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Abstract. Bacteriophages (phages) are the “killers” and “regulators” of bacteria. In addition to being 
the foundation of life science research, phages are also an extremely promising alternative approach 
to solve the antibiotic crisis. The analysis of phage-specific structures is helpful for understanding 
host recognition and infection, and plays a key role in the study of viral evolution, new antibacterial 
applications, and biological tool development. However, the current bottlenecks in phage structure 
analysis are evident in two aspects: one is the gap between the static conformations extracted by 
structural biology methods and the dynamic functional changes of proteins in the natural infection 
environment; the other is that the strict requirements of advanced characterization technology for 
sample integrity and homogeneity, cumbersome procedures and high cost limit its characterization 
throughput and popularization in use. To overcome the dynamic functionality and throughput 
limitations of traditional structural analysis, people begin to explore computational methods: Basic 
Local Alignment Search Tool (BLAST) directly screens homologous proteins to infer functions; 
Convolutional Neural Networks (CNN) can directly predict structures and features of proteins based 
on their sequences or mass spectra; GNN is good at simulating protein interaction networks and 
their dynamic changes; and integrated platforms like DeepSP-GIN are the trend of future integration 
of multiple deep learning models to achieve high-throughput automatic analysis. This article 
compared and analyzed several commonly used data analysis methods in different situations, and 
summarized the applicable scenarios and effects of each method. 

Keywords: Bacteriophage, Phage-Specific Structure Analysis, Basic Local Alignment Search Tool, 
Convolutional Neural Networks, Graph Neural Networks. 

1. Introduction 

Bacteriophages, with huge populations, act as regulators of bacteria in the wild to maintain 

microbial homeostasis, drive genetic exchange events in the wild, and are involved in the material 

cycle [1, 2]. Since its discovery, bacteriophages have been essential in molecular biology research 

and are the basis of the related research. For example, in the Hershey-Chase experiment, they proved 

that it was DNA, not protein, that was transferred—an incredible discovery [3]. However, since public 

health around the world is threatened by the AMR crisis, research on bacteriophages has become 

increasingly important. The most prominent advantage of phage therapy is that it can specifically kill 

pathogenic bacteria and greatly reduce the possibility of cross-resistance death. It is precisely because 

of this clear target that, in the post-antibiotic era, phages are considered a very promising alternative 

or auxiliary therapy and have once again attracted worldwide research attention on them. The key to 

the function of phages lies in their precise and specific protein structures: the icosahedral capsid used 

to package and protect the genetic material and the structures like tail, tail fiber, and tail spin used to 

recognize and adsorb to the host and inject the genome. These nanoscale structures directly decide 

the host range and infection efficiency of phages. That is, phages will first use the tail fiber to adsorb 

to the specific bacterial receptor, and then contract the tail sheath to inject the nucleic acid into the 

bacterial cell. Finally, using the bacterial environment, phages replicate their nucleic acids, synthesize 

structural proteins, and assemble more phages [4]. 

Ultimately, they release lysozymes to lysate the bacteria and the released phages start the next 

round. 

Therefore, it is of great significance to investigate the high-resolution structural basis of phage-

specific structures for better understanding phage life cycle, viral evolution ways and the molecular 
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mechanism of host interaction as these fundamental information is not only helpful for the effective 

treatment of phage cocktail therapy but also can inspire the design of novel protein nanocarriers, gene 

delivery vehicles, intelligent antimicrobial materials and other advanced biotechnology in general. 

Although the study of phage structure determination is of great significance, and the application 

of traditional structural biology methods - such as cryo-electron microscopy (Cryo-EM) and X-ray 

crystallography [5], which can offer high-resolution atomic-level "snapshots", have achieved certain 

success, technical challenges have also existed in this field for a long time. 

These static "snapshots" are unable to describe the dynamic process that protein goes through 

while fulfilling its function. Therefore, the mechanism of infection, including the conformational 

adjustment of flexible tail fibers, cell wall perforation and DNA translocation, cannot be elucidated. 

On one hand, the experimental methods like cryo-EM and X-ray crystallography have extremely 

high requirements for the purity, homogeneity and sample preparation conditions. However, many 

phage-specific proteins, like flexible tail fibers, are either hard to be crystallized or unstable under 

high vacuum experimental conditions, which bring direct technical challenges related to the sample. 

On the other hand, the experimental procedures of these experimental methods are very 

cumbersome and time-consuming, and the equipment cost is expensive. 

not only limit their large-scale and high-throughput application, but also greatly reduce the speed 

of structural determination and functional annotation of newly discovered phages. To solve the above 

problems, computational biology and bioinformatics gradually formed and developed as new 

methods to solve these problems. With the rapid development of artificial intelligence, especially the 

application of deep learning technology, a large number of powerful computational methods are 

widely used in the process of protein structure prediction and functional annotation, and these 

methods provide possible solutions to solve the above problems and limitations: These methods 

constitute a technical solution from coarse screening to fine simulation, from static prediction to 

dynamic analysis:· Tools such as BLAST use convolutional neural network technology to quickly 

find similar sequences in the database with the target sequence [6], which can be used to infer the 

function or evolution relationship of the target sequence · Convolutional Neural Networks 

Convolutional Neural Networks Convolutional Neural Networks automatically extract features from 

grid-like data such as images and videos through the convolutional and pooling layers [7], which are 

used for applications such as classification, detection, and segmentation. Protein can naturally be 

represented as a graph, where nodes represent atoms or residues and edges represent chemical bonds 

or spatial contacts. Graph Neural Networks have an obvious advantage in modeling protein-protein 

interaction interfaces and their conformational dynamics in the process of interactions [8]. Integrated 

platforms such as DeepSP-GIN are the trend of using predicted protein structures [9], pre-trained 

protein language models, and graph isomorphism networks to identify and classify phage structural 

proteins in this field. By integrating multiple deep learning models, it is hoped that phage sequences 

can be analyzed automatically from sequence to structure to function. Based on the above background, 

it is urgently needed to systematically evaluate and compare the effectiveness of these computational 

methods in analyzing phage-specific structures. However, there is currently a lack of clear guidelines 

to explain which computational tool is most suitable and efficient for different research needs (e.g., 

rapid functional annotation of a newly discovered phage gene, accurate prediction of an unknown 

protein's three-dimensional structure, or in-depth investigation of its dynamic binding mechanism 

with host receptors). Therefore, this study aims to design a series of typical research scenarios to 

conduct a comprehensive comparative analysis of mainstream computational methods—such as 

BLAST, CNN, GNN, and DeepSP-GIN—focusing on their computational principles, applicability 

prerequisites, prediction accuracy, resource consumption, and interpretation difficulty of results. 

Through this research, we hope to summarize the advantages, limitations, and optimal application 

scenarios of various methods, thereby providing a practical methodological selection roadmap for 

phage researchers with different objectives. Ultimately, this will promote leapfrog development in 

both fundamental phage biology research and its applications in medicine, agriculture, and industry. 
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2. Mainstream Computational Technologies for Phage Structure Analysis 

2.1. Sequence Homology and Evolution Analysis: BLAST 

Core Technology: quickly searches databases for known sequences similar to the query sequence, 

and makes inferences based on the principle that "sequence similarity implies functional and 

structural similarity". 

Application in Phage Analysis: Rapidly annotates the functions of newly discovered phage 

proteins, identifies which known protein family they may belong to, and provides a key starting point 

for subsequent in-depth analysis. 

Limitations: Heavily dependent on database quality: If there are no homologous sequences in the 

database, or the functional annotations of related sequences are incorrect themselves, BLAST cannot 

provide reliable results and may even propagate errors. 

Unable to reveal dynamic information: Can only provide static sequence similarity information, 

and completely fails to capture the structural dynamics, conformational changes, or interaction 

kinetics of proteins. 

Limited sensitivity: May miss remotely homologous proteins that have low sequence similarity 

but similar structures and functions. 

2.2. Deep Learning and End-to-End Structure Prediction: Convolutional Neural Network 

(CNN) and AlphaFold2 

Core Technology: Automatically learns multi-level features from the primary amino acid sequence 

of proteins and directly maps them to three-dimensional spatial coordinates, enabling end-to-end 

high-precision prediction from sequence to structure. 

Application in Phage Analysis: Generates reliable atomic-level three-dimensional structure 

models for phage-specific proteins that lack homologous structures or are difficult to analyze using 

experimental methods. 

Limitations: Mainly provides static structures: Tools like AlphaFold2 predict the most stable single 

conformation (usually the ground state) of proteins, and struggle to accurately capture multiple 

conformational states (dynamic changes) of proteins when performing their functions [10]. 

Challenges in complex prediction: They can predict some complexes, but the prediction accuracy 

is generally lower than that of single-chain structure prediction, and the prediction of transient and 

weakly interacting complexes is also suboptimal. 

Inability to simulate environment effect: Usually, folded in an isolated state, it is hard to simulate 

the effect of physiological conditions, i.e., cell environment, pH value, and ion concentration, on 

protein structure. 

2.3. Interaction and Dynamic Conformation Analysis Graph Neural Network (GNN) 

Core Technology: Treats protein structure or complex as graphs, aggregates neighboring 

information through message-passing, effectively learns the geometric features of protein three-

dimensional structure, and is very good at predicting interaction interface and simulating 

conformation change 

Application in Phage Analysis: Accurately predicts the binding site between phage tail fiber 

protein and host surface receptor; analyzes the structural change of phage over the dynamic process 

of infection. 

Limitations: Dependency on input structure-The prediction effect of GNN is very sensitive to the 

quality of the input protein structure. If the initial model of protein structure is wrong, the result 

predicted by GNN will enlarge the error of the initial model. Computation resource requirement- 

Compared with sequence analysis, simulating a large protein complex or dynamics over a long time 

will require more computational resources. Data requirement: High-quality experimental data on 

protein interaction and dynamic conformation for training GNNs are still lacking. 
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Table 1. Comparison of four methods 

Method Computational Principle Applicability Accuracy Efficiency 

BLAST 

Based on sequence 

similarity, searches 

databases to calculate 

alignment scores 

between the query 

sequence and sequences 

in the database, and 

identifies similar 

sequences. 

Suitable for biological 

sequence analysis research, 

applicable to gene function 

prediction, species 

evolutionary relationship 

analysis, etc. 

Depends on database 

size and sequence 

similarity. High 

similarity sequences 

yield high accuracy, 

while significant 

differences exist for 

distantly related 

sequences and 

sequences with high 

variability. 

Calculation speed is 

related to database size 

and sequence length. 

Larger databases require 

more time. Consumes a 

certain amount of 

computational resources 

and time, with low 

retrieval efficiency for 

large-scale databases. 

CNN 

Uses "convolutional 

kernels" to slide and 

extract local features of 

images, compresses 

data through pooling, 

and finally completes 

classification or 

prediction using fully 

connected layers. 

Suitable for processing data 

with grid-like topological 

structures, such as images 

and videos, and can also be 

used for one-dimensional 

sequence data like speech 

signals and text. Widely 

applied in fields such as 

image recognition and 

object detection. 

When processing data 

like images, if data 

features are obvious 

and conform to its local 

feature extraction 

assumptions, high 

accuracy can be 

achieved (e.g., 

excellent performance 

on image datasets like 

ImageNet). However, 

accuracy may be 

limited for data with 

complex topological 

relationships. 

Convolution and pooling 

operations are relatively 

efficient and can be 

accelerated by GPUs. 

Training and inference 

speeds are fast when 

processing large-scale 

data, but training time 

may be prolonged for 

models with complex 

structures. 

GNN 

Based on a message-

passing mechanism, 

each node updates its 

feature representation 

by aggregating 

information from 

neighboring nodes. It 

can learn the 

representation of nodes 

or entire graphs and 

perform feature learning 

and reasoning using 

relationships between 

nodes in the graph. 

Suitable for processing 

graph data with irregular 

structures, such as social 

networks, knowledge 

graphs, and chemical 

molecular structures. 

Applicable to tasks like 

node classification, link 

prediction, and graph 

classification. 

When processing 

graph-structured data, it 

can effectively capture 

relationships between 

nodes, resulting in 

generally high accuracy 

for graph-related tasks. 

However, issues like 

over-smoothing may 

occur when dealing 

with large-scale sparse 

graphs or complex 

graph structures, 

affecting accuracy. 

Computational 

efficiency is related to 

the scale and complexity 

of the graph. When 

processing large-scale 

graph data, the 

computational load of 

message passing is high, 

which may affect 

training and inference 

speeds. However, 

efficiency can be 

improved through 

optimization strategies 

such as sampling. 

DeepSP-

GIN 

As a graph neural 

network-related 

method, it is based on 

graph structures and 

may integrate graph 

convolution, attention 

mechanisms, etc. 

It updates node features by 

aggregating neighboring 

information and may 

include specific 

optimization mechanisms.

 Presumably suitable 

for graph-structured data-

related scenarios, such as 

biomolecular graph 

analysis, social network 

analysis, and 

recommendation systems, 

especially scenarios with 

high requirements for 

accuracy and efficiency 

The Area Under the 

Receiver Operating 

Characteristic Curve 

(AUROC) can reach 

0.996 in the binary 

classification task of 

phage structural 

proteins. It exhibits 

excellent performance 

in multi-classification 

tasks with high 

precision and accuracy. 

High feature extraction 

efficiency. Pre-trained 

models reduce the cost 

of ab initio calculations. 

Graph isomorphism 

networks can effectively 

process protein graph-

structured data, showing 

high pertinence and 

efficiency in extracting 

phage structural features. 
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Application in Phage Analysis: Accurately predicts the binding sites between phage tail fiber 

proteins and host surface receptors; analyzes structural dynamic changes triggered by key steps during 

the infection process. 

Task specificity: Platforms like DeepSP-GIN are usually optimized for specific tasks (e.g., 

stability prediction), and their models cannot be directly used to solve other types of problems (e.g., 

interaction prediction), resulting in limited versatility [9]. 

"Black box" characteristic: Although integrated platforms are powerful, their decision-making 

processes are often opaque and fail to provide clear physical explanations, which is a major drawback 

for applications aimed at understanding mechanisms or designing therapies. 

High deployment and maintenance costs: Such complex computational frameworks have high 

requirements for users' computational knowledge and resources. Table 1 shows a comparison of four 

methods. 

3. Current Core Challenges 

3.1. Data Bottlenecks: Quality, Quantity, and Bias 

Data Scarcity: Although the number of structures in the Protein Data Bank (PDB) is growing 

rapidly, phage-host complex structures with complete functional annotations—especially those 

containing dynamic interaction information—remain extremely scarce. 

Data Homogeneity Bias: Existing structural data is heavily biased towards proteins that are easy 

to crystallize or suitable for cryo-EM, with stable structures and high symmetry (e.g., capsids). In 

contrast, structural coverage of highly flexible, conformationally variable tail devices (e.g., tail fibers) 

is severely insufficient. 

Lack of Data Standardization: Phage genome, protein sequence, and structural data from different 

sources lack unified annotation standards and formats, creating obstacles for large-scale, integrated 

data analysis. 

3.2. Methodological Limitations: The Gap from Static to Dynamic 

Dilemma of Dynamic Prediction: Currently, the most advanced structure prediction tools (e.g., 

AlphaFold2, RoseTTAFold) are mainly proficient in predicting single, stable ground-state structures. 

Their ability to simulate the working cycles of "protein machines" involving large-scale 

conformational changes (e.g., tail sheath contraction, DNA injection) remains limited. 

Complexity of Multi-Scale Modeling: Accurately simulating the entire process of phage infection 

requires combining atomic-level molecular dynamics simulations with cell-level Brownian dynamics 

or coarse-grained simulations, which is computationally expensive and technically immature. 

Trust Crisis of "Black Box" Models: Although deep learning models offer high prediction accuracy, 

their decision-making processes are often opaque. In applications aimed at understanding 

mechanisms or designing therapies, the lack of physical interpretability is a major drawback, making 

it difficult for researchers to fully trust and make key decisions based on prediction results. 

4. Future Development Directions and Prospects 

4.1. Expansion and Deepening of Data Resources 

Initiative: Promote large-scale phage structural genomics projects to systematically analyze the 

key protein structures of representative phages. 

Development: Utilize experimental techniques such as time-resolved cryo-EM and solid-state 

nuclear magnetic resonance (NMR) to capture more transient and dynamic structural snapshots, 

providing crucial time-dimensional data for training and validating computational models. 
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4.2. Development of Next-Generation Computational Methods 

Integration of AI and Physical Models: Develop new hybrid models that combine the data-driven 

capabilities of deep learning with the physical principles of molecular force fields. This is expected 

to achieve more physical and reliable simulations of protein folding and conformational changes 

while maintaining speed. 

Focus on Analytical Methods: Future algorithm competitions will not be limited to predicting 

single static structures, but will focus on predicting conformational ensembles and protein-

protein/polysaccharide complexes. AlphaFold-Multimer technologies need further maturity and 

popularization. Explaining the black box of AI: Interpretability research of models, such as 

visualization of attention mechanisms and feature importance analysis, allows researchers to 

"communicate" with models and know why the model makes a specific prediction, thereby 

establishing trust and proposing new biological hypotheses. 

In this study, comparative research on analytical methods for phage-specific structures was carried 

out, studied the advantages and disadvantages of different methods. For this reason, four types of 

methods BLAST, CNN, GNN and integrated platform DeepSP-GIN were compared and analyzed in 

terms of computational principles, applicability, accuracy and efficiency. The research approach has 

no absolute advantages or disadvantages; the applicable method must be selected according to the 

specific research situation and model. - BLAST is the first choice for a fast preliminary screening and 

functional inference, and the depth is limited by the completeness of the database. CNN/AlphaFold2 

have achieved a revolutionary breakthrough in the high-precision static structure prediction of single-

chain proteins and is the golden standard for getting the atomic resolution models.- GNN has an 

obvious advantage in handling three-dimensional spatial relationships and has a great potential in the 

prediction of interaction interfaces and dynamic conformational simulations.- Integrated platforms 

like DeepSP-GIN are the future development direction of high-throughput and automated analysis 

and is more suitable for specific situations, such as large-scale mutation scanning. 

5. Conclusion 

Through the systematic comparative research on different research approaches, this work aims to 

give phage researchers clear ideas in selecting research methods. It helps to analyze specific situations 

by specific situations and optimize technical routes according to research objectives, which can 

improve research efficiency. In the future, the main challenge is how to combine the advantages of 

these methods, develop next-generation integrated models that can accurately simulate the entire 

dynamics of phage infection process and apply them to phage therapy design and optimization. 
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