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ABSTRACT: Recognizing essential proteins within bacteriophages is fundamental to uncovering their replication and
survival mechanisms and contributes to advances in phage-based antibacterial therapies. Despite notable progress,
existing computational techniques struggle to represent the interplay between sequence-derived and structure-
dependent protein features. To overcome this limitation, we introduce GLM-EP, a unified framework that fuses protein
language models with equivariant graph neural networks. By merging semantic embeddings extracted from amino acid
sequences with geometry-aware graph representations, GLM-EP enables an in-depth depiction of phage proteins and
enhances essential protein identification. Evaluation on diverse benchmark datasets confirms that GLM-EP surpasses
conventional sequence-based and independent deep-learning methods, yielding higher F1 and AUROC outcomes.
Component-wise analysis demonstrates that GCNII, EGNN, and the gated multi-head attention mechanism function
in a complementary manner to encode complex molecular attributes. In summary, GLM-EP serves as a robust and
efficient tool for bacteriophage genomic analysis and provides valuable methodological perspectives for the discovery
of antibiotic-resistance therapeutic targets. The corresponding code repository is available at: https://github.com/
MiJia-ID/GLM-EP (accessed on 01 November 2025).
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1 Introduction
Bacteriophages, viruses that specifically infect bacteria, have garnered renewed attention in recent years

due to their potential in combating multidrug-resistant bacteria and advancing synthetic biology. A critical
step toward the therapeutic and engineering applications of phages is the accurate identification of essential
proteins. Essential proteins refer to those indispensable for the survival and replication of an organism
or virus. For instance, in bacteriophages, capsid proteins and tail fiber proteins are typically considered
essential because they are required for viral assembly and host infection. Understanding and identifying
such essential proteins are crucial for elucidating viral life cycles and developing phage-based therapeutic
strategies. Traditional experimental methods such as amber mutagenesis, gene knockout, and CRISPR
(Clustered Regularly Interspaced Short Palindromic Repeats) [1,2] screening can be used to identify essential
proteins but are limited by their complexity, duration, and small sample sizes [3,4]. To date, only a few model
phages have been systematically annotated through such approaches.

In response to these challenges, researchers have increasingly turned to computational methods, partic-
ularly deep learning-based frameworks for predicting essential proteins. For example, models such as JDC [5]
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and DeepCellEss [6] employ multilayer perceptrons or convolutional neural networks trained on hand-
crafted features, including physicochemical properties and position-specific scoring matrices, or on features
extracted from curated gene essentiality databases [7]. More recently, the Bingo model [8] introduced the use
of sequence embeddings generated by protein language models such as ESM-2. These embeddings capture
contextual information within the protein sequence and have been shown to improve predictive accuracy.
This development reflects a broader shift from rule-based toward data-driven approaches in functional
prediction [9] and illustrates the application potential of pretrained models in protein bioinformatics.

Although the prediction of protein essentiality is often formulated as a binary classification task, the
underlying modeling process occurs at the level of protein representation. Recent studies have demonstrated
that protein language models such as ESM [10], ProtBert and ProtTrans [11], and related approaches like
UniRep [12] and TAPE [13] are capable of learning rich semantic features from sequences alone. These
features include structural, evolutionary, and functional signals [14]. At the same time, progress in protein
structure prediction has made it possible to obtain high-quality three-dimensional structures at large
scale. Representative tools in this domain include AlphaFold [15] and RoseTTAFold [16], as well as earlier
comparative modeling frameworks such as I-TASSER [17]. In parallel, graph neural networks have become
powerful tools for modeling proteins as residue-level graphs. For example, models such as GraphQA [18]
and MaSIF [19] have shown effectiveness in functional annotation and binding site identification, while early
work such as ProteinGNN [20] introduced the application of graph neural networks to protein structural
learning. More recent approaches, such as equivariant graph models represented by EGNN [21], SE3-
Transformer [22], and related methods in geometric deep learning [23], are capable of preserving rotational
and translational symmetry in three-dimensional space, allowing for more accurate modeling of global
geometric features. These advances highlight the importance of integrating global sequence semantics with
spatial structural modeling [24] and have informed the design of the predictive model proposed in the
present study.

Despite recent progress, existing essential protein prediction methods suffer from key limitations in
both data and modeling dimensions. At the data level, most current datasets are constructed for eukaryotic
or bacterial systems, with limited coverage of phage proteins. These datasets are often non-standardized,
sparsely labeled, or unavailable to the public. For instance, models such as JDC [5] and DeepCellEss [6]
rely on private or heterogeneous sources, with unclear annotation criteria and inconsistent definitions of
essentiality. Moreover, viral protein datasets are rarely well-defined, and negative sample construction often
lacks biological justification [25], undermining the reproducibility and generalizability of these models. At
the modeling level, existing approaches typically depend on single-modality inputs, such as handcrafted
sequence features or embeddings from protein language models. However, they neglect the intrinsic
structural complexity of proteins, including local residue interactions and global 3D topology [21]. As a result,
these models struggle to capture the multi-scale biological context that underlies essentiality, especially in
phage genomes where compact coding and spatial organization are functionally critical.

To address these limitations, we present a deep learning framework named GLM-EP, which integrates
pretrained protein language model embeddings with an equivariant graph neural network for the accurate
prediction of essential proteins in bacteriophages. At the data level, we systematically curated experimental
literature indexed in PubMed between 1960 and 2023. Based on this collection, we constructed a high-quality
dataset covering eleven representative phages. We then validated the dataset using independent genetic
evidence and CRISPR-based knockout experiments. In addition, we incorporated results from three large-
scale CRISPR screening studies to build a rigorously filtered dataset of human essential proteins [26], which
was used to evaluate the cross-species generalization performance of the model. At the modeling level, the
GLM-EP framework adopts a dual-branch architecture. The first branch extracts semantic representations
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using ProtTrans and ESM-2 language models. The second branch constructs residue-level protein graphs
from predicted structures and encodes them using GCNII [27] and EGNN modules to capture local
neighborhood and global topological features, respectively. A gated multi-head attention mechanism is then
used to integrate the features from both branches. Experimental results demonstrate that the proposed model
significantly outperforms baseline methods, including multilayer perceptrons, convolutional networks,
residual networks, and the Bingo model. Ablation studies further confirm the complementary advantages
of handcrafted features and deep sequence representations, as well as the synergistic benefits of combining
GCNII and EGNN for protein structure modeling.

2 Methods

2.1 Dataset Construction
To address the scarcity of essential protein data in bacteriophages, we developed a systematic dataset

using a literature-mining strategy. The PubMed core literature database was used as the primary source.
Professional search queries such as “bacteriophage essential protein”, “viral core gene”, and “phage genome
essentiality” were constructed to comprehensively collect experimental studies published between 1960 and
2024. Based on the availability of experimental evidence on essentiality, eleven model bacteriophages were
selected and processed through a multi-dimensional data integration framework as follows:

• Classical Model Phages (T4, T7, P2): These phages have been extensively studied for over sixty
years. Their genome-wide essentiality has been systematically validated through classical genetic meth-
ods, including amber mutations and temperature-sensitive deletions. Essentiality annotation for these
genomes is considered complete [28–31].

• Dual-Validated Phages (Lambda, P1): For these two phages, we adopted a dual-validation strategy.
First, we reviewed the literature-mining results of Piya and colleagues published in 2024. Second, we
cross-referenced these findings with results from CRISPR-Cas9 whole-genome knockout screens. For
the Lambda phage, 64 out of 68 proteins (94.1 percent) had consistent essentiality annotations, while
for the P1 phage, 101 out of 104 proteins (97.1 percent) showed agreement. Only a few accessory proteins
showed inconsistent labeling. Proteins without disagreement were retained for dataset construction
based on the principle of annotation conservatism [31–33].

• Partially Annotated Phages (SPO1, Mu, N15, T1, P22, Phi29): For these phages with incomplete func-
tional studies, we adopted a strict data inclusion criterion and selected only proteins with experimentally
verified essentiality [34–38].

Following this methodology, we constructed a bacteriophage essential protein dataset comprising eleven
tailed phages (Table 1). The dataset includes 285 experimentally validated essential proteins and 611 non-
essential proteins. To enhance reproducibility, we have supplemented this section with additional details
regarding dataset construction and quality control. Essential proteins were identified from experimentally
validated studies, including amber mutation, temperature-sensitive deletion, and CRISPR-Cas9 knockout
experiments, while non-essential proteins were extracted from corresponding genome annotations of the
same phages. To ensure data quality, redundant sequences were filtered using CD-HIT with a sequence
identity threshold of 0.8, and ambiguous annotations were resolved through cross-reference verification
among multiple literature sources. After redundancy removal, the final dataset contained 272 essential
proteins and 604 non-essential proteins. These additions make the dataset construction process transparent,
standardized, and fully reproducible.



4092 Comput Model Eng Sci. 2025;145(3)

Table 1: Summary of phage essential protein datasets

Phage type Essential proteins Non-essential proteins
T4 64 213
T7 19 41
P2 19 24
λ 30 39
P1 25 82

SPOT 15 141
Mu 18 24
N15 28 19
T1 35 11

P22 22 11
Phi29 10 6
Total 285 611

After redundancy removal 272 604

To evaluate the biological generalizability of the model, we collected human essential protein data
from the Database of Essential Genes. The phage essential protein dataset serves as the main dataset
for model training and evaluation, while the human essential protein dataset is used as an independent
validation set to examine the model’s cross-species generalization capability. We integrated data from
three independent studies [39,40] that employed CRISPR-Cas9 and gene-trap technologies. Strict filtering
criteria were applied, retaining only proteins consistently identified as essential across all three studies
and excluding conditionally essential proteins. Non-essential proteins were obtained from the study by
Guo [41] and colleagues and supplemented with complete sequence information from the UniProt database.
Ambiguous proteins appearing in both essential and non-essential lists were removed. CD-HIT was again
applied with a sequence identity threshold of 0.8. The final human essential protein dataset contains 1574
essential proteins and 9846 non-essential proteins. The full dataset used in this study is publicly available
at our GitHub repository: https://github.com/MiJia-ID/GLM-EP/tree/main/data/pdb_dir (accessed on 01
November 2025).

2.2 Network Architecture Design
The prediction of essential proteins in phages is essentially a functional classification task. Since

protein function is largely determined by three-dimensional conformation and most phage proteins lack
experimentally resolved structural data, we relied on predicted structures to support functional modeling.
Each protein sequence was transformed into a residue-level graph representation. This representation retains
sequence semantics while capturing spatial topology, providing a more biologically meaningful basis than
sequence-only approaches.

In the overall design of the framework, as illustrated in Fig. 1, each protein sequence is transformed
into a residue-level graph representation. In this graph, amino acids are represented as nodes, with node
features composed of both handcrafted descriptors and embeddings derived from protein language models.
Edges are constructed according to predicted structural coordinates, where two residues are connected in
the adjacency matrix if the Euclidean distance between their C-alpha atoms is less than 17 angstroms. The
resulting node and edge features are then processed by two complementary modules. The GCNII module

https://github.com/MiJia-ID/GLM-EP/tree/main/data/pdb_dir
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aggregates local neighborhood information, while the EGNN module captures the global spatial topology of
the protein structure. Finally, these two types of embeddings are fused through a gated multi-head attention
mechanism, yielding an integrated representation suitable for downstream classification.

Figure 1: The overall architecture of GLM-EP

2.3 Task Formulation
Each protein sequence is represented as a graph, defined as G = (X , E , A). Here, X = {xi}i=1, . . . ,L , where

L is the sequence length of the protein. Each xi ∈ R1×6199 denotes the feature vector of the i-th amino acid
residue, and the complete feature matrix X ∈ RL×6199 represents all residues in the protein. A ∈ {0, 1}L×L is the
adjacency matrix, and E = {ei j ∣ Ai j = 1} denotes the edge feature set, where ei j represents the edge feature
vector between residues i and j. When the Euclidean distance between the Cα atoms of two residues is less
than 17 Å [42], Ai j = 1; otherwise, Ai j = 0.

2.4 Node Feature Representation
Node features consist of two components: handcrafted features and protein language model features.

The handcrafted features include the position-specific scoring matrix (PSSM) [43], secondary structure
profiles (SS) [44], and one-hot encoding [42]. The protein language model features are derived from ESM-2
and ProtTrans (as shown in Table 2).

Table 2: Summary of node features

Feature type Dimension
Position-specific scoring matrix (PSSM) [L, 20]

Secondary structure spectrum (SS) [L, 14]
One-hot encoding [L, 21]

(Continued)
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Table 2 (continued)

Feature type Dimension
ESM-2 [L, 5120]

ProtTrans [L, 1024]

The PSSM is generated using PSI-BLAST version 2.10.1, reflecting the amino acid preferences at each
position, with a feature dimension of 20 per site. SS are calculated using DSSP version 2.1.0, describing the
secondary structure class of each residue (such as alpha helix, beta sheet, or coil), with a dimensionality of
14. The one-hot encoding represents amino acid types, with a total of 21 dimensions, covering 20 standard
amino acids and one unknown residue.

In the deep representation part, two protein language models are used: ESM-2 (15B version, with
5120 dimensions per residue) and ProtTrans (with 1024 dimensions per residue), both employed to capture
high-dimensional semantic information from sequences. To further clarify how the ESM-2 and ProtTrans
embeddings represent protein sequences, we provide a mathematical formulation of the encoding process.
Let a protein sequence be defined as:

S = {r1 , r2, . . . , rL}, (1)

where ri denotes the i-th amino acid residue and L is the sequence length.
(1) ESM-2 Embedding. The pretrained ESM-2 model maps each residue ri into a 5120-dimensional

embedding vector through its nonlinear transformation function fESM-2(⋅):

xi = fESM-2(ri), i = 1, 2, . . . , L. (2)

The resulting embedding matrix for the entire protein can be represented as

X = [x1 , x2, . . . , xL]⊺ ∈ RL×5120. (3)

Each embedding vector xi encodes biochemical, structural, and evolutionary information of residue ri ,
learned from millions of protein sequences.

(2) ProtTrans Embedding. Similarly, the pretrained ProtTrans encoder generates a 1024-dimensional
embedding vector for each residue based on a transformer-based architecture:

yi = fProtTrans(ri), i = 1, 2, . . . , L. (4)

The embedding matrix for the entire protein sequence is

Υ = [y1 , y2, . . . , yL]⊺ ∈ RL×1024. (5)

ProtTrans embeddings emphasize evolutionary and contextual dependencies within sequences, provid-
ing complementary information to the ESM-2 representations.

(3) Feature Fusion. Finally, both embeddings are concatenated along the feature dimension to form the
unified residue-level representation:

Z = [X ∥ Υ] ∈ RL×6144, (6)
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where X and Y denote the ESM-2 and ProtTrans embedding matrices, respectively, and “∥” represents
feature-wise concatenation. This fused representation serves as the input node feature matrix for the
subsequent graph-based modeling stage. After concatenating the above features, the total dimensionality of
the node feature representation is L × 6144, where L denotes the sequence length of the protein.

2.5 Edge Feature Representation
Edge features mainly consist of two components: the Euclidean distance between nodes and the cosine

value of the angle between nodes.
To compute the Euclidean distance between amino acid nodes in the predicted 3D protein structure,

the Cα atom coordinates of each amino acid are extracted by parsing the PDB file. The Euclidean distance is
calculated as follows [45]:

d =
√
(x2 − x1)2 + (y2 − y1)2 + (z2 − z1)2 (7)

Here, (x1 , y1 , z1) and (x2, y2, z2) are the Cα coordinates of the two amino acids.
The cosine value of an angle is commonly used to describe the angle formed by three atoms, which

frequently appears in analyses of protein 3D structures, including backbone or side-chain angles. Specifically,
given three atoms A, B, and C with coordinates (x1 , y1 , z1), (x2, y2, z2), and (x3, y3, z3), the cosine of the
angle A-B-C at point B is calculated by:

cos(θ) = AB ⋅ BC
∣AB∣ ⋅ ∣BC∣ (8)

AB = B −A = (x2 − x1 , y2 − y1 , z2 − z1) (9)

BC = C − B = (x3 − x2, y3 − y2, z3 − z2) (10)

∣AB∣ =
√
(x2 − x1)2 + (y2 − y1)2 + (z2 − z1)2 (11)

∣BC∣ =
√
(x3 − x2)2 + (y3 − y2)2 + (z3 − z2)2 (12)

2.6 GCNII
Graph convolutional networks and their variants, particularly GCNII [46], have achieved remarkable

success in recent graph node classification tasks. GCNII is an improved model based on GCN, designed to
address the training difficulties of deep graph neural networks. Its core innovation lies in the introduction
of two mechanisms: initial residual connections and identity mapping, which enhance information preser-
vation and representation capabilities in deep networks. The node H(l) update rule in GCNII is defined as
follows:

H(l+1) = σ ((1 − α) ÃH(l)W(l) + αH(0)) (13)

βl = log(λ
l
+ 1) (14)

Here, α and λ are hyperparameters, and P denotes the normalized adjacency matrix, and H(l) and H(0)
represent the node feature matrix at the l-th layer and the initial node feature matrix, respectively.

GCNII introduces two improvements: (1)Initial residual connection: the residual connection directly
combines with the initial input H(0), rather than the output of the previous layer. The mixing ratio between
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the current propagated result PH(l) and the initial features H(0) is controlled by the hyperparameter α. Even
when stacking many layers, the final representation of each node still contains at least an α proportion of the
original features, which prevents information loss. (2)Identity mapping: an identity matrix In is introduced
into the weight matrix, and the contribution of the identity matrix and the learnable weight matrix is
adjusted by the hyperparameter βl . The GCNII module in GLM-EP consists of five layers, with a hidden
layer dimensionality of 128.

2.7 EGNN
EGNN [21] extends standard graph neural networks by integrating spatial coordinate features, allowing

it to maintain equivariance under geometric transformations such as translation, rotation, and reflection in
three-dimensional molecular structures. This property facilitates richer structural representation learning
from protein data. Moreover, EGNN differs from conventional GNNs in its ability to process both equivariant
and invariant representations.

EGNN is constructed by stacking multiple Equivariant Graph Convolution Layers (EGCL). EGCL
updates the coordinate features x l+1

i and node features hl+1
i for each node based on current layer’s coordinate

features x l
i , node features hl

i , and edge features ei j. In this chapter, xi denotes the 3D coordinate of each
amino acid’s Cα atom. The update rule for coordinate features xi in EGCL is defined as:

mi j = ϕe (hl
i , hl

j , ∥x l
i − x l

j∥
2

, ei j) (15)

C = 1
M − 1

, mi j ∈ M (16)

x l+1
i = x l

i + C∑
j≠i
(x l

i − x l
j)Φx(mi j) (17)

The relative distance between nodes i and j, the edge features ei j, and the node features hl
i and hl

j
are aggregated through a multi-layer perceptron operation ϕe . The normalization constant C is commonly
selected as 1/(M − 1), where M is the total number of nodes. The aggregated message mi j is further
transformed by another MLP operation Φx .

The node feature hl
i in EGCL is updated as:

mi = ∑
j≠i

mi j (18)

hl+1
i = ϕh(hl

i , mi) (19)

First, the node gathers aggregation information mi from all its neighbors, then applies the MLP
operation ϕh to update the node feature.

In GLM-EP, the EGNN module consists of 3 layers, with hidden dimensionality of 512.

2.8 Gate-Controlled Multi-Head Attention Module
To focus on the extraction of key features, we introduce an attention mechanism to integrate the graph

embedding representations generated by the GCNII and EGNN modules. First, the graph embeddings
from different perspectives are concatenated, and the fused feature matrix f ∈ RL×640 is used as the
query (Q), key (K), and value (V) matrices in the self-attention mechanism. Given that traditional self-
attention mechanisms tend to excessively focus on self-referential features, we adopt a multi-head attention
mechanism to realize distributed attention allocation across the feature space. By computing the weight
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coefficients of each attention head, attention correlations can be established in heterogeneous feature spaces.
The attention weight is calculated as follows:

Attentioni = softmax((Q
w
i )(Kw

i )T
√

dk
) (20)

headi = Attentioni(V w
i W V

i ) (21)

where W Q
i , W K

i , and W V
i represent the learnable weight matrices for the query, key, and value projec-

tions, respectively.
In this work, Attentioni denotes the attention weight matrix with shape L × L for the i-th head

(i = 1, . . . , H), and we set the number of attention heads to H = 16. Importantly, Attentioni is a weight matrix
rather than a function. Each element Attentioni , pq quantifies the contribution of residue q to residue p.
The operation Attentioni(V w

i W V
i ) therefore represents a standard matrix multiplication, which performs a

weighted sum over all residue value vectors (V w
i W V

i ) to aggregate contextual information from the most
relevant neighbors. This clarification eliminates the possible misunderstanding that Attentioni is a function
applied to (V w

i W V
i ), and explicitly shows that it acts as a weight matrix in linear feature aggregation.

To maintain consistency, we have standardized all notations related to the attention mechanism
throughout the manuscript. Specifically, Qw

i , Kw
i , and V w

i denote the projected query, key, and value feature
matrices for the i-th attention head, while W Q

i , W K
i , and W V

i represent their corresponding learnable
projection weights. This unified notation ensures clarity and avoids confusion between feature matrices and
their projection parameters.

To further regulate global information flow, we incorporate a gating control mechanism inspired by the
concept of LSTM, that mathematically formulated as:

G = σ(WG f + bG) (22)

hgated
i = G ⊙ hhead (23)

hgated = concat(hgated
i , L, hgated

H )W (24)

where WG , bG , and W are learnable parameters. ⊙ denotes the element-wise product. Here, hgated
H denotes

the gated hidden representation obtained from the final attention head, and L represents the sequence length
of the protein used in the concatenation operation.

Considering the complex spatial configuration of protein structures, a single gate-controlled attention
head may not adequately capture the full set of local or global features. Therefore, we perform concatenation
over N = 8 independent gate-controlled multi-head attention blocks to obtain the final multi-dimensional
feature representation. The final output H ∈ RL×640×8 is computed as:

H = concat(hgated
i ), i = 1, K , N (25)

In our GLM-EP framework, the tensor dimension of the output from the gate-controlled multi-head
attention block is (L, 640, 8), where L denotes the length of the protein sequence. To prevent overfitting and
enhance model generalization, we apply dropout regularization with a rate of 0.3 on the concatenated tensor,
followed by dimension reduction using global max-pooling and average-pooling to obtain a vector of shape
(L, 640). After that, a multi-layer perceptron (MLP) and a Sigmoid activation function are applied to project
the vector into the interval [0, 1], thereby yielding a binary classification probability prediction required for
identifying essential proteins.
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3 Experimental Results and Analysis

3.1 Baseline Models
To comprehensively evaluate the performance of the proposed model GLM-EP, we introduce a variety of

baseline methods for comparison, covering three typical neural network architectures and three traditional
essential protein prediction algorithms, ensuring the broad applicability and comparability of the results.

First, we select commonly used general neural network architectures in deep learning as reference
models, including MLP, one-dimensional convolutional neural network (CONV1D), and residual network
(RESNET) [47,48]. At the input level, each protein sequence is encoded as a one-dimensional numerical
array representing amino acid indices (ranging from 0 to 21) and zero-padded to a fixed length of 1200.
The MLP consists of a feedforward neural network with two hidden layers, whose hidden dimensions are
640 and 64, respectively. ReLU is used as the activation function [49], with Sigmoid applied at the output
layer and Dropout (rate = 0.5) used for regularization. CONV1D adopts two convolutional layers, with the
first layer’s kernel size set to 1 × 20 and the number of kernels set to 49, followed by max pooling with
kernel size 2 (poolsize = 2); the second convolutional layer uses 40 kernels with a kernel size of 40, and
finally, fully connected layers are used. ResNet follows the classic ResNet-50 architecture officially released by
PyTorch, where the output of the last fully connected layer is adjusted to fit the protein sequence length and
dimensionality. In addition, we include the recently proposed Bingo model [8] as a baseline for comparison.
Bingo is a graph-based deep learning framework that combines protein language representations with graph
neural networks, making it conceptually related to our GLM-EP model and thus suitable for evaluating
architectural improvements.

In addition, to verify the advancement of GLM-EP in essential protein prediction tasks, we also compare
it with three mainstream traditional machine learning methods: EP-GBDT is a gradient boosting decision
tree algorithm based on handcrafted features [50]; DeepCellEss uses deep learning to automatically extract
features from manually constructed biological characteristics for classification [6]. To ensure fairness and
reproducibility, all baseline models were implemented and tested using the same experimental settings as
the proposed method, and the training set was enhanced using adversarial sample generation [51].

3.2 Computational Environment
All experiments were conducted on a workstation equipped with four NVIDIA A6000 GPUs (48 GB

memory each). We used Python as the programming language, and major dependencies include PyTorch,
NumPy, and Scikit-learn. Although GLM-EP integrates multiple modules—GCNII, EGNN, and gated multi-
head attention—the overall computational cost remains reasonable. On the NVIDIA A6000 platform, the
training time per epoch is approximately 1.1× that of the Bingo model, while inference time differs by less than
8%. The total number of trainable parameters is about 32.5 million, comparable to other recent graph-based
architectures. These results demonstrate that GLM-EP achieves a favorable trade-off between predictive
accuracy and computational efficiency.

The complete list of Python packages and their versions can be found in our GitHub repository: https://
github.com/MiJia-ID/GLM-EP (accessed on 01 November 2025).

3.3 Evaluation Metrics
Since the essential protein prediction task for phages is an instance of a binary classification problem,

this paper employs several widely used evaluation indicators to comprehensively evaluate model perfor-
mance, including accuracy, precision, recall (or sensitivity), specificity, F1-score, G-mean, and AUROC. The
specific definitions of these metrics are provided below.

https://github.com/MiJia-ID/GLM-EP
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Accuracy = TP + TN
TP + TN + FP + FN

(26)

Precision = TP
TP + FP

(27)

Sensitivity = TP
TP + FN

(28)

Specificity = TN
TN + FP

(29)

F1-score = 2 ⋅ Precision ⋅ Sensitivity
Precision + Sensitivity

(30)

G-mean =
√

Sensitivity ⋅ Specificity (31)

AUROC = ∫
1

0
TPR(t) d (FPR(t)) (32)

Here, TP, FP, TN, and FN are employed to denote the counts of true and false positives and negatives,
respectively. The F1-score, which serves as a balance between precision and recall, is expressed as their
harmonic mean. G-mean balances classification performance between positive and negative samples.
AUROC reflects the overall discriminative ability of the model across different thresholds. Given that high
precision for identifying essential proteins is particularly important, this study emphasizes F1-score, AUROC,
and G-mean to ensure the reliability and robustness of the model predictions.

3.4 Performance Comparison Experiment
This section verifies through ablation experiments that GLM-EP exhibits superior performance in

the task of predicting essential proteins, while also demonstrating the influence regularity of different
model components on prediction performance. The experimental design adopts a dual-dataset validation
framework, and experiments are conducted on both human essential protein datasets and phage essential
protein datasets. The experimental results (Tables 3 and 4) show that compared with baseline models, GLM-
EP achieves better performance on all five evaluation metrics. Specifically, on the human essential protein
dataset, compared with Bingo, GLM-EP improves accuracy, precision, recall, F1 score, and AUROC by 2.5%,
5.7%, 0.1%, 2.9%, and 1.1%, respectively; on the phage essential protein dataset, GLM-EP improves these five
metrics by 4.6%, 5.4%, 4.1%, 4.7%, and 2.5%, respectively. This demonstrates the good generalizability of
GLM-EP.

Table 3: Performance of different models on the phage essential protein dataset (mean ± std over five runs)

Method Accuracy Precision Recall F1-score AUROC
MLP 0.671 0.638 0.684 0.660 0.746

CONV1D 0.676 0.644 0.688 0.666 0.742
RESNET 0.592 0.740 0.571 0.645 0.761

EP-GBDT 0.686 0.673 0.691 0.682 0.781
DeepCellEss 0.698 0.689 0.702 0.696 0.786

(Continued)
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Table 3 (continued)

Method Accuracy Precision Recall F1-score AUROC
Bingo 0.778 0.784 0.774 0.779 0.867

GLM-EP 0.824* 0.838* 0.815 0.826* 0.892*

Note: * Significant improvement over Bingo (p < 0.05, two-tailed paired t-test).

Table 4: Performance of different models on the human essential protein dataset (mean ± std over five runs)

Method Accuracy Precision Recall F1-score AUROC
MLP 0.536 0.541 0.681 0.577 0.571

CONV1D 0.563 0.563 0.600 0.574 0.592
RESNET 0.555 0.567 0.660 0.577 0.603

EP-GBDT 0.730 0.705 0.792 0.746 0.814
DeepCellEss 0.715 0.690 0.792 0.735 0.793

Bingo 0.873 0.857 0.885 0.871 0.901
GLM-EP 0.898* 0.914* 0.886 0.900* 0.912*

Note: * Significant improvement over Bingo (p < 0.05, two-tailed paired t-test).

As shown in Table 3, GLM-EP achieves competitive or superior performance compared with existing
baseline models. Among them, Bingo performs relatively well due to its graph-based architecture, which
can capture local connectivity patterns between residues. Both Bingo and GLM-EP, which integrate protein
language representations and graph neural networks, exhibit strong predictive capabilities, reflecting the
effectiveness of combining semantic and structural features. However, GLM-EP consistently outperforms
Bingo across all evaluation metrics. Moreover, we conducted a two-tailed paired t-test across five indepen-
dent runs, and the results demonstrate that GLM-EP’s improvements over Bingo are statistically significant
(p < 0.05), highlighting the robustness of our model’s superiority.

In-depth analysis reveals three main factors contributing to this performance gap: (1) Feature represen-
tation: Bingo uses only ESM-2 (3B) protein embeddings, whereas GLM-EP integrates ESM-2 and ProtTrans
dual-encoder features along with handcrafted evolutionary features, yielding richer input representations. (2)
Graph module: Bingo employs CNN-based feature graphs, while GLM-EP adopts a GCNII—EGNN hybrid
architecture, enhancing the expressiveness of local structural information. (3) Feature fusion: GLM-EP
designs a gated multi-head attention fusion module that dynamically assigns weights to sequence and struc-
ture inputs, achieving more adaptive and informative integration than Bingo’s simple concatenation strategy.

Although the two models perform comparably in some metrics, they are fundamentally different in
modeling paradigms. Bingo is a topology-driven GNN focusing on residue connectivity, whereas GLM-EP
incorporates an equivariant geometric mechanism through EGNN, which preserves geometric consistency
and captures fine-grained spatial dependencies. This enables GLM-EP to utilize 3D structural information
more effectively, resulting in more stable and accurate predictions even under similar feature conditions.

To further evaluate the cross-species generalization ability of GLM-EP, we applied it to an independent
human essential protein dataset, as shown in Table 4. Although the model was not specifically fine-tuned
on human data, it showed consistent predictive performance, indicating that the learned embeddings and
graph representations capture common biological principles of essential proteins across different species.
Furthermore, GLM-EP achieved statistically significant improvements over the strongest baseline Bingo
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(p < 0.05, two-tailed paired t-test across five runs), supporting the robustness and generalizability of our
method. These results suggest that GLM-EP has strong potential for applications in other biological systems
with limited experimental data.

3.5 Feature Ablation Experiment
To verify the influence of different types of protein representations on the performance of essential

protein prediction, we designed a feature ablation experiment aimed at comparing the contributions of
traditional biological information features, protein language model features, and their fused features within
the model. Specifically, the three feature combination schemes are as follows: (1) handcrafted features based
on position-specific scoring matrix (PSSM), One-hot encoding, and secondary structure spectra; (2) protein
language model (PLM) features embedded from ESM-2 and ProtTrans; and (3) fusion features that combine
the above two types of features.

Fig. 2 and Table 5 present the performance of the three feature types on the phage protein dataset. The
results indicate that fusion features achieve the best performance across all five evaluation metrics, including
Accuracy, Precision, Recall, F1 score, and AUROC, demonstrating comprehensive superiority.

Figure 2: Performance comparison of different features

Table 5: Performance of different features on phage essential protein datasets

Feature Accuracy Precision Recall F1-score AUROC
Handcrafted 0.703 0.714 0.699 0.706 0.812

PLM 0.779 0.813 0.762 0.786 0.876
Fusion 0.824 0.838 0.815 0.826 0.892

Compared with using handcrafted features alone, the fusion features improved the F1 score by 12% and
the AUROC by approximately 8%. Compared with using protein language model features alone, the fusion
features led to a 4% increase in F1 score and a 1.6% increase in AUROC.

These findings highlight the effectiveness and stability of the feature fusion strategy. From the per-
spective of representation mechanism analysis, protein language model features are trained on large-scale
protein sequences and possess strong cross-species and cross-task transferability, capable of capturing both
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structural information and higher-level functional attributes. In contrast, handcrafted features incorporate
prior biological knowledge, such as PSSM and secondary structure elements, which complement the protein
language model in encoding physicochemical properties that are otherwise difficult to capture. These two
types of features are complementary in their representation dimensions, and their fusion significantly
enhances the model’s discriminative capability and generalization ability.

3.6 Module Ablation Experiment
To evaluate the contribution of key structural modules in the GLM-EP model, we designed a module

ablation experiment by successively removing the GCNII, EGNN, and multi-head attention (MA) modules,
and analyzing their impact on prediction performance. All experiments were conducted on the standard
phage essential protein dataset. The evaluation metrics include Accuracy, Precision, Recall, F1 score, and
AUROC, and the results are shown in Fig. 3 and Table 6.

Figure 3: Performance of GLM-EP after removing different modules

Table 6: Performance of GLM-EP on the phage essential protein dataset after removing different modules

Module removed Accuracy Precision Recall F1-score AUROC
GLM-EP (w/o GCNII) 0.798 0.756 0.826 0.789 0.872
GLM-EP (w/o EGNN) 0.771 0.765 0.775 0.770 0.860

GLM-EP (w/o MA) 0.814 0.800 0.824 0.812 0.878
GLM-EP 0.824 0.838 0.815 0.826 0.892

The experimental results demonstrate that the complete GLM-EP model achieves optimal performance,
with an F1 score of 0.826 and AUROC of 0.892. Removing any of the key modules leads to a decline in
performance, indicating that each module plays an important role. Specifically, removing the EGNN module
results in the most significant decline, with F1 decreasing by 5.6% and AUROC decreasing by 3.2%. Removing
the GCNII module leads to a decrease of 3.7% in F1 and 2.0% in AUROC. Removing the multi-head attention
module has a relatively smaller effect, with both F1 and AUROC decreasing by 1.4%.
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These results reflect the complementarity of the EGNN and GCNII graph neural network modules in the
process of feature construction. Further observation shows that even after removing the MA module while
retaining GCNII and EGNN, the simplified model can still achieve an F1 score of 0.812, which verifies the
effectiveness of hierarchical graph learning. The GCNII module focuses on aggregating local neighborhood
information, whereas the EGNN module captures structural characteristics at the global graph level. The two
modules cooperate to enable the model to integrate both local and global semantic representations, thereby
enhancing classification performance.

4 Conclusion
We proposed an integrated framework, GLM-EP, that combines protein language models with equiv-

ariant graph neural networks to predict essential phage proteins. By integrating the semantic representation
capabilities of language models with the spatial modeling strengths of geometric networks, GLM-EP is able
to capture high-level protein features that are difficult to model using traditional sequence-based approaches.
Experimental results on both bacteriophage and human benchmark datasets demonstrate that our method
consistently outperforms classical machine learning and recent deep learning baselines across multiple
metrics. These results verify the effectiveness of GLM-EP’s architectural innovations and multi-modal
feature fusion mechanism, which combines language embeddings, structural topology, and handcrafted
evolutionary descriptors.

From a biological perspective, accurately identifying essential proteins is key to understanding the
core mechanisms governing phage viability. The features learned by GLM-EP capture biologically mean-
ingful patterns such as conserved residues, structural rigidity, and inter-residue dependencies, which align
with known molecular characteristics of essential proteins. This connection between model representa-
tions and biochemical properties not only enhances predictive performance but also facilitates biological
interpretation. GLM-EP thus provides a computational tool for uncovering therapeutic targets in phage
genomics and contributes to broader research on phage-based antibacterial strategies and cross-species
essentiality analysis.

Despite these strengths, our study has limitations. The model’s performance still depends on the scale
and diversity of benchmark datasets, and generalization to evolutionarily distant or sparsely annotated
phages remains challenging. Future work will incorporate residue-level structural priors predicted by
AlphaFold to improve spatial modeling and will construct a phage-centered knowledge graph that integrates
structural, functional, and interaction data. These enhancements aim to increase model interpretability and
support cross-species transfer. By unifying geometric reasoning with external biological knowledge, future
versions of GLM-EP are expected to achieve better generalization, biological applicability, and utility in
downstream experimental validation.
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