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Identifying essential proteins is of utmost importance in the field of biomedical research due to their essential 
functions in cellular activities and their involvement in mechanisms related to diseases. In this research, a 
novel approach called AttentionEP for predicting essential proteins (EP) is introduced by attention mechanisms. 
This method leverages both cross-attention and self-attention frameworks, focusing on enhancing prediction 
accuracy through the integration of features across diverse scales. Spatial characteristics of proteins are obtained 
from the protein-protein interaction (PPI) network by employing Graph Convolutional Networks (GCN) and 
Graph Attention Networks (GAT). Following this, Bidirectional Long Short-Term Memory networks (BiLSTM) 
are employed to derive temporal features from gene expression datasets. Furthermore, spatial characteristics are 
derived by integrating data on subcellular localization with the application of Deep Neural Networks (DNN). In 
order to effectively integrate features across multiple scales, initial steps involve the application of self-attention 
techniques to derive essential insights from each unique data set. Following this, mechanisms involving self-

attention and cross-attention are employed to enhance the interaction between diverse information sources. 
To identify essential proteins, a classifier based on the ResNet architecture is developed. The findings from 
the experiments indicate that the method introduced here shows superior performance in identifying essential 
proteins, recording an Area Under the Curve (AUC) value of 0.9433. This approach shows a considerable 
advantage over established techniques. The findings of this study provide a significant advancement in the 
comprehension of critical proteins, revealing promising potential for applications in the development of 
therapeutics and addressing various diseases.
1. Introduction

Essential proteins are vital for cellular life, as they participate in key 
biological processes. These proteins are not only integral to maintaining 
cellular functions, but are also pivotal in the manifestation and progres-

sion of diseases [1]. Therefore, accurately identifying essential proteins 
is a cornerstone in the fields of molecular biology and bioinformatics to 
aid in drug discovery and provide insights into disease treatment strate-

gies [2,3].

The task of essential protein identification has traditionally been 
approached through various experimental techniques, which are often 
labor-intensive, time-consuming, and costly [4,5]. This has led to in-

creased interest in developing more efficient computational methods 
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for predicting essential proteins [6–10]. For the identification of es-

sential proteins, these approaches integrate various biological datasets, 
including networks of protein interactions, profiling of gene expression, 
and data regarding subcellular locations [11,12]. However, despite the 
progress made, many existing computational approaches face challenges 
in effectively integrating multiscale and multi-domain features, often re-

sulting in suboptimal prediction performance.

To tackle these obstacles, various computational techniques have 
been developed. Initial investigations largely concentrated on the struc-

tural characteristics obtained from PPI networks, employing metrics 
such as degree, betweenness, and closeness centralities to identify es-

sential proteins. While these strategies yielded important findings, they 
frequently encountered restrictions stemming from their focus solely on 
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Fig. 1. Flowchart of the Proposed Model AttentionEP.
network structure, neglecting essential biological data found in vari-

ous other sources and fields [13–17]. Although these methods provided 
valuable insights, they often suffered from limitations due to their re-

liance on network topology alone, overlooking critical biological infor-

mation embedded in other data sources and domains.

To overcome these limitations, recent methods incorporate subcel-

lular localization data and gene expression for better predictions [18]. 
For instance, Li et al. introduced a method using dynamic thresholding 
for gene expression binarization and combining centrality and Jaccard 
index to score interaction network proteins to enhance prediction ac-

curacy [19]. Similarly, Zeng et al. introduced DeepEP by node2vec to 
automatically capture features of proteins [20].

Recently, deep learning methods have gained prominence in essen-

tial protein prediction. These methods excel by modeling complex, non-

linear biological data relationships [21]. For example, A deep learning 
framework with node2vec and BiLSTM characterized features for essen-

tial proteins [22]. Yue et al. used node2vec and depthwise separable 
convolution to predict essential proteins [23]. Li et al. introduced EP-

EDL, which uses protein sequences and multiscale text CNNs for feature 
extraction to predict human essential proteins [21].

Moreover, attention mechanisms have gained popularity in computa-

tional biotechnology for focusing on relevant features in large datasets. 
Li et al. introduced DeepCellEss based on sequence information using 
CNN, BiLSTM, and multi-head self-attention for interpretability [24]. 
Despite significant advancements in computational methods for essen-

tial protein prediction, accurately identifying these crucial proteins re-

mains a challenge. This challenge arises from integrating complex, di-
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verse biological data sources, each providing unique insights into pro-
tein function and importance. Traditional methods often struggle with 
this integration, leading to suboptimal prediction performance. In this 
study, we address these challenges by proposing a novel essential pro-

tein prediction model called AttentionEP (Fig. 1). Our model leverages 
the strengths of both cross-attention and self-attention mechanisms to 
achieve more precise and reliable identification of essential proteins. 
AttentionEP integrates multiscale features from PPI networks, gene ex-

pression, and subcellular localization using advanced deep learning. We 
use GCNs and GATs to capture local and global structural information 
from PPI data. BiLSTMs and multi-head attention (MHA) are employed 
to extract dynamic temporal features from gene expression data, while 
DNNs are applied to elucidate spatially related features from subcellular 
localization data. To address the challenge of multiscale feature inte-

gration, our approach uses self-attention to refine multiscale features 
within each data domain. We then use cross-attention mechanisms to 
seamlessly integrate these refined features across different domains and 
scales. This comprehensive and multiscale feature fusion enables our 
model to capture complex interactions and dependencies among fea-

tures, resulting in a significant enhancement in prediction performance. 
Our experimental validation shows that AttentionEP achieves an impres-

sive AUC value of 0.9433. Our results highlight the effectiveness of our 
model in essential protein prediction, offering potential applications in 
drug discovery and disease treatment. This research provides new in-

sights that could drive advancements in bioinformatics and molecular 

biology.
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2. Methods

2.1. Protein network structural feature extraction based on GCN and GAT

We utilize a combined GCN and GAT approach to extract structural 
features from the PPI network. The rationale for this combination lies in 
the complementary strengths of both methods. GCNs effectively capture 
local topological information by aggregating features from neighboring 
nodes. However, GCNs treat all neighboring nodes equally, which may 
overlook the varying significance of different neighbors. On the other 
hand, GATs overcome this limitation by assigning varying weights to 
neighboring nodes based on their importance, enabling detailed feature 
extraction. Together, GCNs capture local patterns, while GATs enhance 
this by emphasizing relevant neighbors, improving complex relationship 
capture in PPI networks.

2.1.1. Component of graph convolution networks (GCN component)

Considering the adjacency matrix 𝐴 associated with the PPI network 
along with the characteristics of the proteins with the protein feature 
matrix 𝑋𝑃 , the operation of convolution on graphs at the 𝑙-th layer can 
be articulated as follows.

𝐻 (𝑙+1) = 𝜎
(
𝐴̂𝐻 (𝑙),𝑊 (𝑙)) , (1)

where 𝐻 (𝑙) ∈ℝ𝑁×𝐹 represents the feature matrix input at the 𝑙-th layer, 
𝐴̂ =𝐷− 1

2𝐴𝐷− 1
2 signifies the normalized adjacency matrix, 𝐷 refers to 

the degree matrix, 𝑊 (𝑙) ∈ℝ𝐹×𝐹 ′
denotes the learnable weight matrix at 

the 𝑙-th layer, 𝐹 ′ indicates the output feature dimensions, and 𝜎 repre-

sents the activation function, which is generally ReLU (Rectified Linear 
Unit).

Note that 𝐻 (0) can be initialized with the protein feature matrix 
𝑋𝑃 . The PPI network encompasses characteristics such as Closeness 
Centrality, Betweenness Centrality, and Eigenvector Centrality for each 
individual protein, as delineated in (2), (3), (4), and (5), respectively. 
Through this graph convolution operation, the network can learn to ag-

gregate local neighborhood information and update the node features 
iteratively, capturing deeper structural patterns in the PPI network.

We design a two-layer GCNs to extract features. 𝜎𝑠𝑡(𝑖) is the number 
of those paths that pass through node 𝑖.

Degree Centrality (DC), Closeness Centrality (CC), Betweenness Cen-

trality (BC), and Eigenvector Centrality (𝑣) are defined as

DC𝑖 = deg(𝑖), (2)

CC𝑖 =
1∑

𝑗≠𝑖 𝑑(𝑖, 𝑗)
, (3)

BC𝑖 =
∑
𝑠≠𝑖≠𝑡

𝜎𝑠𝑡(𝑖)
𝜎𝑠𝑡

, (4)

𝑣 = 1
𝜆
𝐴𝑣, (5)

where 𝑑𝑒𝑔(𝑖) signifies the total connections node 𝑖 has, 𝑑(𝑖, 𝑗) indicates 
the minimum distance that exists between nodes 𝑖 and 𝑗, and the sum 
in the denominator considers all nodes except 𝑖 itself. Additionally, 𝜎𝑠𝑡
represents the overall count of the shortest paths connecting nodes 𝑠
and 𝑡, whereas 𝜎𝑠𝑡(𝑖) specifically indicates the count of those paths that 
traverse through node 𝑖. Moreover, 𝑣 is the eigenvector that corresponds 
to the largest eigenvalue 𝜆.

2.1.2. Graph attention layer (GAT layer)

The GAT Layer operates by dynamically adjusting the weights as-

signed to neighboring nodes during the process of aggregation, with 
the aim of enhancing the representation of the graph structure. The 
GAT layer takes as input the features produced by the GCN, denoted 
as 𝐻 (2) ∈ ℝ𝑁×𝐹 ′

. This layer utilizes an attention-based mechanism to 
generate weighted feature representations, which allows the model to 
4317

highlight and focus on the adjacent nodes that are most relevant. The 
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representation of features obtained from the GAT layer is characterized 
as

ℎ𝑖 = 𝜎
⎛⎜⎜⎝

∑
𝑗∈ (𝑖)

𝛼𝑖𝑗𝑊 ℎ𝑗

⎞⎟⎟⎠ , (6)

where, ℎ𝑖 and ℎ𝑗 signify the input feature vectors corresponding to node 
𝑖 and one of its neighboring nodes 𝑗, respectively. 𝑊 represents a train-

able weight matrix that transforms these feature vectors.  (𝑖) refers 
to the set of neighboring nodes that are directly linked to node 𝑖. Ad-

ditionally, the term 𝛼𝑖𝑗 reflects the attention weight that establishes a 
connection between nodes 𝑖 and 𝑗, indicating the significance of node 𝑗
in relation to node 𝑖 during the process of aggregating features.

The calculation of the attention coefficient is carried out by

𝛼𝑖𝑗 =
exp

(
LeakyReLU

(
𝑎𝑇 [𝑊 ℎ𝑖 ∥𝑊ℎ𝑗 ]

))∑
𝑘∈ (𝑖) exp

(
LeakyReLU

(
𝑎𝑇 [𝑊ℎ𝑖 ∥𝑊 ℎ𝑘]

)) , (7)

where 𝑎 is a learnable weight vector in the attention mechanism, and ∥
denotes the concatenation operation.

Ultimately, the characteristics identified by the GCN and GAT layers 
are subsequently directed into a fully connected neural network for ad-

ditional analysis. The architecture of the neural network encompasses 
several layers that include linear mappings, ReLU activations, normal-

ization techniques for batches, and dropout mechanisms intended for 
regularization. The resulting output generated by the network, referred 
to as FP, is calculated as

𝐹𝑃 = Dropout
(
𝜎
(
BatchNorm

(
𝐻 ′))) , (8)

where 𝐹𝑃 ∈ ℝ𝑁×(𝐹 ′+𝐹 ′′) signifies the ultimate feature depiction of the 
nodes, with 𝐻 ′ representing the resultant feature matrix obtained from 
the GAT layer. The term BatchNorm refers to the technique of batch nor-

malization, while 𝜎 denotes activation function. Additionally, Dropout

functions as a means of regularization to help prevent overfitting.

2.2. Temporal feature extraction based on BiLSTM and attention 
mechanism from gene expression

Gene expression data inherently captures temporal dependencies 
and contextual relationships, which are crucial for understanding the 
dynamic patterns of gene expression changes and identifying key time 
points that play critical roles in biological processes. To effectively ex-

tract these features, we employ a combination of BiLSTM and attention 
mechanisms. The BiLSTM is utilized to capture both forward and back-

ward temporal interdependencies, while the attention mechanism fur-

ther enhances this process by focusing on the most relevant parts of the 
sequence, thereby enabling a more nuanced understanding of the tem-

poral relationships within the gene expression data.

2.2.1. BiLSTM encoder

The expression levels of genes can be represented in a matrix for-

mat 𝑋 ∈ℝ𝑛×𝑇 , where one dimension reflects the count of proteins and 
the other captures the time aspect of the dataset. The level of gene 
expression for the protein indexed by at the time point indexed by is 
represented by each entry.

The BiLSTM structure consists of two distinct LSTM networks: one 
analyzes the sequence in its natural order (the forward LSTM), while 
the other examines it in the reverse sequence (the backward LSTM). At 
each time step, the results produced by both the forward and backward 
networks are combined, enhancing the representation of bidirectional 
temporal information.

For every protein, hidden states are produced by the forward LSTM 
as it traverses the sequence from start to end, whereas the backward 
LSTM derives hidden states by processing the sequence in reverse order. 

The following equations describe these processes.
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The Forward LSTM is characterized by

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ),

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖),

𝐶̃𝑡 = tanh(𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶 ),

𝐶𝑡 = 𝑓𝑡 ⋅𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡,

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜),

ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡).

(9)

The definition of Backward LSTM is presented as follows

⃖⃖𝑓 𝑡 = 𝜎(𝑊⃖⃖𝑓 ⋅ [⃖⃖ℎ𝑡+1, 𝑥𝑇−𝑡+1] + 𝑏⃖⃖𝑓 ),

𝑖𝑡 = 𝜎(𝑊𝑖⃖
⋅ [⃖⃖ℎ𝑡+1, 𝑥𝑇−𝑡+1] + 𝑏𝑖⃖),

⃖⃖⃖̃𝐶𝑡 = tanh(𝑊⃖⃖𝐶 ⋅ [⃖⃖ℎ𝑡+1, 𝑥𝑇−𝑡+1] + 𝑏⃖⃖𝐶 ),

⃖⃖𝐶𝑡 = ⃖⃖𝑓 𝑡 ⋅ ⃖⃖𝐶𝑡+1 + 𝑖𝑡 ⋅ ⃖⃖ ⃖̃𝐶𝑡,

⃖⃖𝑜𝑡 = 𝜎(𝑊𝑜⃖ ⋅ [⃖⃖ℎ𝑡+1, 𝑥𝑇−𝑡+1] + 𝑏𝑜⃖),
⃖⃖ℎ𝑡 = ⃖⃖𝑜𝑡 ⋅ tanh(⃖⃖𝐶𝑡).

(10)

In this context, the gates responsible for forgetting, inputting, and out-

putting are identified as 𝑓𝑡, 𝑖𝑡, and 𝑜𝑡, while their corresponding coun-

terparts in the reverse LSTM are noted as ⃖ ⃖𝑓 𝑡, ⃖𝑖𝑡, and ⃖𝑜⃖𝑡. 𝐶̃𝑡 and 𝐶𝑡 denote 
the candidate memory and cell state, while ℎ𝑡 and ⃖ℎ⃖𝑡 signify the hidden 
states at the moment 𝑡. The weights 𝑊 and biases 𝑏 can be adjusted 
during the learning process, whereas the functions utilized here are the 
sigmoid and hyperbolic tangent activations.

For each time point, the hidden state that combines information from 
both directions is formed by merging the states from the forward and 
backward passes:

ℎ𝑡 = [ℎ𝑡; ⃖⃖ℎ𝑡],

where ℎ𝑡 offers a detailed encapsulation of the contexts leading up to 
and following time 𝑡. The concluding result generated by the BiLSTM 
encoder manifests as a matrix of features 𝐻 ∈ℝ𝑇×2×hidden_size, capturing 
temporal attributes that are pertinent for subsequent applications.

2.2.2. The utilization of a multi-head attention framework enhances the 
capability to capture diverse contextual information

After deriving the hidden states 𝐻 through the BiLSTM encoder, a 
mechanism known as Multi-Head Attention is utilized to encompass the 
various aspects of the sequential data. The MHA allows the model to 
focus on multiple parts of the sequence at the same time by utilizing 
several concurrent attention functions.

The attention output 𝑂𝑗 for each specific attention head denoted by 
𝑗 is obtained through the following process.

𝑄𝑗 =𝐻𝑊
𝑄
𝑗
, 𝐾𝑗 =𝐻𝑊 𝐾

𝑗 , 𝑉𝑗 =𝐻𝑊 𝑉
𝑗 (11)

𝑂𝑗 = softmax

(
𝑄𝑗,𝐾

⊤
𝑗√

𝑑𝑘

)
𝑉𝑗 , (12)

where 𝑄𝑗 , 𝐾𝑗 , and 𝑉𝑗 are the query, key, and value matrices for the 𝑗-th 
head, respectively; 𝑊 𝑄

𝑗
, 𝑊 𝐾

𝑗
, and 𝑊 𝑉

𝑗
are learnable weight matrices, 

and 𝑑𝑘 is the dimensionality of the keys.

The outputs of all attention heads are then concatenated as

𝑂 = Concat(𝑂1,𝑂2,… ,𝑂ℎ), (13)

where ℎ denotes the number of attention heads.

Subsequently, the results from all the attention heads are concate-

nated together, resulting in
4318

𝐹𝐴 =𝑂𝑊 𝑂, (14)
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where 𝑊 𝑂 is a learnable weight matrix, 𝐹𝐴 has the same shape as 𝐻
and represents the attended features for each protein.

2.2.3. Feature extraction by fully connected DNN

After obtaining the attended features from the Multi-Head Attention 
mechanism, these features are further processed through several fully 
connected layers to transform them into a suitable representation for 
subsequent tasks.

The final output from the last fully connected layer provides a feature 
representation suitable for subsequent tasks. The feature vector obtained 
after processing through the series of fully connected layers is

𝐹𝐺 =𝑊4 ⋅ReLU(𝑊3 ⋅ReLU(𝑊2 ⋅ReLU(𝑊1 ⋅𝐹𝐴+𝑏1)+𝑏2)+𝑏3)+𝑏4. (15)

2.3. Spatial feature extraction for essential proteins based on subcellular 
localization features

The subcellular localization data 𝑆 is standardized to 𝑆′, and then 
passed through a three-layer DNN for feature extraction. In the first 
layer, the feature representation ℎ1 ∈ ℝ𝑛×𝑢1 is first obtained through 
a linear transformation 𝑆′𝑊1 + 𝑏1, followed by a non-linear activation 
using the ReLU function as

ℎ1 = ReLU(𝑆′𝑊1 + 𝑏1).

Then, dropout is applied to ℎ1 to obtain ℎ′1.

The second layer applies a linear transformation and ReLU activa-

tion, followed by batch normalization as

ℎ2 = Dropout(BatchNorm(ReLU(ℎ′1𝑊2 + 𝑏2)), 𝑝2).

In the third layer, another linear transformation, ReLU activation 
and a final dropout operation are performed to obtain the final feature 
representation.

𝐹𝑆 = Dropout(ReLU(ℎ2𝑊3 + 𝑏3), 𝑝).

2.4. Feature fusion

To achieve essential protein prediction, we propose a feature fu-

sion model based on self-attention and cross-attention mechanisms. This 
model integrates multiscale and multi-dimensional features from gene 
expression, subcellular localization, and protein networks to achieve 
deep feature fusion.

2.4.1. Self-attention mechanism

Firstly, self-attention mechanisms are applied to each input feature 
(𝐹𝐺 , 𝐹𝑆 , 𝐹𝑃 ). For each type of feature 𝐹𝑖, the self-attended feature can 
be calculated as follows:

𝐹𝑆𝐴(𝐹𝑖) = Softmax

(
𝐹𝑖𝑊𝑞(𝐹𝑖𝑊𝑘)𝑇√

𝑑𝑘

)
𝐹𝑖𝑊𝑣, (16)

where 𝑊𝑞 , 𝑊𝑘, and 𝑊𝑣 are trainable weight matrices, and 𝑑𝑘 is a scaling 
factor used for stability.

2.4.2. Cross-attention mechanism

To further integrate information across different types of fea-

tures, cross-attention mechanisms are employed. For example, a cross-

attended feature can be created by integrating information from subcel-

lular features (𝐹𝑆 ) into gene features (𝐹𝐺). This process is computed as 
follows:

𝐹𝐶𝐴(𝐹𝐺,𝐹𝑆 ) = Softmax

(
𝐹𝐺𝑊𝑞(𝐹𝑆𝑊𝑘)𝑇√

𝑑𝑘

)
𝐹𝑆𝑊𝑣, (17)

where the attention weights are computed by having the gene features 

(𝐹𝐺) attend to the subcellular features (𝐹𝑆 ).
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Similarly, cross-attention mechanisms are applied in the opposite di-

rection, where subcellular features (𝐹𝑆 ) attend to gene features (𝐹𝐺). 
Additionally, cross-attention is applied between gene and protein fea-

tures, as well as between subcellular and protein features, in both direc-

tions.

2.4.3. Feature fusion

After extracting the self-attention and cross-attention features, the 
features are concatenated as follows:

𝐹𝐹𝑢𝑠𝑖𝑜𝑛 =[𝐹𝑆𝐴(𝐹𝐺), 𝐹𝑆𝐴(𝐹𝑆 ), 𝐹𝑆𝐴(𝐹𝑃 ),

𝐹𝐶𝐴(𝐹𝐺,𝐹𝑆 ), 𝐹𝐶𝐴(𝐹𝑆,𝐹𝑃 ),

𝐹𝐶𝐴(𝐹𝑃 ,𝐹𝐺), 𝐹𝐶𝐴(𝐹𝑆,𝐹𝐺),

𝐹𝐶𝐴(𝐹𝑃 ,𝐹𝑆 ), 𝐹𝐶𝐴(𝐹𝐺,𝐹𝑃 )].

(18)

2.5. Classification

The architecture utilizes residual blocks, which enhance the ability 
to extract features more deeply, resulting in improved performance for 
classification tasks. Initially, the concatenated features are forwarded 
through a sequence of residual blocks for processing. In each of the resid-

ual blocks, a layer that is fully connected utilizes ReLU activation along 
with dropout, and is followed by a shortcut connection that maintains 
the identity.

𝑦1 = ResidualBlock(𝐹𝐹𝑢𝑠𝑖𝑜𝑛) = ReLU(Dropout(FC(𝐹𝐹𝑢𝑠𝑖𝑜𝑛))) + 𝐹𝐹𝑢𝑠𝑖𝑜𝑛
(19)

Following the completion of the residual blocks, the resultant output is 
then sent through further fully connected layers to condense the features 
into a single numerical value. Subsequently, it is subjected to a Sigmoid 
activation function.

Output = Sigmoid(FC(𝑦1)) (20)

2.6. Evaluation metrics

The performance of the AttentionEP is evaluated by using the AUC 
obtained from the analysis of the Receiver Operating Characteristic 
(ROC).

AUC =

1

∫
0

TPR(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅). (21)

In this context, TPR refers to the rate of correctly identified positive 
cases, while FPR indicates the rate of incorrectly identified negative 
cases.

3. Results

3.1. Datasets

The interaction data related to proteins was sourced from the Bi-

oGRID repository (https://thebiogrid .org/) [25]. Once duplicate entries 
were eliminated, the dataset pertaining to yeast protein-protein inter-

actions comprises a total of 5,616 records. In order to pinpoint the 
necessary proteins within the network, information was gathered from 
various sources including SSGD [26], MIPS [27], DEG [28], and SGDP 
[29], leading to the identification of a total of 1,199 proteins that are 
deemed essential. In order to obtain the gene expression data relevant 
to these proteins, information was collected from the Gene Expression 
Omnibus (GEO) platform (https://www .ncbi .nlm .nih .gov /geo/) [30]. 
Furthermore, information regarding the subcellular localization was 
obtained from the COMPARTMENTS database (https://compartments .
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jensenlab .org/) [31].
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Table 1

Impact of different learning rates and 
batch sizes on the proposed model per-

formance.

Learning Rate Bath size AUC

0.5 128 0.9290

0.1 128 0.9026

0.01 128 0.9026

0.05 128 0.9195

0.001 128 0.9210

0.0001 128 0.9433

0.0001 16 0.9364

0.0001 32 0.9413

0.0001 64 0.9422

0.0001 128 0.9433

0.0001 256 0.9420

0.0001 512 0.9409

0.0001 1024 0.9388

Table 2

The influence of dropout rates on the performance 
of the proposed model.

Learning Rate Bath size drop out AUC

0.0001 128 0.1 0.9354

0.0001 128 0.3 0.9385

0.0001 128 0.5 0.9433

0.0001 128 0.7 0.9412

0.0001 128 0.9 0.9413

Fig. 2. Impact of dropout rates on the proposed model performance.

3.2. Configuration of the hyperparameters

To investigate how various adjustments to hyperparameters affect 
the efficacy of the suggested model, modifications were made to the 
learning rate, batch size, and dropout rate. The study focused on manip-

ulating these hyperparameters while measuring the AUC scores across 
different combinations to determine the best settings.

Initially, the effects of different learning rates and batch sizes on the 
performance of the model were assessed, as illustrated in Table 1. The 
findings suggest that a decreased learning rate tends to enhance the AUC 
metric. In particular, the optimal AUC of 0.9433 was attained when the 
learning rate was configured at 0.0001 with a batch size of 128. While 
increasing the batch sizes resulted in a slower training timeframe, this 
change did not have a meaningful impact on the overall performance of 
the model.

Subsequently, we investigated how various dropout rates influenced 
the performance of the model, as summarized in Table 2 and depicted 
in Fig. 2. The model exhibited its peak AUC of 0.9416 with a dropout 
rate of 0.5, suggesting that an optimal dropout rate serves to mitigate 
overfitting while boosting the model’s generalization capabilities. Yet, 
further increases in the dropout rate did not yield significant enhance-

ments in performance and, in certain instances, may have led to minor 

declines.

https://thebiogrid.org/
https://www.ncbi.nlm.nih.gov/geo/
https://compartments.jensenlab.org/
https://compartments.jensenlab.org/
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Table 3

Comparison of Fused 
Features Performance 
against Conventional and 
Deep Learning Models.

Model AUC

SVM 0.9166

RF 0.9355

AdaBoost 0.9320

EP-EDL 0.9365

AttentionEP 0.9433

Fig. 3. The ROC plots for the AttentionEP model and other models.

Fig. 4. Comparison results with alternative machine learning approaches.

To conclude, the analysis conducted on the hyperparameters re-

vealed that the optimal performance of the model is achieved with a 
learning rate set at 0. 0001, a mini-batch size of 128, along with a 
dropout rate set at 0. 5. This setup served as the basis for training and 
evaluating the model in later trials.

3.3. Performance of fused features with traditional and deep learning 
models

In order to evaluate how well the fused features are integrated and to 
compare the performance of the AttentionEP model with others, experi-

ments were performed utilizing various machine learning techniques, 
such as Support Vector Machines (SVM), Random Forests (RF), Ad-

aBoost, and EP-EDL [21]. A summary of the performance evaluations 
for these algorithms is provided in Table 3 and illustrated in Figs. 3 and 
4320

4 showcasing the AUC metrics corresponding to each model.
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Table 4

Effectiveness of Individual Features with Conventional Models.

Feature SVM RF AdaBoost

Gene Expression Feature 0.6318 0.6993 0.7074

Subcellular Localization Feature 0.9082 0.9293 0.9309

PPI Feature 0.6250 0.6697 0.6947

Fused Feature 0.9166 0.9355 0.9320

Table 5

The comparison of performance 
among various feature combina-

tions.

Feature AUC

G 0.7191

S 0.9208

P 0.6629

G+S 0.9010

G+P 0.6743

S+P 0.8982

Cross(G,S) 0.9188

Cross(P,S) 0.6662

Cross(G,P) 0.7145

Cross(G,S)+Cross(P,S) 0.9053

Cross(G,S)+Cross(G,P) 0.9065

Cross(P,S)+Cross(G,P) 0.6597

All 0.9433

Table 3 and Figs. 3 and 4 demonstrate that AttentionEP secures the 
top AUC score of 0.9433 exceeding the performance of established mod-

els such as SVM, RF, and AdaBoost, as well as EP-EDL, which recorded 
an AUC of 0. 9365.

Notably, the data in Table 4 indicates that conventional machine 
learning approaches, when utilizing single features for training, exhibit 
markedly inferior performance in comparison to those that leverage fea-

ture integration. For instance, when gene expression data is solely used 
in training an SVM, the resulting AUC value stands at 0.6318. When the 
same model utilizes combined features, the AUC improves to 0.9166. 
This highlights the essential impact of integrating features to enhance 
the effectiveness of the model.

In addition, the AttentionEP model boosts its effectiveness through 
the implementation of cutting-edge deep learning frameworks, incor-

porating residual networks along with attention-based methods, which 
enables it to more effectively capture the interplay among various fea-

tures and attain enhanced accuracy levels. The evaluation against EP-

EDL indicates that AttentionEP outperforms other models that rely on 
deep learning, thanks to its innovative approach to feature integration 
and tailored design.

3.4. Ablation experiments

In this section, we conducted ablation experiments to evaluate the 
impact of various feature combinations on classification performance. 
Table 5 and Fig. 5 present the performance of various feature combina-

tions.

When using individual features, the AUC values for gene expres-

sion self-attention features (G), subcellular localization self-attention 
features (S), and PPI self-attention features (P) were 0.7191, 0.9208, 
and 0.6629, respectively (see Table 5). Among these, the subcellular 
localization feature (S) performed the best, indicating its significant con-

tribution to the classification task. However, single features alone did 
not achieve optimal classification performance.

For feature combinations, the AUC values for G+S and S+P were 
0.9010 and 0.8982, respectively. Although these combinations showed 
improved performance, they did not surpass the performance of the in-

dividual subcellular localization feature (S). This suggests that simple 
feature combinations do not fully exploit the complementary informa-
tion between features. Notably, the G+P combination performed the 
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Fig. 5. The ROC plots of various feature combinations.

worst (AUC = 0.6743), indicating limited contribution of this feature 
pair to the classification task.

The introduction of cross-attention features significantly improved 
classification performance. For instance, Cross(G,S) achieved an AUC 
of 0.9188, close to the performance of the individual subcellular local-

ization feature (S). The reason for this improvement lies in the strong 
functional complementarity between gene expression data (G) and sub-

cellular localization data (S). Gene expression provides direct insights 
into protein activity, which aligns well with subcellular data that in-

dicates where proteins are active within the cell. This fusion allows the 
model to extract more biologically relevant information, enhancing per-

formance. However, other cross-attention features, such as Cross(P,S) 
and Cross(G,P), exhibited relatively lower AUC values, possibly due to 
weaker complementary relationships between these features. For exam-

ple, the Cross(P,S) combination underperforms because the structural 
relationships in protein interaction data (P) may not align well with the 
spatial characteristics of subcellular localization (S), leading to less ef-

fective feature fusion.

Ultimately, the model incorporating all features and their cross-

attention features (G + S + P + Cross(G,S) + Cross(P,S) + Cross(G,P))

achieved the highest classification performance, with an AUC of 0.9433. 
This result indicates that single features or simple feature combinations 
do not provide the best performance. Instead, combining all features 
and their cross-attention mechanisms maximizes the complementary in-

formation between features, leading to a significant improvement in 
classification performance. This finding underscores the importance of 
comprehensive feature fusion and cross-attention mechanisms in com-

plex classification tasks.

The results demonstrate that neither single features nor simple com-

binations of two features achieved the best performance. Instead, the 
use of cross-attention mechanisms significantly enhanced model perfor-

mance. This study demonstrates that single features or simple feature 
combinations are insufficient for optimal performance. The introduction 
of cross-attention mechanisms significantly enhances model capability. 
Ultimately, combining all features and their cross-attention mechanisms 
achieves the best classification performance, providing strong support 
for future feature fusion and model optimization efforts.

3.5. Evaluation of GCN and GAT layers through ablation analysis

To justify the combination of GCN and GAT layers used in the PPI 
extraction channel, while keeping the processing of other data sources 
and channels unchanged, we conducted an ablation study. The results 
(Table 6) demonstrate the performance of different configurations based 
on the AUC metric.

The ablation study shows that the combination of GCN and GAT lay-
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ers yields the highest AUC score (0.9433), indicating that the integration 
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Table 6

Evaluation of AUC for GCN and 
GAT Layer Ablation.

Layer Configuration AUC

GCN 0.9308

GAT 0.9397

GCN + GAT 0.9433

Table 7

Evaluation of AUC for BiLSTM 
and MHA Layer Ablation.

Layer Configuration AUC

BiLSTM 0.9236

MHA 0.9278

BiLSTM + MHA 0.9433

of both layers enhances the model’s performance compared to using 
GCN or GAT individually. Specifically, the GCN-only model achieves an 
AUC of 0.9308, while the GAT-only model achieves an AUC of 0.9397.

These results support our design choice to combine GCN and GAT 
layers, as the combination allows the model to leverage both local 
structural information (captured by GCN) and fine-grained dependen-

cies between nodes (captured by GAT). This synergy results in improved 
performance, highlighting the complementary nature of these two ap-

proaches in graph-based learning tasks.

3.6. Evaluation of BiLSTM and MHA layers through ablation analysis

To specifically evaluate the impact of different mechanisms used in 
the gene expression data extraction channel, while keeping the process-

ing of other data sources and channels unchanged, we conducted an 
ablation study. This experiment focuses solely on the gene expression 
feature extraction framework, isolating the contributions of BiLSTM and 
MHA mechanisms. The rest of the model, including other data channels 
such as subcellular localization and protein interaction networks, re-

mained unchanged during the evaluation to ensure that the observed 
effects are solely attributable to the changes in the gene expression fea-

ture extraction channel.

The results of this ablation study (Table 7) show the AUC scores for 
different configurations of the gene expression data extraction frame-

work.

In this experiment, we observe that the combination of BiLSTM and 
MHA achieves the best performance with an AUC of 0.9433, signifi-

cantly outperforming configurations that use only BiLSTM or only MHA. 
The BiLSTM-only configuration results in an AUC of 0.9236, while the 
MHA-only configuration achieves a slightly higher AUC of 0.9278. These 
findings highlight that while both BiLSTM and MHA independently con-

tribute to improving the feature extraction process, their combined use 
leads to a more comprehensive representation of the gene expression 
data, thus resulting in superior performance.

BiLSTM is responsible for capturing the temporal dependencies 
within the gene expression data by processing the sequences in both for-

ward and backward directions. This ensures that both past and future 
contexts are taken into account when learning the feature representa-

tions.

MHA focuses on capturing relationships between different time steps 
in the gene expression data through its attention mechanism, allowing 
the model to weigh different time points based on their relevance and 
capture more complex interactions.

By keeping all other data channels—such as subcellular localization 
and protein network feature extraction—unchanged, this ablation study 
isolates the effect of different architectures on the gene expression fea-

ture extraction framework. The results suggest that the integration of 

both BiLSTM and MHA is crucial for effectively modeling the temporal 
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Table 8

The performance of AttentionEP.

Accuracy Precision Recall F1 Score Specificity AUC

0.9288 0.8874 0.7750 0.8230 0.9706 0.9433

and contextual relationships in gene expression data, leading to im-

proved overall model performance.

3.7. Model performance evaluation

In addition to the widely used AUC, we computed several other com-

mon classification metrics to provide a more comprehensive assessment 
of our protein prediction model. These metrics include Accuracy, Preci-

sion, Recall, F1 Score, and Specificity, offering a deeper understanding 
of the model’s performance, particularly when addressing class imbal-

ance.

As shown in Table 8, the model achieved an Accuracy of 0.9288, 
indicating that it correctly classifies the majority of the samples. Preci-

sion, which measures the reliability of positive predictions, is 0.8874, 
showing that the model has a high level of accuracy in identifying true 
positives. Meanwhile, Recall (Sensitivity) stands at 0.775, demonstrat-

ing the model’s capability to recognize most positive samples.

The F1 Score, which balances Precision and Recall, is 0.8230, sug-

gesting that the model performs well in imbalanced datasets. Addition-

ally, the model achieves a Specificity of 0.9706, highlighting its strong 
ability to accurately identify negative samples. These results demon-

strate the model’s overall robustness and effectiveness in the protein 
prediction task.

4. Conclusions

In this study, we proposed a novel essential protein prediction 
method that leverages the power of cross-attention and self-attention 
mechanisms to integrate multiscale and multi-domain features. By ex-

tracting spatial features from PPI data using GCN and GAT, temporal fea-

tures from gene expression data using BiLSTM, and spatial-related fea-

tures from subcellular localization information using DNN, we achieved 
a comprehensive representation of proteins.

Our approach demonstrated superior performance in essential pro-

tein prediction, with the model achieving an AUC score of 0.9433, signif-

icantly outperforming traditional machine learning models such as SVM, 
RF, and AdaBoost. The ablation experiments further highlighted the 
importance of feature integration, showing that individual features or 
simple combinations were insufficient for optimal performance. Instead, 
the introduction of cross-attention mechanisms significantly enhanced 
the model’s ability to capture complex patterns and interactions within 
the data, leading to substantial improvements in classification accuracy.

These findings underscore the critical role of advanced attention 
mechanisms and comprehensive feature fusion in computational biol-

ogy. The success of our method not only demonstrates the effectiveness 
of integrating diverse biological data but also provides a foundation 
for future research aimed at optimizing protein prediction models. This 
study contributes valuable insights into the development of more accu-

rate and robust computational tools for essential protein identification, 
with potential applications in understanding disease mechanisms and 
developing targeted therapies.

Future work should explore how the model can be adapted or fine-

tuned for different species, especially for those with more complex bi-

ological systems. By doing so, the research can extend its impact and 
offer a valuable tool for studying essential protein prediction across a 
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wider range of organisms.
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