 
biological processes, especially in modulating allergic responses and 
regulating immune functions. IL-4 interacts with CD4 + T cells, facili
tating the differentiation of helper T cells (Th cells) into Th2 cells. This 
differentiation, in turn, stimulates B cell proliferation and differentia
tion, culminating in antibody class switching and IgE production (Gause 
et al., 2013; Lambrecht and Hammad, 2015). Additionally, IL-4 is 
pivotal in the proliferation and differentiation of antigen-presenting 
cells, essential for controlling inflammatory responses and maintaining 
immune balance (Pulendran and Ahmed, 2011; Germain, 2002). Given 
the importance of IL-4 in diseases such as asthma, allergic inflammation, 
cancer, and autoimmune disorders, identifying peptides that induce IL-4 
production has substantial scientific and clinical value (Chen, 2016; Zhu 
and Paul, 2010). The major histocompatibility complex (MHC) mole
cules play a key role in processing and presenting antigens on the cell 
surface, thereby facilitating immune responses against pathogens. 

Exogenous antigens undergo lysosomal processing before being pre
sented by MHC class II molecules. The MHC class II-associated peptides 
subsequently bind to CD4 + T cells, initiating cytokine secretion that 
guides the differentiation of Th cells into Th1, Th2, Th17, or iTregs (Vyas 
et al., 2008; Blum et al., 2013; Li et al., 2019). Among these, IL-4 is the 
primary cytokine secreted by Th2 cells, counteracting Th1-triggered 
pro-inflammatory responses and significantly influencing various im
mune cells (Lee, 2006; Ma, 2012). IL-4 not only enhances cytotoxic T cell 
activity and promotes T cell proliferation in vitro but also supports 
CD8 + cell growth, regulates macrophage phenotypes, and promotes 
tissue repair and homeostasis (Agarwal and Rao, 1998; Zhu et al., 2009).

Although experimental validation is the most reliable method for 
identifying IL-4-inducing peptides, it is also time-consuming, laborious, 
and expensive (Barneh et al., 2024; Mehta et al., 2023). Given the large 
number of potential antigens and their fragments, developing systematic 
computational approaches for preliminary pathogen proteome 
screening is essential (Ali, 2019; Bhasin and Raghava, 2007). Over the 
past decades, significant efforts have been directed toward creating 
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software programs, tools, online servers, and databases to assist re
searchers in designing and selecting antigens that activate different 
components of the host immune system, including cellular, innate, and 
humoral immunity (Jespersen, 2017; Vita, 2015; Dhanda, 2019). The 
advent of machine learning and artificial intelligence has driven 
remarkable advancements in medical imaging and bioinformatics, 
contributing to improvements in antigen prediction techniques (Ao 
et al., 2022; Rao et al., 2024; Tarca, 2007; Yan et al., 2024a,b). Notably, 
the Raghava team has developed several cytokine-specific prediction 
tools, such as IL-4-Pred, IL-10-Pred, and IL-6-Pred, which have shown 
enhanced predictive performance to some extent. Recent advancements 
in deep learning and natural language processing, especially with the 

advent of transformer models, have shown considerable potential in 
enhancing the predictive performance of bioinformatics applications 
(Dhanda et al., 2013a; Kumar et al., 2006; Xiao et al., 2024; Fu et al., 
2024; Li et al., 2024). However, existing advanced methods, such as 
IL-4-Pred (Dhanda et al., 2013b), although providing acceptable pre
diction accuracy, still face challenges related to data imbalance and 
model complexity, which limit their applicability in immunotherapy. 
Meta-IL4 employed ensemble learning to predict IL-4-inducing peptides; 
however, its dependence on manual feature extraction reduced inter
pretability, and the overall performance of the machine learning models 
remained suboptimal (Hassan et al., 2023; Liu et al., 2023).

To improve the prediction accuracy and applicability of IL-4- 

Fig. 1. Overview of the PLM-IL-4 Model Framework. (A) Illustrates the dataset preparation process, including data splitting in an 8:2 ratio and balancing using 
SMOTE and ENN. (B) Details the feature extraction using ESM-2 and the model construction process (C) Demonstrates the GRU’s mechanism for capturing sequence 
dependencies and classifying peptides as IL-4 inducing or non-IL-4 inducing. (D) Shows the fully connected layer responsible for the final classification. (E) Depicts 
the deployment of the PLM-IL-4 web server, which provides predictions for the IL-4 inducing potential of input peptide sequences.
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inducing peptides, we introduce an optimized method utilizing the ESM- 
2 protein language model (Geng et al., 2025). This method incorporates 
ENN (Edited Nearest Neighbors) and SMOTE (Synthetic Minority 
Over-sampling Technique) for data preprocessing to handle class 
imbalance and employs a 30-layer ESM-2 model for extracting deep 
features. The extracted features are subsequently input into a Gated 
Recurrent Unit (GRU) network, which includes multiple GRU layers 
integrated with dropout and batch normalization, followed by fully 
connected layers with dropout. The model is trained through hyper
parameter tuning and learning rate scheduling to optimize its perfor
mance. Our objective is to develop a more efficient and robust prediction 
model to support future immunotherapy and vaccine development.

2. Materials and methods

Fig. 1 provides an overview of the IL4-ESM2 model framework for 
predicting IL-4 inducing peptides. In Fig. 1A, the dataset preparation 
process is illustrated, starting with the initial dataset obtained from 
IEDB, which includes 985 IL-4 inducing peptides (positive dataset) and 
774 non-IL-4 inducing peptides (negative dataset). The dataset was split 
into training and testing sets in an 8:2 ratio, resulting in 773 positive and 
629 negative sequences in the training set, and 207 positive and 145 
negative sequences in the test set. To address class imbalance, SMOTE 
(Synthetic Minority Over-sampling Technique) was applied to generate 
synthetic samples, while ENN (Edited Nearest Neighbors) was used to 
remove unrepresentative instances. This process produced a balanced 
training set, containing 773 sequences in each class, and a test set with 
145 sequences per class.

Fig. 1B details the model construction, beginning with the tokeni
zation of peptide sequences, followed by generating word and positional 
embeddings. These embeddings are then fed into the 30-layer ESM-2 
Transformer, which extracts deep contextual features. The extracted 
features undergo an attention mechanism and are processed by a feed- 
forward network before being passed into a Gated Recurrent Unit 
(GRU), as depicted in Fig. 1C. The GRU leverages reset and update gates 
to capture long-term dependencies within the sequential data, ulti
mately classifying sequences as IL-4 inducing or non-IL-4 inducing.

Fig. 1D presents the fully connected layer, which is responsible for 
final classification. Fig. 1E illustrates the deployment of the PLM-IL-4 
web server, offering a user-friendly platform where researchers can 
input peptide sequences in FASTA format and receive predictions 
regarding their IL-4 inducing potential. This platform is designed to 
streamline peptide analysis, providing efficient and accessible tools for 
researchers and practitioners.

2.1. Dataset

The dataset for this study was obtained from Meta-IL4 and down
loaded via the IEDB. It includes 985 IL-4 inducing peptides and 774 non- 
IL-4 inducing peptides. The dataset was split into training and testing 
sets in an 8:2 ratio, resulting in 773 positive and 629 negative sequences 
in the training set, and 207 positive and 145 negative sequences in the 
test set. To alleviate class imbalance in the training set, SMOTE was 
initially applied to oversample the minority class, thereby increasing its 
size through synthetic samples. Subsequently, ENN was utilized to 
further clean the data by removing unrepresentative or potentially noisy 
samples. Notably, the minority class was augmented significantly due to 
synthetic sample generation, whereas the majority class slightly 
decreased in number due to the removal of potentially noisy or anom
alous instances, resulting in a cleaner and more representative dataset 
overall. This combined approach effectively addresses class imbalance, 
reduces negative impacts from noise samples, and enhances model ac
curacy and generalization capacity. Finally, random undersampling was 
applied to ensure strict class balance in both classes. To facilitate a 
balanced evaluation and enable a more intuitive comparison of model 
performance metrics, random undersampling was also employed on the 

test set to achieve equal representation of each class.
Fig. 2 illustrates the distribution of protein sequence lengths within 

the dataset analyzed in this study. The data shows that the majority of 
protein sequences fall within the range of 10–25 amino acids. Notably, 
sequences with lengths of 10, 15, and 20 amino acids are more 
frequently represented, indicating that these lengths are predominant in 
our dataset. This distribution reflects typical protein fragment sizes 
found in biological systems, which is advantageous for training deep 
learning models. Training on sequences of these prevalent lengths is 
expected to enhance the model’s generalization ability, making it more 
applicable to real-world biological data.

2.2. ESM-2

Feature extraction was performed using a 30-layer ESM-2 model, a 
state-of-the-art deep learning model specifically designed for protein 
sequence analysis. The ESM-2 model, based on the transformer archi
tecture, effectively captures complex patterns and relationships within 
biological sequences. By leveraging deep learning, the ESM-2 model 
generates rich feature representations that improve the accuracy of 
downstream tasks, including protein function prediction, structural 
analysis, and interaction studies (Lv et al., 2025).

The ESM-2 model utilized in this study was pretrained on a large 
dataset of protein sequences, enabling it to learn comprehensive repre
sentations that generalize well to new, unseen data. The 30-layer ar
chitecture allows the model to capture both local and global sequence 
features, providing a robust foundation for subsequent classification 
tasks. Feature extraction involves processing each protein sequence 
through the ESM-2 model to obtain a fixed-dimensional embedding, 
which is then used as input for the GRU-based classifier described in the 
subsequent sections.

2.3. Model Architecture

In this study, we developed a deep learning model based on GRU to 
predict IL-4 inducing peptides. GRU is a type of Recurrent Neural 
Network (RNN) (Qiao et al., 2023) particularly effective for sequential 
data, making it ideal for tasks like time series analysis and natural lan
guage processing (Yuan et al., 2024). To enhance model performance 
and generalization, we optimized hyperparameters and employed 
various regularization techniques.

The model begins with an input layer, where the input dimension 
corresponds to the feature vector length, derived from protein sequences 
using the ESM-2 model. The GRU layer forms the core of the model, 
utilizing gating mechanisms to effectively capture long-term de
pendencies in sequential data. Multiple GRU layers are employed to 
further improve representational capacity (Chung, 2014).

Key components of each GRU layer include the number of units, 
hyperparameter-tuned between 50 and 300, and a configuration to re
turn sequences (except for the final layer) to retain sequential infor
mation across the network. L2 regularization (including kernel, 
recurrent, and bias regularization) is used to mitigate overfitting. 
Furthermore, recurrent dropout is applied to randomly drop neurons 
during the training process, thereby improving the generalization 
capability of the model.

After each GRU layer, we employ batch normalization to standardize 
the data, reduce internal covariate shifts, and accelerate training while 
enhancing model stability. The batch normalization is defined by: 

x̂(k)
=

x(k) − μB
(k)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(σB(k) )
2

√

+ ϵ
(1) 

Where μ（k）
B and σ（k）

B arepresent the mean and standard deviation of 
the k-th feature in mini-batch B, and ϵ is a small constant used to avoid 
division by zero.
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Dropout layers were added after each GRU and dense layer, with 
dropout rates between 0.1 and 0.5, optimized through hyperparameter 
tuning (Srivastava, 2014). The purpose of dropout is to prevent over
fitting by randomly deactivating a subset of neurons during training.

After the GRU layers, several dense layers were incorporated to 
extract features and carry out classification, with the number of neurons 
ranging from 32 to 256, determined through hyperparameter tuning. 
The output of a dense layer can be expressed as: 

y(l) = f
(
W(l)x(l) )+ bl (2) 

where f is the activation function, W(l) is the weight matrix, and bl is the 
bias vector.

The output layer consists of a dense layer using a sigmoid activation 
function, which generates binary classification outcomes (0 or 1). The 
sigmoid function maps output values between 0 and 1, representing the 
predicted probability. 

ŷ = σ(Wouth+ bout) (3) 

where σ is the sigmoid function, and Wout and bout are the weight 
matrix and bias vector of the output layer.

During model compilation, both Adam and RMSprop optimizers 
were evaluated, and the optimal one was chosen through hyper
parameter tuning. Binary cross-entropy was used as the loss function, 
with accuracy serving as the performance metric (Kingma et al., 2014). 
The binary cross-entropy loss is defined as: 

loss = −
1
N

∑N

i=1
(yilog(ŷi)+ (1 − yi)log(1 − ŷi)) (4) 

where yi represents the true labels, ŷi represents the predicted proba
bilities, and N is the number of samples.

Hyperparameter tuning was conducted using the keras_tuner library, 
employing Bayesian optimization to identify the optimal parameter 
combinations, including the quantity of GRU layers, units per GRU layer, 

dropout rates, the count of dense layers, neurons per dense layer, and the 
type of optimizer used (Snoek et al., 2012; Jiao et al., 2024). To mitigate 
overfitting and enhance generalization during model training, several 
callback functions were utilized. EarlyStopping tracked validation loss 
and halted training when no further improvement was observed 
(Prechelt, 2002). LearningRateScheduler adjusted the learning rate 
adaptively based on the number of training epochs (Bengio, 2012). 
ReduceLROnPlateau reduced the learning rate when the validation loss 
stabilized, fostering better convergence (Zeiler, 2012).

2.4. Evaluation Metrics

To assess the model’s performance, multiple widely used metrics 
were applied, including Precision (Pre), Recall (Rec) or Sensitivity (SE), 
F1 Score, Specificity (SP), Balanced Accuracy (BACC), Overall Accuracy 
(ACC), Matthews Correlation Coefficient (MCC), and Area Under the 
Curve (AUC) (Zhou et al., 2024; Wang et al., 2024). The definitions and 
corresponding formulas for these metrics are provided below: 

ACC =
TP + TN

TP + FN + FP + TN
(5) 

SE =
TP

TP + FN
(6) 

SP =
TN

TN + FP
(7) 

Precision =
TP

TP + FP
(8) 

F1 = 2 ×
Pre × Rec
Pre + Rec

(9) 

MCC =
(TP × TN) − (FP × FN)

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

√ (10) 

Fig. 2. Sequence lengths distribution of IL-4 inducing peptide and non-IL-4 inducing peptide.
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In these equations, TP stands for true positives, FP for false positives, 
TN for true negatives, and FN for false negatives. The AUC evaluates the 
model’s overall performance across various classification thresholds, 
yielding a single scalar value that encapsulates the classifier’s effec
tiveness. These performance metrics provide a thorough assessment of 
the model’s classification capability, aiding in identifying its strengths as 
well as areas needing further enhancement.

3. Results and discussion

3.1. Performance analysis

In Fig. 3, the bar chart presents a detailed comparison of the per
formance across six model architectures: LSTM+FC, GRU+FC, 
CNN+FC, and their respective variants integrated with attention 
mechanisms. The analysis reveals that the GRU+FC model consistently 
outperforms the others, demonstrating superior predictive accuracy and 
robustness, positioning it as the most favorable model in this study for 
predicting IL-4 inducing peptides.

The incorporation of attention mechanisms, particularly in the 
GRU+FC+Attention model, results in improvements in specific metrics 
such as Specificity (SP) and Precision. Despite these enhancements, the 
GRU+FC model maintains superior overall performance across most 
metrics, including Accuracy (ACC), Sensitivity (SN), Matthews Corre
lation Coefficient (MCC), and Area Under the Curve (AUC). This analysis 
underscores the effectiveness of the GRU+FC architecture, establishing 
it as the optimal model for predicting IL-4 inducing peptides and sup
porting future research in immunotherapy and vaccine development.

3.2. Comprehensive analysis of model uncertainty, stability, and 
performance across subsets

Using entropy as a measure, we analyzed the model’s uncertainty 
(see Fig. 4A). The results indicate that most samples have an entropy 
value close to zero, suggesting high confidence in the model’s pre
dictions. A small subset of samples exhibits entropy values ranging from 
0.1 to 0.7, indicating the presence of more complex features, which 
cause the model to display appropriate uncertainty during predictions 

(Gal and Ghahramani, 2016; Hendrycks and Gimpel, 2016).
Fig. 4B presents a comparison between the original sample and a 

perturbed sample. The perturbed sample was generated by adding 
random noise with a mean of 0 and a standard deviation of 0.1 to a test 
dataset sample, and the predictions for both the original and perturbed 
samples were recorded and compared. Despite the added noise, the 
overall trends remained consistent between the original and perturbed 
samples, demonstrating the model’s robustness and stability in main
taining accurate predictions even with minor data variations 
(Lakshminarayanan et al., 2017).

Fig. 4C evaluates the performance of the trained GRU model across 
different test subsets using metrics such as Accuracy, Precision, Recall, 
F1 Score, Matthews Correlation Coefficient (MCC), and ROC-AUC. The 
analysis revealed some variations in performance across the subsets, 
with Subset 2 demonstrating superior performance in most metrics, 
particularly in Precision and Recall. Although MCC values were slightly 
lower, the model’s performance remained stable, particularly in key 
metrics such as Accuracy and ROC-AUC.

Lastly, Fig. 4D presents a radar chart comparing the PLM-IL-4 model 
with the Meta-IL4 model across multiple performance metrics. The radar 
chart shows that the PLM-IL-4 model outperforms the Meta-IL4 model in 
most metrics, particularly in Specificity (SP), Matthews Correlation 
Coefficient (MCC), and AUC. These results indicate that the PLM-IL-4 
model not only has an advantage in prediction accuracy but also ex
hibits greater robustness and reliability across critical performance 
metrics.

3.3. Performance evaluation of the PLM-IL-4 model against other 
predictors

The PLM-IL-4 model demonstrates significant improvements across 
several key performance metrics compared to the Meta-IL4 model, 
underscoring its superior predictive capabilities and robustness. Spe
cifically, the accuracy of the PLM-IL-4 model increases by 2.7 percentage 
points, indicating stronger overall prediction performance and more 
reliable classification results when identifying IL-4 inducing peptides. 
Additionally, the specificity of the PLM-IL-4 model improves by 9.08 
percentage points, highlighting its enhanced ability to accurately 

Fig. 3. The bar chart presents a comparison of six model architectures: LSTM+FC, GRU+FC, CNN+FC, and their corresponding variants with attention mechanisms.
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identify true negatives and significantly reduce false positives, which is 
crucial for improving reliability in distinguishing between different 
classes. Table 1

The model also shows substantial improvement in the MCC, which 
increases by 6.94 percentage points, indicating more balanced perfor
mance across true positives, true negatives, false positives, and false 
negatives. This further supports the PLM-IL-4 model’s capacity to 
deliver more reliable and interpretable classification outcomes. 
Furthermore, the Area Under the Curve (AUC) score rises by 0.96 per
centage points, demonstrating the model’s superior ability to distinguish 
between classes across various decision thresholds.

The radar chart in Fig. 4D visually compares the performance of 
PLM-IL-4 and Meta-IL4 across several metrics. The PLM-IL-4 model 
shows clear superiority in terms of specificity, MCC, and AUC, sug
gesting that it not only provides more accurate predictions but also 
maintains robustness and balance in classification results. This com
parison illustrates how PLM-IL-4 achieves a more stable and reliable 
prediction profile, enhancing its practical value in predicting IL-4 
inducing peptides. In conclusion, these improvements establish the 
PLM-IL-4 model as a more reliable and robust tool, offering valuable 
insights for future research in immunotherapy and vaccine 
development.

3.4. Webserver construction

To facilitate practical applications, we developed a user-friendly web 
server for predicting IL-4 inducing peptides using the PLM-IL-4 model. 
The PLM-IL-4 web server, along with data resources and code, is freely 
accessible at http://www.bioai-lab.com/PLM-IL4. Users can input pep
tide sequences to receive predictions regarding their IL-4 inducing po
tential. The server features a simple interface that supports both single 
and batch sequence submissions. It efficiently processes requests and 
returns results, including probability scores and key metrics such as 
accuracy and specificity. This tool aims to assist researchers in con
ducting bioinformatics analyses, ultimately supporting immunotherapy 
and vaccine development.

4. Conclusion

In conclusion, the integration of the 30-layer ESM-2 model for 
feature extraction with the GRU-based architecture has significantly 
improved the prediction of IL-4 inducing peptides. The proposed model 
achieves superior performance, including an AUC of 0.9867 and an ac
curacy of 93.1 %, outperforming existing methods such as IL-4-Pred and 
Meta-IL4. These results demonstrate the effectiveness of leveraging 
advanced deep learning techniques for protein sequence analysis and 
underscore their potential to enhance immunotherapy and vaccine 
development.

The robustness and reliability of the model were validated through 
extensive experimentation and rigorous evaluation, confirming its 
suitability for practical applications in computational immunology. 
Future work will focus on further refining the model and exploring its 

Fig. 4. Comprehensive analysis of model performance and uncertainty. (A) Model Uncertainty Distribution based on entropy values, indicating high confidence in 
most predictions with some samples showing appropriate uncertainty. (B) Comparison between the original and perturbed samples, demonstrating the model’s 
stability in predictions despite the introduction of noise. (C) Performance evaluation of the GRU model on different test subsets, showing Subset 2’s superior per
formance in most metrics, especially in Precision and Recall. (D) Radar chart comparing the PLM-IL-4 model with Meta-IL4 across multiple performance metrics, 
highlighting PLM-IL-4’s overall superior performance, particularly in Specificity (SP), Matthews Correlation Coefficient (MCC), and AUC.

Table 1 
Performance comparison between the PLM-IL-4 and Meta-IL4 models.

ACC SN SP MCC AUC F1 precision

Meta-IL4 90.7 93.54 85.41 79.3 * * *
PLM-IL− 4 93.1 91.72 94.48 86.24 98.67 93.01 94.33

"Note: Values marked with * indicate data that is not disclosed in this article."
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applicability to other cytokines and immune responses, paving the way 
for more comprehensive and accurate predictive tools in bioinformatics.
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