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Abstract With the rapid advancements in computer technology and bioinformatics, the prediction of

protein—ligand-binding sites has become a central component of modern drug discovery and develop-

ment. Traditional experimental methods are often constrained by long experimental cycles and high costs;

therefore, the development of accurate and efficient computational methods is of paramount significance

for conserving time and cost. This review comprehensively summarizes the methodological
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advancements and current applications in the field of screening for druggable protein target sites, system-

atically comparing the fundamental principles, advantages, and disadvantages of four main categories of

methods: structure- and sequence-based methods, machine learning-based methods, binding site feature

analysis methods, and druggability assessment methods. Subsequently, by integrating classic case studies,

this paper elaborately discusses the technical support and theoretical guidance afforded by the screening

of protein druggable target sites for drug discovery and drug repositioning. Finally, this paper thoroughly

explores the current challenges inherent in the field of protein—ligand binding site prediction, with a

particular focus on future technological trends, systematically elucidating the developmental prospects

and potential applications of these predictive methods.

ª 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and

Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under

the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The identification and screening of protein targets are critical stages

in modern drug discovery and development, possessing particular

significance for enhancing the efficiency of drug research and

development. A drug target refers to the site of interaction between

a drug molecule and a specific biomolecule within the body, such as

a key protein, which plays a crucial role in the pathogenesis and

progression of diseases. The identification of drug targets is of

paramount importance for elucidating disease mechanisms,

revealing drug modes of action, and evaluating therapeutic

efficacy1—4. Protein ligand-binding sites (LBSs) are typically

composed of amino acid residues within approximately 5 Å of the

protein—ligand atoms and generally feature a substantial binding

interface and suitable hydrophobic properties5—8. However, this

definitional method lacks an in-depth assessment of biological be-

haviors such as mutations, and more precise methods for defining

these sites are urgently needed9. In recent years, the problem of

drug resistance has become increasingly prominent, and the dis-

covery of novel protein targets offers an important avenue for

accelerating new drug development and mitigating drug resis-

tance10. Concurrently, advancements in computational techniques

such as high-throughput screening, molecular docking, and mo-

lecular dynamics simulations have enabled the large-scale screening

of druggable targets11—17.

In recent years, with the rapid advancements in computer

technology and bioinformatics18—23, significant progress has been

made in methods for predicting protein binding sites and assessing

druggability. Traditional experimental methods, such as X-ray

crystallography, can yield high-precision structural information,

but their inherent limitations include long experimental cycles,

high costs, the requirement for native ligands, and difficulties in

capturing dynamic conformations―issues that are particularly

prominent when studying complex targets like cryptic sites24—28.

To address these challenges, computational methods, particularly

those integrating artificial intelligence and molecular dynamics

simulation, have emerged as powerful tools for identifying these

elusive binding sites29. Compared to experimental methods,

computational approaches do not require reliance on known

binding residues and, when combined with high-throughput

screening techniques, can significantly conserve time and

costs30—32. Notably, the deep integration of structural biology,

bioinformatics, and artificial intelligence has provided powerful

research tools for studying protein interaction sites. Unlike tradi-

tional methods that primarily rely on protein and ligand similarity,

novel algorithms capable of integrating multi-source information

have substantially improved target selectivity and affinity33. The

introduction of artificial intelligence technology has significantly

accelerated the prediction process for protein binding sites,

providing new technical support for enhancing the efficiency of

drug target identification6,34,35.

Although existing protein binding site prediction methods have

achieved significant progress, numerous technical bottlenecks

persist concerning prediction precision, computational efficiency,

and method universality. Current prediction methods are primarily

based on the analysis of static protein structures and sequence in-

formation, exhibiting limitations in predicting non-deep-pocket

binding sites and accounting for the dynamic changes of protein

conformations, thereby failing to comprehensively reflect the bio-

logical characteristics of protein—ligand interactions27,34,36.

“Undruggable” targets on intrinsically disordered proteins (IDPs),

along with special binding sites such as covalent modification sites

and allosteric regulatory sites, possess significant value for drug

development; however, the predictive performance of traditional

computational methods for these sites remains suboptimal34,37—39.

In the face of rapidly growing proteomics data, current prediction

methods exhibit limited predictive capabilities for proteins with

unknown structures, and their prediction accuracy significantly

decreases when sequence homology is low25,27,34,40. Therefore,

developing novel prediction methods that can effectively integrate

multi-dimensional data and employ innovative computational stra-

tegies to enhance the accuracy and computational efficiency of

binding site identification will be a key research focus within this

field moving forward.

This review systematically summarizes the methodological ad-

vancements and current application status within the field of

screening for druggable sites on protein targets. The paper first

emphasizes structure-based screening strategies, including methods

such as geometric conformational analysis, energetic calculations,

and molecular dynamics simulations. Subsequently, it systemati-

cally discusses sequence-based analysis methods, including evolu-

tionary conservation assessment and sequence feature recognition.

Furthermore, it deeply explores the application of artificial intelli-

gence methods in this domain, focusing on the implementation

strategies of machine learning, particularly deep learning tech-

niques. On this basis, the paper systematically summarizes the

feature characterization of binding sites and quantitative drugg-

ability assessment methods, and, in conjunction with typical case

studies, elaborates on the practical applications of these methods in

novel drug discovery and drug repositioning. The development and

application of these methods provide a critical theoretical founda-

tion and technical support for innovative drug research and
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development, significantly enhancing research and development

(R&D) efficiency and optimizing development costs. However,

current research still faces technical bottlenecks, including limited

prediction accuracy, difficulties in accurately capturing the dynamic

features of protein conformations, and insufficient integration of

multi-source information. Future research directions should focus

on developing high-precision prediction algorithms, constructing

multi-dimensional information integration platforms, and estab-

lishing experimental validation systems to enhance the accuracy

and practical value of druggable target screening, thereby providing

more reliable theoretical guidance for innovative drug discovery.

2. Binding site prediction methods

The prediction of binding sites constitutes a crucial foundation for

screening druggable targets. In the early stages of research,

binding site prediction primarily relied on manually defined rules

and the comparative analysis of known sites41. With the rapid

advancements in computer technology and bioinformatics, auto-

mated pocket identification techniques have become predominant,

currently encompassing three main categories of prediction

methods: structure-based, sequence-based, and machine learning-

based approaches (Table 1; Fig. 1).

2.1. Structure-based methods

2.1.1. Geometric and energetic methods

2.1.1.1. Cavity search-based methods. Cavity search-based

methods identify potential protein pockets by analyzing the

three-dimensional geometry of the protein surface to locate large

cavities on the protein structure. These methods do not require

energy calculations or consideration of ligand binding, offering

the advantage of enabling rapid identification of potential binding

sites on the protein surface6,42,43.

Representative tools from early geometric methods include

POCKE44 and LigSite45; these methods employ a geometric grid to

cover the target protein and measure pocket size based on corre-

sponding “protein—solvent—protein” events, and are characterized

by fast computation and simple operation. SURFNET46 screens for

candidate pockets by generating molecular surfaces from three-

dimensional (3D) coordinates and placing probe spheres in the in-

terstices. PASS47, in contrast, analyzes buried regions within the

protein structure, enabling rapid and efficient analysis of medium-

sized proteins. Fpocket48 extracts binding pockets in proteins

through Voronoi tessellation and shape analysis, ranks these pockets

using partial least squares fitting, and selects predicted binding sites

by combining physicochemical descriptors, druggability scores, and

visual inspection. Due to its ease of use, capability for standalone

analysis, and fast computation speed, Fpocket has become one of

the more popular tools for analyzing protein binding pockets in

recent years. However, while Fpocket achieves high recall in pre-

dicting potential protein binding pockets, it still outputs many false

positives. PocketPicker49, an automated geometry-based technique,

selects non-protein points using burial level and subsequently

clusters them into pockets.

Cavity search-based methods offer advantages such as high

efficiency, speed, and ease of operation, but they also possess

certain limitations. Firstly, these methods primarily analyze the

static structure of proteins, neglecting protein flexibility and

thus failing to represent dynamic changes that occur during the

binding process34. Secondly, current methods provide a limited
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understanding of the chemical properties of ligands and binding

sites, and the geometric shape of a protein is not always correlated

with ligand binding behavior, which can lead to prediction er-

rors34,50. Furthermore, these methods often rely on complex

binding calculations, resulting in high computational costs that

limit their application in large-scale studies.

2.1.1.2. Energy-based assessment methods. Energy probes are

specific small molecules or functional groups (e.g., water mole-

cules, methyl, amino, carboxyl, and hydroxyl groups) used to

evaluate the interaction energy between a protein and potential li-

gands. The core principle of energy-based assessment methods is to

map the ligand-binding surface of a protein by calculating the po-

tential energy distribution at different probe positions51,52. Q-Site-

Finder53 identifies potential binding sites by assessing the

interaction energy between the protein and van der Waals probes,

subsequently performing cluster analysis and prioritizing sites

based on their accumulated energy values and spatial proximity.

FTSite54 employs a multiple molecular probe strategy by con-

structing a computational grid on the protein surface, systematically

placing probes onto this grid, and then forming consensus clusters

through cluster analysis and score ranking, preferentially screening

regions that interact with multiple probes to accurately predict

potential LBSs. Energy-based assessment methods not only

comprehensively consider intermolecular interactions but also

exhibit strong tolerance to missing atoms in the input structure,

enabling efficient large-scale binding site screening while main-

taining prediction accuracy6. However, while these methods

demonstrate excellent performance in predicting single binding

sites, they still face limitations when dealing with complex systems

involving multiple interaction sites. Concurrently, these methods

may not fully simulate all biological factors influencing molecular

interactions55, which somewhat restricts their scope of application.

2.1.2. Molecular dynamics simulation methods

2.1.2.1. Mixed-solvent molecular dynamics (MixMD). Mixed-

solvent molecular dynamics (MixMD)56,57 is a probe-mapping

technique that incorporates considerations of protein dynamic

properties. Its core principle involves performing molecular dy-

namics simulations within a mixed solvent system composed of

water and organic molecules, subsequently identifying potential

drug binding sites through an analysis of the preferred binding lo-

cations of these organic solvent molecules. The advantage of

mixed-solvent simulation techniques lies in their capacity to accu-

rately delineate binding hotspots on the protein surface; these

techniques have been successfully applied to the identification and

characterization of active sites, allosteric sites, protein—protein

interaction (PPI) interfaces, and cryptic pockets50. Studies have

demonstrated that MixMD can precisely identify the allosteric site

of GSK3ß within a specific surface region, a finding that holds

significant guiding importance for the development of allosteric

inhibitors targeting GSK3ß50.

As previously discussed, the shape of a protein pocket is not

the sole indicator of ligand binding behavior; in contrast to the

geometry-based Fpocket method, MixMD can capture precise

binding sites on the protein surface founded upon molecular dy-

namics, thereby offering improved precision50. When compared to

the FTMap technique, which similarly maps hotspots, MixMD can

more accurately capture the dynamic changes of allosteric pro-

teins during the binding process50,58. However, for more complex

systems that necessitate helix or domain movements, MixMD,

even when employing accelerated dynamics, may not

T
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comprehensively capture all binding sites, consequently leading to

longer computation times and higher computational costs59.

2.1.2.2. Site-identification by ligand competitive saturation

(SILCS). Site-identification by ligand competitive saturation

(SILCS)60 is a computational method that combines Grand Ca-

nonical Monte Carlo (GCMC) and Molecular Dynamics (MD)

simulations to identify potential LBSs. This method explores the

chemical space of a protein by simulating the interactions between

the target protein and small-molecule probes representing com-

mon functional groups. Subsequently, it constructs functional

group free energy maps (FragMaps) by normalizing and applying

Boltzmann weighting to the probability distributions of these

functional groups. FragMaps facilitate the simultaneous consid-

eration of crucial factors such as protein conformational flexi-

bility, functional group specificity, and protein desolvation,

thereby offering multifaceted guidance and significant application

value for drug discovery61—63. A notable advantage of the SILCS

method is its capacity to employ multiple solvent probe molecules

concurrently, thereby enabling a comprehensive probing and

characterization of potential binding sites on the protein surface60.

However, the selection of solvent probes necessitates careful

consideration of the binding site’s spatial characteristics. For

example, probe molecules that are excessively large may be un-

able to access narrow channels within the protein, potentially

leading to the omission of some critical binding sites62.

2.1.2.3. Markov state models (MSMs). Markov state models

(MSMs)64—66 are a class of methods that partition configurations

obtained from molecular dynamics simulations into multiple non-

overlapping microstates based on geometric criteria. These mi-

crostates are subsequently used to construct a metastable state

space wherein transitions between states follow a Markov process,

ultimately facilitating a microscopic-to-macroscopic model

transformation through coarse-graining. MSMs can reveal the

transition mechanisms between different protein conformations,

demonstrating considerable utility in fields such as allosteric site

identification and protein interaction analysis.

A significant advantage of MSMs is their ability to extract

long-timescale kinetic features from short-timescale molecular

dynamics simulations, construct stochastic kinetic models, and

enable the automatic identification of metastable states, thereby

overcoming the timescale limitations of traditional MD67,68.

Limited sampling can lead to poorly sampled microstates; the

Nyström method, based on algebraic principles, overcomes this

issue by mitigating interference from limited sampling in the

identification of metastable states64. Despite their numerous

advantages, the limitations of MSMs cannot be ignored: MSM

sampling capability is constrained by the simulation timescale,

and events that occur beyond the accessible timescale of the

MSM cannot be captured. Furthermore, the accuracy of MSMs

depends on the precision of the force field; although existing

force fields perform well in many systems, they may exhibit

limitations when addressing more complex systems. Lastly,

while MSMs can establish quantitative relationships with

experimental data, the direct correlation of simulation results

with experimental observations remains a pressing issue

requiring further methodological improvements66.

2.1.2.4. Enhanced sampling methods. Although traditional

molecular dynamics simulations can facilitate the study of protein

structural changes and conformational fluctuations through

conformational sampling, their sampling efficiency in exploring

optimal conformations has not yet reached an ideal level. This is

primarily because energy barriers within low-energy regions hinder

transitions between adjacent low-energy conformations of the sys-

tem69. In recent years, researchers have developed various enhanced

sampling strategies to improve the efficiency of exploring confor-

mational space. Among these, Gaussian accelerated Molecular

Dynamics (GaMD) achieves efficient sampling of biomolecular

conformations through unconstrained enhanced sampling. This

method primarily smooths the original potential energy surface by

Figure 1 Overview of protein druggability target screening tools. This figure depicts the four categories of protein druggability target screening

tools discussed in this section, which include structure-based methods, sequence-based methods, machine learning approaches, and integrated

prediction methods that combine multiple approaches.
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introducing a harmonic boost potential, thereby lowering the energy

barriers of the system70. Multicanonical Molecular Dynamics

(McMD), by applying a bias to accelerate dynamics, enables the

study of phenomena such as intermolecular binding processes at

atomic resolution, capabilities currently unattainable by experi-

mental methods or traditional MD simulations71,72.

Enhanced sampling methods exhibit numerous significant

advantages. Firstly, these methods can accurately predict the

native binding conformations of compounds and elucidate mo-

lecular binding mechanisms by analyzing binding and dissocia-

tion processes, thereby providing micro-level insights for protein

binding site prediction. Furthermore, by analyzing binding

mechanisms, dynamic docking can guide the modification of

functional groups, optimize binding characteristics, and enhance

compound affinity and specificity. More importantly, enhanced

sampling methods have a broad scope of application and are

suitable not only for academic research but also for drug opti-

mization in industrial settings, aiding in the study of high-

affinity, high-specificity drugs. Notably, although enhanced

sampling algorithms can effectively overcome the multiple-

minima problem and improve sampling efficiency, their com-

plex implementation, high computational cost, and sensitivity to

parameter settings limit their widespread application in macro-

molecular systems69. Recent studies have demonstrated that

combining enhanced sampling with machine learning can over-

come some of these limitations, thereby enabling the discovery

of previously elusive cryptic sites. Within the extensive trajec-

tories generated by enhanced sampling, Chen et al.29 effectively

integrated machine learning to achieve automatic mining of key

conformational features, overcoming the traditional limitations

of relying on prior knowledge to preset coordinates and avoiding

the misidentification or omission of important conformations

caused by human bias. Particularly for capturing open confor-

mations that do not necessarily correspond to the lowest energy

states or MSM macrostates, developing unbiased universal

identification methods has become crucial.

2.1.2.5. Reversed allostery-driven cryptic pocket discovery.

Traditional allosteric site prediction methods have primarily

focused on communication signals propagating from allosteric sites

to orthosteric sites. However, recent advances in allosteric theory

have revealed that allosteric coupling is bidirectional, with orthos-

teric perturbations capable of modulating allosteric sites through

reversed allosteric communication. This paradigm shift has opened

new avenues for discovering cryptic allosteric sites that are not

visible in static protein structures but emerge only under specific

dynamic conditions. The reversed allosteric communication theory,

pioneered by Ni et al.73 proposes that signals can propagate from

orthosteric sites to allosteric sites, facilitating ab initio identification

of allosteric sites without prior knowledge of their locations. This

approach offers a more physiologically relevant method compared

to techniques that rely on artificial perturbations, as it uses natural

orthosteric ligand binding as the perturbation source. The compu-

tational framework integrates large-scale accelerated molecular

dynamics simulations with Markov State Models to capture

conformational dynamics and identify metastable states triggered

by orthosteric ligand binding. The AlloReverse web server, devel-

oped by Zha et al.74 represents a practical implementation of this

theory, providing multiscale analysis of multiple allosteric regula-

tions and revealing hierarchical relationships among different

allosteric pathways. This method has demonstrated success in

identifying novel allosteric sites on proteins such as CDC42 and

SIRT3, with experimental validation confirming the functional

relevance of the predicted sites.

2.2. Sequence-based methods

2.2.1. Evolutionary conservation analysis

During the evolutionary process of proteins, functionally critical

amino acid residues often exhibit high conservation, as natural

selection pressure primarily acts on domains possessing important

biological functions75. Based on this evolutionary theory, re-

searchers analyze sequence variation patterns in protein families

or genes across different species to thoroughly investigate their

evolutionary history and conserved structural-functional features,

thereby accurately identifying domains with important biological

functions in proteins76,77. ConSurf78, a classic LBS prediction tool

based on evolutionary conservation analysis, operates on the core

principle of identifying functional regions by mapping phyloge-

netic information onto the protein structure’s surface. The latest

version of ConSurf integrates an optimized algorithmic framework

that not only provides more precise conservation scoring methods

but also introduces a confidence index assessment system,

significantly enhancing the accuracy of its prediction results.

Cofactor75 is a next-generation prediction tool that innovatively

integrates structural and sequence alignment algorithms,

employing structural modeling and a combined global-local sim-

ilarity search strategy to accurately identify interaction sites

among protein molecules or between proteins and other mole-

cules. Through large-scale benchmark tests and blind test exper-

iments, Cofactor has been demonstrated to be significantly

superior to existing state-of-the-art prediction methods in terms of

prediction accuracy.

2.2.2. Sequence pattern recognition

With the rapid development of high-throughput sequencing tech-

nologies, vast amounts of novel protein sequence data are deter-

mined and publicly released each year. Consequently, sequence

template-based LBS prediction methods have garnered wide-

spread attention. The core principle of these methods is to use

sequence alignment algorithms to perform homology analysis

between the target protein sequence and known protein sequences,

followed by selecting the optimal template based on sequence

similarity. Subsequently, potential LBSs on the target protein are

predicted by analyzing information from experimentally verified

ligand-binding residues in the template51. PSIPRED79, a widely

validated prediction tool, can perform high-precision secondary

structure prediction based on input protein sequences. The syn-

ergistic application of two complementary algorithms, TM-SITE

and S-SITE, significantly enhances the prediction accuracy of

protein binding sites. S-SITE80 is based on binding-specificity

sequence profile-profile alignments, while TM-SITE primarily

performs structural comparison of subsets of continuously

distributed residues in the target protein pocket; their combined

use can significantly improve both prediction reliability and

coverage.

Sequence-based prediction methods rely solely on one-

dimensional amino acid sequence information for analysis,

requiring no three-dimensional structural data support, and thus

offer the advantage of high computational efficiency. However,

LBSs exhibit high conservation at the spatial or conformational

level, whereas sequence-level conservation is relatively lower; this

lack of structural information limits the prediction accuracy of

sequence-based methods. With the development of machine
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learning, vast amounts of sequence information can be processed

and its constituent patterns extracted, enabling sequence-based

methods to overcome some of their previous limitations27,55,80.

In traditional computational methods, structure-based ap-

proaches often require detailed molecular structure information,

while sequence-based methods rely on the comparative analysis of

amino acid sequences; both types of methods can be inefficient

and cumbersome when dealing with complex biological systems.

Through learning from large volumes of sequence data and model

optimization, machine learning can analyze complex protein

binding site information, extract key features, identify underlying

patterns, and significantly improve prediction efficiency81,82,

thereby proving useful for efficiently processing massive datasets,

reducing computational costs, and accelerating large-scale

screening processes83.

2.3. Machine learning methods

Given the rapid advancements in artificial intelligence technology,

machine learning has demonstrated immense potential in the field

of drug discovery84—86. Early research primarily focused on the

construction of association models and descriptors for target

proteins and ligands, utilizing classification algorithms, such as

support vector machines, for binding site prediction. More

recently, researchers have developed diverse deep neural network

models to generate string representations of novel compounds,

thereby fostering the synergistic integration of structural drug

design and deep learning technologies87.

2.3.1. Traditional machine learning methods

Traditional machine learning methods for LBS primarily employ

two main strategies: one being structure-based direct prediction

methods that entail extracting and computationally analyzing the

spatial and chemical features of the target protein for feature

recognition, and the other being rule-based prediction methods

that predict and rank candidate sites81. Machine learning methods

offer several advantages. They can effectively handle complex

data that is challenging to interpret using solely physical or

geometrical approaches. Additionally, they efficiently process vast

amounts of structural, environmental, and feature information

associated with protein binding sites. Moreover, their computa-

tional cost and time efficiency are considerably superior to those

of traditional prediction methods, rendering them particularly

suitable for large-scale site screening83. However, machine

learning methods also present certain limitations. Their predictive

performance is highly dependent on the accuracy of feature en-

gineering, which can potentially lead to false positives, such as the

incorrect identification of non-druggable regions. Concurrently, an

over-reliance on data correlation at the expense of establishing

causality can compromise prediction accuracy, underscoring the

importance of enhancing model generalization capabilities to

effectively address practical challenges in virtual screening55,88.

Among traditional machine learning methods, Support Vector

Machine (SVM), Random Forest (RF), and Gradient Boosting

Decision Tree (GBDT) are three of the most representative al-

gorithms. This section will provide a systematic analysis of the

fundamental principles, application scenarios, and respective ad-

vantages and disadvantages of these methods.

2.3.1.1. Support vector machine (SVM). Support vector ma-

chine (SVM)89 is a machine learning algorithm for binary

classification problems; its core mechanism involves transforming

input vectors into a high-dimensional feature space through non-

linear mapping and constructing a linear decision boundary

within this space. This decision boundary possesses unique

mathematical properties that ensure the algorithm’s high gener-

alization ability, thereby enabling accurate differentiation of

sample data belonging to different classes. Owing to its excellent

classification performance and high-dimensional data processing

capabilities, SVM has demonstrated significant advantages in the

field of protein binding site prediction89. Furthermore, SVM can

integrate multidimensional information―such as geometric fea-

tures, interaction potentials, offsets, conservation scores, and

properties of the surrounding pocket―to provide more compre-

hensive and accurate binding site predictions that are significantly

superior to traditional prediction methods90.

Machine learning prediction tools based on support vector

machines primarily include Target91, eFindSite92, and COACH93,

among others; these tools combine protein structure modeling

with the identification of homologous proteins with bound ligands

in the PDB database to infer the binding sites of target proteins94.

Target exhibits high accuracy in protein—ligand binding site

prediction due to its powerful feature extraction capabilities and

classification techniques, but it is computationally time-

consuming. eFindSite can effectively handle low-quality protein

structures (such as homology models and weak homology tem-

plates) and demonstrates excellent performance in large-scale

proteome analysis, particularly in scenarios where only the

target protein sequence information is available. COACH, by

integrating multiple prediction methods, not only fully utilizes

structural and sequence information but also adapts to structural

data of varying quality, thereby demonstrating excellent predictive

performance in complex systems94. The recently developed SVM

prediction tool, COACH-D95―an enhanced version of the

COACH server―predicts LBSs by combining multiple template-

based and template-free methods, and constructs protein—ligand

complexes using consensus prediction and molecular docking al-

gorithms. Benchmark test results indicate that COACH-D signif-

icantly reduces spatial clashes between ligands and protein

structures (by 85%) through molecular docking and outperforms

other LBS prediction methods in blind tests, thereby providing a

more accurate prediction tool for drug discovery research.

2.3.1.2. Random forest (RF). The random forest (RF)

method96 effectively addresses the limitations of traditional de-

cision tree methods by constructing multiple decision trees

through random sampling in different subspaces of the feature

space. The RF algorithm can efficiently handle hundreds to

thousands of molecular descriptors and enhances the model’s

generalization ability and robustness through ensemble learning,

rendering it particularly suitable for handling large-scale imbal-

anced datasets and demonstrating superior sensitivity and overall

performance in bioactive compound classification tasks97,98.

P2Rank99 is a protein binding site prediction tool based on the

random forest algorithm, which achieves prediction by classifying

protein surface atoms as belonging to or constituting binding sites.

This method comprehensively analyzes the local environmental

features of solvent-accessible surface (SAS) points―including

physicochemical properties, geometric configurations, and statis-

tical information―and assigns scores to these points by

combining the feature vectors of neighboring atoms. Compared to

existing methods that require input or integration with other bio-

informatics tools or databases, P2Rank does not require complex
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preprocessing steps and supports automated prediction via a

command-line interface. Furthermore, P2Rank can directly pro-

cess multi-chain structures and identify potential binding sites

formed by multi-chain residues, exhibiting outstanding perfor-

mance in terms of computational efficiency and prediction accu-

racy, which makes it particularly suitable for the rapid and precise

prediction of novel allosteric sites99—102.

2.3.1.3. Gradient boosting decision tree (GBDT). The gradient

boosting decision tree (GBDT)103, an ensemble supervised ma-

chine learning algorithm extensively utilized for classification and

regression problems, iteratively trains decision trees through the

integration of multiple weak learners and optimizes the loss

function via the gradient descent method, thereby continuously

enhancing the model’s predictive accuracy. As an advanced iter-

ation of the gradient boosting algorithm, the Extreme Gradient

Boosting algorithm (XGBoost)104 significantly enhances model

training efficiency through the introduction of parallel computing

and distributed learning mechanisms. Concurrently, this algorithm

optimizes out-of-core computation strategies, which enables the

processing of large-scale data under memory-constrained condi-

tions, thereby facilitating significant breakthroughs in system

scalability and overall performance. Moreover, the XGBoost al-

gorithm supports custom objective functions and evaluation met-

rics, a feature that further enhances the model’s predictive

accuracy105,106. The SimBoost algorithm acquires features by

constructing target-target similarity, drug—drug similarity, and

drug—target interaction networks, and then employs these features

as input to a gradient boosting regression tree for training107.

2.3.2. Deep learning methods

As an advanced machine learning technique, deep learning utilizes

complex learning mechanisms, achieved by constructing artificial

neural networks inspired by the human brain’s structure, and has

demonstrated breakthrough progress in multiple fields, including

image classification and natural language processing51,108—112.

Deep learning models can automatically learn from fundamental

protein features (including amino acid sequences, three-

dimensional structures, and surface characteristics) to efficiently

identify binding sites. Through the integration of neural network

models with spatial information, deep learning techniques can

effectively identify and predict potential binding pockets.

2.3.2.1. Convolutional neural networks (CNNs). The con-

volutional neural network (CNNs)108, a representative deep learning

model, is widely used in image and video processing; however,

specific processing strategies are often required when addressing

non-Euclidean data such as protein structures and three-

dimensional point cloud data. The basic workflow for applying

CNNs to protein analysis includes data preprocessing and integra-

tion of binding site information, construction of the convolutional

neural network model, and selection of classification models based

on protein binding site feature metrics113. Through multi-scale

spatial feature extraction, convolutional neural networks can

effectively capture local and global feature patterns in data, thereby

exhibiting strong feature adaptability. Furthermore, through the

optimization of weight matrices during the learning process, CNNs

can minimize prediction errors, demonstrating excellent prediction

accuracy in protein binding site prediction tasks114,115. DeepSurf116

innovatively integrates surface-based local three-dimensional grid

representations with a three-dimensional convolutional neural

networks (3D-CNNs) architecture, achieving prediction accuracies

of 67% and 44.5% on the Coach420 and Holo4K standard datasets,

respectively, and significantly outperforming other existing deep

learning tools. DeepBindGCN employs an innovative graph repre-

sentation method, wherein protein pocket residues and ligand atoms

are constructed as graph nodes, and it maintains spatial structural

information and physicochemical features through adjacency re-

lationships. Distinct from traditional methods, DeepBindGCN dis-

cards conformational search strategies, thereby substantially

enhancing prediction efficiency; a single prediction, for instance,

requires only 0.0004 to 0.0012 s during virtual screening pro-

cesses117. Beyond direct druggability prediction, CNNs have also

been developed for complex conformational analysis and cryptic

site identification. For example, Chen et al.29 developed a residue-

intuitive hybrid machine learning (RHML) framework that in-

corporates an interpretable CNN multiclassifier. This RHML model

addresses the challenge of the lack of predefined category labels in

molecular dynamics (MD) trajectories by combining unsupervised

clustering with CNNs. Importantly, it employs a Local Interpretable

Model-Agnostic Explanation (LIME) framework to provide

residue-level interpretability, thereby identifying key residues that

define specific conformational states, including those associated

with cryptic allosteric site opening. This interpretability feature is

crucial for translating complex deep learning outputs into action-

able biological insights, thereby advancing drug discovery efforts.

2.3.2.2. Graph neural networks (GNNs). Graph neural net-

works (GNNs)118,119 are a class of deep learning architectures

specifically designed for processing non-Euclidean, graph-struc-

tured data. GNNs have demonstrated significant advantages in

handling non-Euclidean data and have been successfully applied

across various research fields, including text classification, traffic

flow prediction, and physical system simulation. In the biomedical

field, GNNs have been widely applied to tasks such as quantum

property prediction, molecular fingerprint generation, protein

interface identification, and drug—target interaction prediction.

This approach not only simplifies the molecular modeling process

but also exhibits rotational and translational invariance, while

concurrently enhancing model training efficiency and effectively

handling complex node feature information. However, GNNs

continue to face challenges in three-dimensional voxel segmen-

tation tasks; their computational efficiency is lower than that of

3D-CNNs, and they may incur greater computational overhead81.

GraphSite120 combines deep learning with graph representations

of local protein structures, achieving precise classification of LBSs

via an improved graph neural network architecture. This method

effectively extracts structural features, physicochemical proper-

ties, and evolutionary information of binding pockets using neural

weighted message passing layers, significantly reducing the risk of

overfitting and improving classification accuracy. This approach

can achieve prediction without ligand information, exhibits strong

generalization capability, effectively identifies non-binding sites,

significantly reduces the false positive rate, and shows consider-

able promise for practical application.

2.3.2.3. Transformer. The transformer model, a deep learning

architecture founded upon a self-attention mechanism, was

initially applied in the field of natural language processing. The

core principle of this model involves dynamically assigning

attention weights to different sequence positions, thereby effec-

tively capturing the relative importance of various segments of the

sequence121,122. In the domain of protein binding site prediction,
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the Transformer model analogizes protein sequences to language

text. It learns sequence context information through pre-training to

construct efficient biological feature representations, which are

subsequently applied to tasks such as structure prediction, func-

tional analysis, and stability assessment, thereby significantly

advancing the development of protein representation learning. The

introduction of Transformers has significantly enhanced the ca-

pacity of machine learning models to capture long-range de-

pendencies between sequence elements, facilitating a deeper

understanding of sequence features123. The Motif2Mol model87

integrates the Transformer architecture with a biochemical lan-

guage model and is capable of predicting novel active compounds

based on the sequence motifs of LBSs. This model demonstrated

excellent performance in large-scale validation involving 228

human kinase sequence motifs and protein kinase inhibitor (PKI)

data, not only achieving high prediction accuracy rapidly but also

consistently maintaining a low validation loss. In 2024, Ryuichiro

Ishitani and colleagues81 developed an innovative method by

fusing a rule-based approach with a graph transformer neural

network to construct a LBS prediction model. Compared to

traditional 3D-CNNs, this model can incorporate multiple atomic

and residue features as node attributes, enhancing its ability to

process complex input data and demonstrating significant advan-

tages in predicting complex protein binding sites.

2.4. Integrated prediction by combining multiple methods

2.4.1. Ensemble learning methods

In the early stages of machine learning development, researchers

primarily relied on single models to address various prediction

tasks. However, single models, such as support vector machines,

often exhibit limitations, including overfitting, underfitting, and

low computational efficiency when processing complex, high-

dimensional data. Ensemble learning models, by leveraging the

strengths of multiple learning algorithms, can predict protein

binding sites more comprehensively and accurately. COACH93

integrates five independent prediction methods―TM-SITE,

S-SITE, COFACTOR, FINDSITE, and ConCavity―and employs

a Support Vector Machine (SVM) for model training, leveraging

the complementarity of these algorithms to achieve genome-wide

annotation from protein sequence to structure and function. In a

test set of 500 non-redundant proteins, COACH’s predictions

demonstrated a 12.5% improvement in the Matthews Correlation

Coefficient (MCC) value compared to single algorithms, and it

exhibited excellent performance in the CAMEO experiment with

an AUC (Area under the ROC curve) score of 0.87, highlighting

its superior accuracy and coverage relative to single algorithms.

dSPRINT124, an ensemble machine learning method, predicts not

only protein—LBSs but also interaction sites with DNA, RNA,

ions, and peptides, significantly expanding its prediction scope;

concurrently, this method can identify binding sites and predict the

binding properties of structural domains. In the field of

protein—membrane interaction research, peripheral membrane

proteins (PMPs) are important therapeutic targets for various

diseases; however, due to the complexity of the

protein—membrane interface, the lack of structural information,

and the absence of computational workflows, PMPs are often

categorized as difficult-to-drug proteins. The DREAMM125 server

employs an ensemble machine learning algorithm specifically

designed for membrane interface identification and binding pocket

prediction in PMPs. Additionally, the XGBoost model126 in-

tegrates the advantages of tree-based and linear models. In

research on the development of CYP450 inhibitors, investigators

utilized XGBoost and other learning models to analyze molecular

descriptors and fingerprint features. The XGBoost model subse-

quently demonstrated optimal classification performance on the

test set (average prediction precisionof 90.4%), surpassing a deep

learning model developed using a multitask deep autoencoder

neural network (88.5%)127.

2.4.2. Multimodal fusion methods

Because protein binding site prediction involves complex physi-

cochemical properties, sequence information, and structural de-

tails, among other multidimensional data, traditional methods

struggle to effectively integrate these diverse types of informa-

tion, resulting in significantly limited prediction accuracy.

Multimodal fusion methods refer to the integration of multi-

source information, including protein sequence and structure, to

fully leverage the complementarity and diversity of various data

types. This approach facilitates a comprehensive analysis of

protein characteristics and binding behaviors. An exemplary

multimodal fusion method is an LSTM-based classifier128. This

method innovatively uses volumetric representation to integrate

the three-dimensional structure of proteins with the biological

attributes of amino acids (e.g., hydrophobicity, isoelectric point,

and charge). It also extracts sequence features using auto-

covariance and joint-triad algorithms and finally constructs a

multimodal input feature set for joint modeling and prediction.

Fusing protein sequence and structural information can help

reveal evolutionary changes in sequence, structure, and function.

MultiSeq129, a unified bioinformatics analysis environment,

achieves cross-fusion of these domains by employing integrated

cross-referencing, which functions as an informal version of

ontology-driven knowledge extraction and discovery. Specif-

ically, MultiSeq supports automatic metadata download and data

redundancy removal, which aids in accelerating the evolutionary

analysis of sequence and structural data. Furthermore, it can be

integrated with various common bioinformatics tools (e.g.,

HMMER) and possesses multifunctional input/output capabil-

ities, thereby reducing task execution time and cost. Auto-Fusion

is an adaptive fusion technique that effectively merges multi-

modal features by learning to compress information from

different modalities while preserving their contextual informa-

tion130. MPRL is an innovative framework that learns unified

unsupervised representations of proteins by combining primary

and tertiary structural data, thereby overcoming the limitations of

traditional pre-training methods. This tool utilizes Auto-Fusion to

synthesize joint representations, thereby enhancing the capacity

for multimodal information extraction and creating robust and

comprehensive protein representations131. In a series of task ex-

ecutions, MPRL achieved an accuracy of up to 83.9% in enzyme

identification and performed exceptionally well in analyzing

protein fold classification, demonstrating strong adaptability and

competitiveness.

3. Binding site feature analysis

A systematic analysis of the structural and functional features of

predicted binding sites (Fig. 2) not only facilitates a comprehen-

sive assessment of their druggability as pharmaceutical targets but

also reveals their potential biological functions, thereby offering a

theoretical basis for drug molecule design and optimization and

consequently accelerating the new drug development process.
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3.1. Structural feature analysis

Shape descriptors that quantify parameters of protein structures,

including features such as volume, depth, surface curvature, and

accessibility, are widely applied in the study and comparison of

protein—ligand interactions, PPI, and their binding sites. The bio-

logical function of a protein is primarily determined by the three-

dimensional structure of its specific binding sites. These functional

binding sites are predominantly distributed on the protein’s mo-

lecular surface, and their specificity is jointly determined by the

spatial arrangement of dozens of non-hydrogen atoms and their

physicochemical properties132. Most small-molecule ligands typi-

cally bind to large cavities or concavities on the protein surface,

given that a sufficiently large interaction interface is necessary to

generate strong binding affinity133. Therefore, identifying LBSs

based on the geometric features and spatial dimensions of protein

binding pockets remains a prevalent strategy in this research field.

3.1.1. Geometric shape and size

3.1.1.1. Pocket volume and depth. As early as the 1990s,

protein binding site prediction methods based on geometric shape

and spatial dimensions had achieved significant progress; these

methods are primarily categorized into grid-based and grid-free

approaches. The fundamental principle of grid-based methods (e.

g., POCKET44 and LigSite45) is to cover the protein structure with

a three-dimensional grid and identify possible binding pockets by

searching for protein—solvent—protein interfaces at the grid

points. Grid-free methods mainly include those based on Voronoi

diagrams and probe spheres; for instance, SURFNET46 identifies

potential binding pockets by analyzing three-dimensional (3D)

spatial coordinates and placing probe spheres in the interstices of

the molecular surface. Fpocket48 identifies and extracts binding

pockets in proteins using a Voronoi surface tessellation algorithm

combined with geometric shape analysis. With advancements in

research, combining machine learning with molecular dynamics

simulations to detect and analyze pocket volume and depth has

gradually become a prominent research focus, and this approach

has demonstrated high computational efficiency and prediction

accuracy. MDpocket134, building upon the binding pockets iden-

tified by Fpocket, assesses the conformational stability of potential

binding pockets by analyzing trajectory data from the final 5 ns of

GaMD simulations70. P2Rank99,102 employs a random forest al-

gorithm to discretize the protein surface into a set of points. These

points are subsequently annotated with the physicochemical

properties and geometric features of surrounding atoms and resi-

dues, thereby improving the accuracy of binding site prediction.

3.1.1.2. Surface curvature and accessibility. In the early 21st

century, researchers proposed an innovative method for

measuring protein surface curvature. This method involves fitting

a sphere to a protein surface patch using the least squares fitting

(LSF) method, with the radius serving as the curvature metric.

Furthermore, the problem can be simplified to a plane fitting

problem through geometric inversion transformation135. The

solvent accessible surface area (ASA) of a protein is an impor-

tant parameter that characterizes the degree of exposure of amino

acids on the protein surface. ASA is not only significant for

maintaining protein stability but was also commonly used in

early studies to predict accessibility based on amino acid se-

quences, in a manner similar to secondary structure prediction

methods136. ASAView137 is an algorithmic tool that represents

the solvent accessibility of amino acid residues using two-

dimensional helical wheel diagrams and bar charts. This tool

provides a visual display of the protein and its chains, which

Figure 2 Binding site feature analysis. This figure depicts the parameters considered during binding site feature analysis. These encompass

structural features (including geometry and size, hydrophobicity, and polarity) and functional features (such as sequence and structural con-

servation, and hotspot residue identification).
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facilitates rapid assessment of the exposed surface area and the

overall topological distribution of residues within the protein.

With enhanced computational capabilities and improved statis-

tical analysis methods, researchers have incorporated ASA to

improve the prediction accuracy of binding sites. For example,

InterProSurf predicts potential interacting residues based on

solvent accessible surface area, interface propensity scales, and a

clustering algorithm. It also utilizes five quantitative descriptors

to analyze the physicochemical differences between interface

and surface regions, thereby effectively identifying potential

functional sites138. As research has progressed, many tools have

gradually adopted methods that integrate multiple physico-

chemical properties to predict protein binding sites. The CASTp

server139,140 utilizes a 1.4 Å probe radius to calculate protein

active sites, evaluate solvent accessible surface area, and mea-

sure pocket volume, area, and degree of opening. Additionally, it

further validates the credibility of prediction results in

conjunction with the SCFBio and Depth servers. PocketPicker49

identifies potential binding pockets in proteins by calculating the

“buriedness” of binding sites and analyzing their volume and

accessibility based on grid points. This method can not only

predict the location of binding sites but also provide detailed

shape descriptions, including pocket depth and spatial

distribution.

3.1.2. Hydrophobicity and polarity

3.1.2.1. Hydrophobic/hydrophilic distribution. Protein—ligand

interaction sites typically exhibit significant hydrophobic charac-

teristics8. Therefore, analyzing the distribution of hydrophobic

and hydrophilic regions on the protein surface can provide an

important basis for identifying potential binding sites. In early

studies, HINT141 quantitatively assessed protein—ligand in-

teractions by integrating hydrophobic atomic constants (a) with

the solvent-accessible surface area (S). This method, based on the

CLOGP theory proposed by Hansch and Leo, quantifies atomic

hydrophobicity using hydrophobic atomic constants (a) and uti-

lizes the solvent-accessible surface area (S) to correct for the

interaction effects of molecules in exposed or buried states. The

HINT system ultimately generates an interaction score (where

positive values indicate favorable interactions and negative values

indicate unfavorable interactions) to characterize the hydrophobic/

hydrophilic properties of binding sites. Recently, Joel Graef’s

research team142 developed DoGSite3, a grid-based automated

pocket detection tool that employs a Difference of Gaussians

(DoG) filtering algorithm for binding pocket prediction; this

method comprehensively considers multidimensional parameters

such as pocket volume, hydrophobicity, enclosure, and depth. This

method achieved 99% coverage of binding sites in the SCPDB

database and ranked highest in accuracy assessments among

various pocket prediction methods.

3.1.2.2. Electrostatic potential distribution. The electrostatic

properties of a protein are primarily determined by the spatial

distribution and relative proportions of its polar and charged resi-

dues. Electrostatic interactions play a crucial role in the formation

of protein—protein complexes, not only by enhancing binding

specificity but also in the process of optimizing binding affinity;

high-affinity antibodies often exhibit stronger electrostatic charac-

teristics143. Implicit solvent methods144,145 are important compu-

tational approximation techniques that consider the average effect

of the solvent environment on the system rather than explicitly

simulating solvent molecules; these methods have achieved sig-

nificant results in research areas such as PPI, protein—ligand

binding thermodynamics, conformational scoring, and peptide and

protein folding. Among these, the Poisson-Boltzmann (PB) elec-

trostatics method145 is widely used in biological research; this

method can estimate the electrostatic solvation energy of solutes

and characterize the electrostatic potential distribution on macro-

molecular surfaces by solving the PB equation146. The APBS

software package is one of the primary tools for evaluating elec-

trostatic interactions in biomolecular systems within an implicit

solvent environment. To enhance its utility, researchers developed

the iAPBS interface library, which enables seamless integration of

APBS with mainstream molecular dynamics simulation programs

(such as Amber, CHARMM, and NAMD), thereby incorporating

the calculation of electrostatic and solvation energies and forces

into biomolecular simulations147. With the increasing demand for

electrostatic calculations, the GUI-based PBEQ-Solver tool was

developed. This tool not only solves the Poisson-Boltzmann equa-

tion and visualizes the electrostatic potential distribution of pro-

teins, but also calculates electrostatic potentials, solvation free

energies, protein interaction energies, and pKa values of titratable

residues, while supporting calculations in both aqueous and mem-

brane environments148.

3.2. Functional feature analysis

3.2.1. Conservation analysis

3.2.1.1. Sequence conservation. Unlike traditional evolu-

tionary sequence conservation analysis, sequence conservation

analysis based on functional features primarily integrates

sequence conservation information with experimentally validated

functional data. For instance, FireStar149 predicts protein func-

tional residues by extracting structural information from remote

homologs and combining it with the local sequence conservation

of small-molecule ligand-binding residues from the FireDB

database, along with catalytic residue annotation information

from the Catalytic Site Atlas (CSA).

3.2.1.2. Structural conservation. Compared to sequence con-

servation, protein binding sites often exhibit higher conservation in

their spatial structures; consequently, analysis methods based on

structural conservation can more accurately predict potential bind-

ing sites27,150. The conserved features of binding pockets aid in the

discovery of new binding sites; however, high sequence and

structural conservation can also lead to cross-recognition issues

among targets. For example, the protein kinase family generally

possesses a highly conserved ATP-binding pocket. This structural

feature can cause kinase inhibitors to exhibit broad target overlap

upon binding, leading to non-specific binding and adverse

reactions151.

3.2.2. Hotspot residue identification

3.2.2.1. Energy contribution analysis. Hotspot residues are key

amino acid residues that significantly contribute to the binding free

energy during PPIs or protein—ligand binding processes152. The

Molecular Mechanics Poisson-Boltzmann Surface Area (MM-

PBSA) method can accurately predict and identify hotspot resi-

dues by considering conformational flexibility during the protein

binding process. The FTMap142,153 algorithm utilizes 16 small-

molecule chemical probes of varying sizes, shapes, and polarities

to identify and locate binding hotspots on the protein surface
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through energy clustering analysis, thereby determining optimal

binding sites.

3.2.2.2. Interaction network analysis. Residue interaction

networks (RINs) represent protein structures as network models

where amino acid residues serve as nodes and interactions be-

tween residues serve as edges. Results indicate that RINs play a

crucial role in bioinformatics applications154. These networks can

function as a protein interaction detection method, often incor-

porating a graph attention framework, and are capable of con-

structing condition-specific PPI networks and capturing key

interaction features, thereby enabling precise identification of

protein functions.

4. Druggability assessment methods

To achieve stable binding between proteins and ligands, it is

necessary not only to examine the geometric features and key

residue distribution of protein binding pockets but also to assess

their physicochemical compatibility with potential ligands152.

Therefore, protein druggability assessment is crucial for screening

high-quality targets and primarily includes methods based on

physicochemical properties and machine learning (Fig. 3).

4.1. Physicochemical property-based assessment

4.1.1. Pocket volume, hydrophobicity, and other parameters

4.1.1.1. SiteMap. SiteMap155, a specialized computational

tool for protein structure analysis, can effectively identify protein

binding sites and assess their druggability by systematically

analyzing protein structures to evaluate the spatial size, structural

characteristics, and solvent exposure of LBSs156. The funda-

mental principle of this tool is to establish a multidimensional

scoring system by thoroughly analyzing the geometric features

and physicochemical properties of protein structures, thereby

comprehensively evaluating the druggability characteristics and

ligand-binding potential of these sites. The SiteMap system

Figure 3 Druggability assessment methods. This figure illustrates the core mechanisms of druggability assessment methods. SiteMap scores

potential druggable targets based on parameters such as pocket volume and hydrophobicity, using three core metrics: SiteScore, Dscore, and Size.

WaterMap determines the likelihood of water molecules being displaced by ligands by analyzing the thermodynamic properties of water mol-

ecules on the protein surface. HydraMap performs hydration analysis by comparing the intrinsic potential energies of apo- and holo-proteins.

Machine learning-based methods include feature engineering (which extracts structural and sequential features and interaction fingerprints) as

well as deep learning models based on 3D-CNNs (three-dimensional convolutional neural networks) and GNNs (Graph Neural Networks).
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integrates multiple scoring function modules, primarily

including three core indicators: SiteScore, Dscore, and Size.

Among these, SiteScore is specifically used to evaluate ligand-

binding potential; Dscore focuses on quantitatively character-

izing the druggability of the binding site and assessing its ca-

pacity to accommodate drug molecules; and the Size indicator is

primarily used for accurately measuring the spatial dimensions

of the binding site, providing an important reference for

assessing the suitability of specific ligand molecules156. In large-

scale validation studies, SiteMap has demonstrated excellent

predictive performance, accurately identifying over 96% of

known binding sites, with an accuracy rate exceeding 98% for

predicting tightly bound sites157. In the field of binding site

analysis, this tool can accurately distinguish between ligand-

binding and non-binding sites, while also providing quantita-

tive and visual analysis data for drug molecule design. It effec-

tively guides ligand structure optimization to enhance drug

molecule efficacy and improve their physicochemical properties.

Although SiteMap has certain limitations in identifying the

allosteric sites of some kinases50, its efficient and precise

computational performance has made it an indispensable

analytical platform in drug discovery and lead compound opti-

mization processes, playing a significant role in virtual screening

and binding site assessment 157.

4.1.2. Hydration analysis

4.1.2.1. WaterMap. WaterMap158,159, a computational tool

based on molecular dynamics, can thoroughly analyze the ther-

modynamic properties of water molecules on a protein surface

using statistical mechanical principles. This method offers sig-

nificant advantages in characterizing solvent effects, accurately

assessing the spatial positions and energy parameters (including

entropy, enthalpy, and free energy) of water molecules, and

predicting their impact on ligand-binding affinity. WaterMap

plays a crucial role in structure-guided drug design and virtual

screening studies, effectively revealing the mechanisms of water

molecule-mediated intermolecular interactions in protein bind-

ing pockets. The primary advantage of this method is its ability

to comprehensively consider the dynamic behavior of water

molecules, thereby aiding in the design and optimization of drug

molecules with higher activity. However, the accuracy of this

method in predicting the spatial positions and energy parameters

of water molecules possesses certain limitations; therefore, it is

recommended that it be used in conjunction with computational

methods such as MM-GB/SA(Molecular Mechanics Generalized

Born Surface Area) or FEP(Free Energy Perturbation) to achieve

higher prediction accuracy.

4.1.2.2. HydraMap. HydraMap160,161 is an analysis tool

based on the weighted potential of mean force (W-PMF) derived

from protein—ligand complex crystal structures. It generates

density maps by evaluating the positional probabilities of water

probes in the binding pocket and converts these maps into

explicit hydration sites using cluster analysis. In the validation of

its ability to reproduce known hydration sites, this method ach-

ieved a success rate of approximately 70%. Although HydraMap

offers significant advantages in computational efficiency and

prediction accuracy, its limitations include failing to evaluate the

statistical potential of ligand—water interactions and neglecting

the rearrangement effects of water molecules during ligand

binding. These factors may affect the accuracy of the prediction

results. To address these issues, researchers have introduced

molecular dynamics (MD) simulation techniques to evaluate the

statistical potential of ligand—water interactions and compare the

intrinsic potentials of apo- and holo-proteins, thereby enhancing

prediction accuracy.

4.2. Machine learning-based assessment

4.2.1. Feature engineering

4.2.1.1. Structural and sequence feature extraction. Given the

rapid development of machine learning technology, data-driven

methods that leverage protein sequence and structural features

can effectively identify binding sites and their potential li-

gands162, thereby providing an important basis for target drugg-

ability assessment. The novel computational tool DeepProSite27

integrates protein structural and sequence information, utilizes

ESMFold and pre-trained language models (such as Transformer)

to construct protein feature representations, and subsequently

employs graph node classification algorithms and a Graph

Transformer to deeply analyze the relationship network among

amino acid residues, thereby achieving precise prediction of

protein binding sites. Researchers have developed a deep learning

model based on convolutional neural networks (CNNs) that

innovatively combines one-dimensional SMILES representations

with the sequence information of protein binding pockets rich in

structural motifs. This model demonstrates significantly superior

computational efficiency and accuracy in protein—ligand inter-

action prediction compared to traditional machine learning

methods163.

4.2.1.2. Interaction fingerprint features. Interaction finger-

prints (IFPs) are a digital, one-dimensional method for repre-

senting the interactions between amino acid residues in the

binding site of a protein—ligand complex and the ligand mole-

cule. This method transforms the three-dimensional structural

information of protein—ligand complexes into a series of binary

bits (0 or 1), where each bit specifically characterizes the pres-

ence or absence of a particular type of interaction164. Molecular

Surface Interaction Fingerprinting (MaSIF)165 and its differen-

tiable variant dMaSIF166 achieve efficient identification of com-

plementary interacting surfaces by systematically analyzing the

geometric conformations and chemical properties of protein

surfaces, significantly reducing computational costs. Moreover,

they can also be used for pocket functional classification. How-

ever, the use of both methods requires computationally expensive

pre-processing in their original implementations167. MDFit168

generates compiled simulation fingerprints (SimFPs), assisting

users in resolving key protein—ligand interactions and ranking

ligands based on compatibility. Recent machine learning models,

by integrating the interaction fingerprints generated from mo-

lecular docking simulations, provide new informational di-

mensions for protein—ligand interaction studies. Among these

approaches, utilizing different feature types for similarity anal-

ysis of training and test sets for various subtypes can improve the

accuracy of CYP450 inhibition prediction169. Compared to

traditional static protein—ligand interaction fingerprints, MDFit,

by incorporating molecular dynamics simulations, can more

comprehensively assess the dynamic behavior of ligands. This

capability provides more effective features for machine learning

models, thereby improving drug efficacy prediction accuracy and

deepening the understanding of action mechanisms. Furthermore,
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MDFit’s lower dependence on chemical similarity allows for

broader sampling in larger ligand libraries, further enhancing

prediction accuracy168.

4.2.2. Deep learning models

Traditional machine learning methods, such as support vector

machines (SVMs), primarily rely on manually engineered feature

inputs, and their feature transformation processes focus on parti-

tioning the sample space. In contrast, deep convolutional neural

networks with stacked hierarchical architecture (DCS-SI) can

autonomously extract low-dimensional features from data and

progressively integrate them into high-dimensional feature repre-

sentations, significantly enhancing the model’s feature represen-

tational capabilities. Furthermore, deep learning methods can be

trained without explicit data sampling processes and exhibit

characteristics markedly superior to those of traditional machine

learning methods in handling imbalanced data distributions,

automatic feature extraction, and capturing long-range

dependencies170.

4.2.2.1. 3D convolutional neural networks. 3D-CNNs can

effectively capture the spatial features of local protein regions by

performing convolutional operations on input three-dimensional

structural descriptors171. DeepCSeqSite, by integrating residue

prediction methods, achieves precise identification of residues at

potential LBSs on the protein surface. Validated on 151 non-

redundant protein samples and 3 extended test sets,

DeepCSeqSite demonstrated significant performance advantages,

with its MCC and precision metrics improving by at least 0.05%

and 15%, respectively, compared to existing methods55,172. The

AK-Score algorithm employs convolutional layers to extract

protein—ligand interaction features and, combined with Grad-

CAM technology, enables visual analysis of the contribution of

these features to the prediction results124. DeepSite171 uses vox-

elized three-dimensional descriptors to extract the physicochem-

ical features of protein atoms and outputs the probability of

binding site locations via a 3D convolutional neural network. In a

benchmark test set composed of 7622 proteins from the SCPDB

database, DeepSite’s DVO index (0.648) was significantly supe-

rior to those of Fpocket and Concavity, indicating that DeepSite

can provide more accurate binding site predictions than the

other two methods. DeepSite learns entirely from data, indepen-

dent of traditional rule-based or physics-based methods. Further-

more, this method can be accelerated by GPUs, significantly

enhancing the model’s generalization ability and prediction

efficiency.

4.2.2.2. Graph neural networks. Graph neural networks

(GNNs) take protein atomic point clouds as direct input and

require no complex hyperparameter configuration, which greatly

simplifies the modeling process. Due to their inherent rotational

and translational invariance, no additional data augmentation is

needed, thereby enhancing model training efficiency. This method

can flexibly handle node features, effectively supporting the use of

complex, multidimensional node features, particularly the high-

dimensional outputs of protein language models. However, GNNs

are more challenging to apply and less efficient than 3D-CNNs in

3D voxel segmentation around binding sites. Handling node di-

versity and maintaining rotational invariance can lead to increased

computational overhead81. GraphSite120, an innovative deep

learning-based method, utilizes GNNs to achieve a graphical

representation of local protein structures for the classification of

LBSs. This method employs neural weighted message-passing

layers to effectively capture the structural, physicochemical, and

evolutionary features of binding pockets, thereby reducing the risk

of model overfitting and improving classification accuracy. In

calculations performed on a negative dataset of surface pockets

not bound to any ligands, GraphSite achieved a median probability

of 0.93, further validating the accuracy of GraphSite’s classifica-

tion. GraphBind 173, on the other hand, employs a hierarchical

graph neural network to embed contextual information from

protein structures into graph features for identifying nucleic acid-

binding residues. It also separately trains predictors for DNA- and

RNA-binding residues, thereby constructing datasets of DNA- and

RNA-binding proteins. In the DNA-binding test set, t-SNE pro-

jection results showed that original graph feature vectors could not

distinguish between binding and non-binding residues, whereas

the latent graph feature vectors learned by GraphBind clustered

most binding residues together, fully demonstrating GraphBind’s

superiority in identifying nucleic acid-binding residues.

5. Application cases

Protein binding site prediction and target druggability assessment

methods play crucial roles in multiple key stages of modern drug

discovery and development, and hold particular significance in

novel drug target discovery and drug repositioning research. These

computational methods provide a reliable theoretical basis for

subsequent target validation and drug molecule design by sys-

tematically analyzing potential binding sites within protein three-

dimensional structures and their druggability features.

5.1. Novel drug target discovery

5.1.1. Classical target binding sites

5.1.1.1. Kinase inhibitor design. Over the past two decades,

the design of kinase inhibitors151,174,175 has made significant

breakthroughs, primarily benefiting from the flourishing devel-

opment of genomics, structural biology, and high-throughput

screening technologies. These advancements have enabled ki-

nase inhibitors to demonstrate significant pharmacological value

in the treatment of various diseases. However, despite numerous

research achievements, critical issues such as insufficient selec-

tivity, the development of resistance, and side effects continue to

constrain their clinical application. Benefiting from improvements

in human genome annotation and the expansion of kinase profiling

technologies, the research and development of kinase inhibitors

have made further breakthroughs, especially in the design of

highly selective inhibitors. However, drug development targeting

different kinase-driven mutations still requires further in-depth

optimization. Future drug research and development is trending

towards personalization and precision, wherein the combination

strategy of multi-target kinase inhibitors is expected to become an

important breakthrough for overcoming drug resistance. Further-

more, with the continuous development of structural chemistry

and computational chemistry, the molecular design of kinase in-

hibitors will become more precise. This advancement will not

only help improve their therapeutic effects but also significantly

reduce the occurrence of adverse reactions.

5.1.1.2. G protein-coupled receptor targeting. G protein-

coupled receptors (GPCRs)176,177 are one of the most important
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classes of current drug targets, accounting for approximately 35%

of US Food and Drug Administration (FDA)-approved drugs.

GPCRs represent the largest superfamily of membrane proteins

and can be classified into five distinct subfamilies: the rhodopsin-

like family (Class A), the secretin/adhesion family (Class B), the

glutamate-like family (Class C), the smoothened/frizzled family

(Class F), and the taste 2 family (Class T). GPCRs consist of seven

transmembrane helical domains (7TM) that are connected by three

extracellular loops (ECL1-3) and three intracellular loops

(ICL1-3), playing a crucial role in signal transduction from

extracellular to intracellular environments, thereby regulating

various physiological processes178. GPCRs possess structurally

diverse binding pockets capable of forming highly specific in-

teractions with various ligands, a characteristic that renders them

ideal targets for drug design. To facilitate the research and

development of GPCR-targeted drugs, the GPCRdb project has

constructed a systematic, template-based database that covers

extensive GPCR structural information. Currently, numerous

computational tools and algorithms have been developed for

predicting GPCR binding sites. Examples of these tools include

PocketMatch179, eF-seek180, and Patch-Surfer 181; these methods

assess site similarity by analyzing the geometric features and

electrostatic properties of binding pockets182. In addition to

traditional prediction methods, ligand interaction fingerprint

technology, which leverages global analysis and activation state

specificity, is emerging as a novel research tool for defining GPCR

docking sites183. However, the low subtype specificity and sig-

nificant adverse effects of GPCR ligands limit their therapeutic

potential, and current drug development strategies primarily focus

on addressing these two critical limitations. With the advancement

of computational and experimental technologies, particularly

artificial intelligence (AI)-driven approaches, a deeper under-

standing of GPCR structure, function, and signal transduction has

been achieved, further promoting the development of new drugs,

which primarily include selective ligands, biased ligands, and

allosteric ligands, multi-target drugs, and antibody drugs178.

The trace amine-associated receptor (TAAR) family belongs to

class A G-protein-coupled receptors (GPCRs) and exerts extensive

biological functions in neurological and metabolic systems. In a

2023 study, the research team utilized cryo-electron microscopy to

resolve high-resolution ligand—TAAR1 complex structures, and

through systematic comparison of nine complex structures, they

not only identified a highly conserved core binding site on

TAAR1 but also revealed two expandable subpockets distributed

around this site that can accommodate structurally diverse small

molecule ligands. More importantly, through mutational valida-

tion, conformational comparison, and molecular dynamics simu-

lations, the study further confirmed the roles of these pockets in

functional selectivity during signal transduction, establishing the

structural foundation for drug polypharmacology. This work

clearly demonstrates that incorporating high-resolution structural

information cannot only clarify the location and nature of binding

sites but also reveal hidden subpockets and their regulatory roles,

thereby providing a structural basis for rational drug design184.

5.1.2. Novel allosteric regulatory sites

Protein allosteric sites, serving as critical functional regulatory

regions, play an essential role in diverse fields including drug

discovery, gene transcription regulation, disease diagnosis, and

enzyme catalysis, thereby offering substantial opportunities for the

development of innovative therapeutic strategies185. Methods for

identifying allosteric sites have made substantial advances in

recent years and can be classified into two principal categories:

experimental techniques and computational methods. Experi-

mental techniques encompass X-ray crystallography, nuclear

magnetic resonance spectroscopy, hydrogen-deuterium exchange

mass spectrometry (HDXMS), and the integration of X-ray crys-

tallography with high-throughput screening. Computational

methods involve molecular dynamics simulations, residue topol-

ogy analysis (RTA) algorithms, elastic network models, and

normal mode analysis (NMA); simultaneously, machine learning

approaches based on allosteric site features have also gained

widespread application185,186.

5.1.2.1. Protein kinase allosteric inhibitors. Protein kinase

domains are important targets in drug discovery; however, tradi-

tional orthosteric protein kinase binding sites are plagued by issues

such as high sequence conservation and susceptibility to drug

resistance, which severely restrict the development of corre-

sponding drugs. Allosteric sites offer advantages such as high

selectivity and reduced off-target side effects; in-depth research

into these sites holds promise for overcoming the aforementioned

limitations187—190. However, the identification of allosteric sites

still faces numerous challenges: first, compared to orthosteric sites,

allosteric sites lack clear structural feature definitions187; second, it

is difficult to accurately assess their functional impact using only

static protein structures, a problem particularly prominent for

allosteric regulation induced by structural changes189. Colabind34,

a molecular dynamics simulation method that utilizes a cloud

computing platform, employs molecular probes for coarse-grained

simulations and can effectively identify binding sites on protein

structures, particularly known drug allosteric sites and PPI sites. A

recently developed method allows for the generation of flexible

allosteric protein conformations with multiple binding sites; this

method has been experimentally validated on adenylate kinase

(ADK), thus providing an innovative research approach for tar-

geting allosteric proteins191. Furthermore, the introduction of

artificial intelligence technology has provided robust technical

support for the identification and development of allosteric sites34.

5.1.2.2. GPCR allosteric modulators. G protein-coupled re-

ceptors (GPCRs), a class of transmembrane proteins renowned for

their high conformational flexibility, exhibit significant dynamic

characteristics within their LBSs. The traditional view, which

considers only a single binding pocket, is insufficient for compre-

hensively elucidating their functional features; therefore, accurately

modeling GPCR binding sites is of paramount importance for drug

research and development192. GPCR allosteric modulators typically

bind to dynamic cryptic pockets on proteins, and their selectivity

primarily depends on the differences in the conformational ‘open’

states of these cryptic pockets193. The high selectivity of allosteric

modulators makes it possible not only to significantly reduce or

avoid the risk of drug overdose but also to achieve tissue-specific

targeting, thereby enhancing therapeutic efficacy192,194. Although

a few GPCR allosteric modulators have been approved for clinical

use, their systematic development and broad application in drug

discovery remain limited due to technical challenges. In recent

studies, Chen et al.29 employed an integrated approach combining

RHML and MD to reveal a previously unreported cryptic allosteric

site on the ß2-adrenergic receptor (ß2AR) within the G protein-

coupled receptor (GPCR) family, thereby identifying a negative

allosteric modulator (ZINC5042). Through rigorous experimental

validation, ZINC5042 demonstrated effects comparable to those

observed with G protein bias and exhibited unique pathway
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specificity, thereby demonstrating potential as a next-generation ß-

blocker and novel pharmacological tool compound. This indicates

that the computational workflow combining RHML and MD pos-

sesses significant potential for discovering allosteric sites and drugs

and elucidating their regulatory mechanisms in other target

proteins.

5.1.3. Covalent inhibitor targeting strategy

Covalent inhibitors achieve prolonged and highly selective inhi-

bition through selective covalent modification of nucleophilic

residues (Cys/Lys/Tyr, etc.) within target proteins, currently

demonstrating therapeutic value across numerous human diseases,

particularly in anticancer drug development195—197. Although

traditional Cys-targeting strategies have achieved success (such as

EGFR/BTK inhibitors), their therapeutic efficacy remains

compromised due to limitations including residue scarcity and

drug-resistant mutations198,199. Non-cysteine covalent inhibitors

targeting alternative nucleophilic residues (such as lysine, tyro-

sine, and serine) are progressively revealing their pharmaceutical

value and may further address drug resistance mutations and

toxicity challenges. Presently, emerging non-cysteine targeting

technologies (such as sulfonyl fluoride warheads and reversible

boronic acid designs) are significantly expanding the target space

of covalent drugs197. Protein binding site screening tools have the

potential to accelerate the rational design of next-generation co-

valent inhibitors by precisely identifying modifiable residues and

optimizing warhead binding patterns, thereby providing break-

through pathways for “undruggable” targets. CavityPlus is a web

server based on three-dimensional protein structures that identifies

binding sites on protein surfaces through the CAVITY algorithm

and ranks them by combining ligandability and druggability

scores; the CovCys module can automatically detect druggable

cysteine residues, which is particularly useful for identifying novel

binding sites for the design of covalent allosteric ligands200.

CoDEL technology was initially applied to the discovery of co-

valent inhibitors targeting cysteine (Cys); subsequently, re-

searchers discovered tyrosine (Tyr)-targeting covalent inhibitors

through the combined ABPP-CoDEL strategy, thus significantly

expanding the scope of covalent drug development. Recently, re-

searchers have innovatively integrated lysine (Lys) reactivity

proteomics data to guide CoDEL screening and successfully

discovered lysine-targeting covalent inhibitors with novel struc-

tures and diverse reaction mechanisms. This advancement extends

the applicability of covalent targeting strategies to important non-

cysteine residues, thereby opening new avenues for the design of

non-Cys covalent inhibitors201—204.

5.2. Drug repositioning

5.2.1. Drug repurposing based on binding site similarity

Drug repurposing, also known as drug repositioning, refers to the

research strategy of discovering new therapeutic applications for

existing drugs205,206. Binding site similarity is a key determinant

in drug repurposing, founded on the principle that ligands can

interact with multiple protein binding pockets that share common

structural features, exhibiting “cross-reactivity” or “cross-sensi-

tivity”207. Identifying binding pockets with similar amino acid

arrangement patterns allows for the prediction of potential off-

target effects of specific ligands, thereby guiding the develop-

ment of drug molecules with fewer adverse reactions. Concur-

rently, the characterization and analysis of amino acid

arrangement features within binding pockets provide an important

basis for structure-based drug design, contributing to the devel-

opment of highly selective drug molecules targeting specific

protein families or individual proteins205. SiteMine, a binding site

search tool that utilizes databases and structural alignment, ex-

hibits high sensitivity and accuracy; however, its performance is

limited by specific application domains and database complete-

ness208. ProCare is an innovative computational method that em-

ploys point cloud registration algorithms to assess the similarity

between protein binding pockets. This method, through the

calculation and utilization of local descriptors, possesses unique

advantages in identifying local similarities between binding cav-

ities of different sizes209. A recently developed, highly scalable

binding site alignment algorithm enables rapid and accurate

alignment at the residue level, providing an effective tool for

proteome-scale identification of similar binding sites210.

5.2.2. Virtual screening and repositioning strategies

In large-scale drug virtual screening, the core task is to efficiently

and accurately identify high-affinity binders from vast small

molecule libraries; this binding affinity is primarily influenced by

the protein’s binding pocket, the ligand’s spatial conformation,

and the residue and atom types involved117. Predictive analysis of

high-ranking binding sites, identified during the exploration of

binding pockets, provides an important basis for subsequent vir-

tual screening211. DataDTA, a deep learning-based affinity pre-

diction tool, integrates protein pocket descriptors, compound

SMILES strings, and algebraic graph features, and utilizes a

dual interactive aggregation neural network for multi-scale inter-

action feature learning, thereby achieving accurate predictions of

protein—ligand binding affinity8.

Specialized databases such as Cavbase and CavitySpace can

analyze the geometric shapes and chemical similarity features of

protein binding sites through clustering methods. ProBis-Dock, on

the other hand, performs 3D spatial labeling of binding sites and

uses these labels as modeling input, subsequently constructing a

unified protein—ligand feature space using template-matched li-

gands. These methods not only aid in the identification of protein

binding sites but also allow for the querying of sites with small

molecules, thereby providing a theoretical basis for the imple-

mentation of drug repositioning strategies207.

6. Challenges and prospects

Although significant progress has been made in methods for

screening protein druggable sites, numerous challenges remain,

necessitating innovative breakthroughs in methodology and tech-

nology to further enhance prediction accuracy, efficiency, and

applicability (Fig. 4).

6.1. Improving prediction accuracy through model ensemble

and algorithmic enhancements

Enhancing prediction accuracy is a paramount focus of current

research, demanding multidimensional optimization and refinement

of existing methodological frameworks. The integration of multi-

source information can offer a more comprehensive research

perspective, effectively enhancing the reliability and accuracy of

research outcomes. Ensemble learning or deep learning techniques

can facilitate the effective integration of diverse information,

significantly boosting prediction accuracy and generalization ca-

pabilities5,36,93,129. Furthermore, integrating ligand-binding data and
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PPI information through methods such as machine learning and

molecular docking can effectively predict protein binding sites,

identify functional characteristic sites, and unveil potential regula-

tory mechanisms212—215. By amalgamating experimental data with

computational predictions, such as on the Colabind platform, the

plasticity of binding sites can be investigated in depth26,34,174. The

current limitations of methods such as machine learning and deep

learning necessitate more efficient algorithms to overcome them;

for instance, unsupervised pre-training and multi-scale feature

integration can significantly enhance the generality of protein rep-

resentations, as well as prediction speed and efficiency107,131,216.

Moreover, studies have designed specialized models targeting

influenza A, GPCRs, kinases, and other specific targets. These

models, by combining molecular dynamics simulations, AI(artifi-

cial intelligence), deep learning, and structural dynamics tech-

niques, have greatly accelerated the identification of relevant

protein binding sites and drug development169,176,187,192,217—220.

6.2. Simulation of protein dynamic conformations and mining of

cryptic sites

The conformational dynamics of proteins significantly influence

binding site identification and druggability assessment, thus

necessitating the development of more precise methods to capture

and predict this dynamism. Constructing efficient molecular dy-

namics simulation methods by integrating innovative algorithms

such as MSM, QSKR, FISST, and aLMMD can markedly accel-

erate protein conformational sampling, elucidate allosteric regula-

tory mechanisms, and substantially enhance drug screening

efficiency10,68,221,222. Among these, Markov State Models (MSMs)

can effectively assess transition states in protein conformational

changes, and enhanced sampling models can accelerate rare event

sampling; both approaches are widely applied in predicting allo-

steric sites71,223—225. Cryptic pockets are transient binding sites

formed during protein conformational changes that are difficult to

capture using experimental methods such as X-ray crystallography,

requiring atomistic simulations to identify these sites28,226.

Advanced algorithms developed in recent years, for instance, by

combining elastic network models, evolutionary coupling analysis,

and molecular complex characterization, can improve the identifi-

cation accuracy of cryptic pockets and allosteric sites28,76,227,228.

Establishing allosteric site databases can facilitate research into and

validation of cryptic pockets. Existing databases such as KLIFS,

PDBbind, BioLip, MolMovDB, ASBench, and CASBench are

accelerating the development of tools for identifying and predicting

cryptic sites5,218,229,230. Notably, compared to traditional methods,

the computational framework for allosteric site prediction based on

the reversed allosteric communication theory cannot only achieve

unbiased detection of allosteric sites under physiological conditions

but also identify allosteric sites de novo without requiring orthos-

teric site information. This provides a solid theoretical foundation

and clear research approach for identifying cryptic binding sites73.

6.3. Achieving precise target localization through multi-source

information integration

Effective integration of multi-source information is a critical step in

enhancing prediction performance, highlighting the urgent need for

Figure 4 Challenges and future directions in the field of druggable target screening. This figure outlines the current challenges encountered in

the research field of druggable target screening methods and four key future directions. It emphasizes model ensembles and algorithmic im-

provements, the simulation of protein dynamic conformations and mining of cryptic sites, multisource information integration and high-

throughput screening, and the construction of efficient computational-experimental validation pipelines and standardized evaluation systems.
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the development of innovative methods to fuse multi-type and

multi-scale data. In this context, the integration of structural,

sequential, and functional information can comprehensively reveal

the dynamic features of binding sites and their functional rele-

vance5,25,231. However, efficiently integrating multimodal informa-

tion and processing massive datasets still presents significant

challenges, while simultaneously the development of multimodal

deep learning models offers new opportunities for robust informa-

tion extraction27,163,188. To systematically integrate heterogeneous

information, researchers have proposed various innovative feature

representation methods―including optimizing active site defini-

tions and data augmentation techniques, constructing ligand-based

human protein pocket characterization methods, and “anchor”

message passing strategies―to enhance the performance and

generalization ability of site prediction207,232,233. Biomedical

knowledge graph technologies that have been recently developed,

such as BioKG, provide a systematic data foundation for multi-

source information integration234. Furthermore, multi-scale

modeling methods, by fusing data and models from different

scales, achieve a comprehensive description of the multi-level in-

teractions and dynamic changes in protein—ligand binding. Tools

based on multi-model integration, such as CryptoSite―which

combines quantum mechanics, molecular mechanics, and coarse-

graining―can rapidly predict cryptic sites and handle multi-scale

interactions, effectively overcoming the computational bottlenecks

of traditional methods107. Cross-scale algorithms, by integrating

various techniques such as molecular dynamics, bioinformatics, and

stochastic simulations, achieve precise modeling and simulation

from atomic to biological system scales, significantly improving the

efficiency and specificity of drug development107.

6.4. Driving high-throughput site screening via hardware

acceleration and parallel computing technologies

Given the exponential growth of protein data, developing efficient

high-throughput screening methods has become a critical research

focus. Existing prediction methods face limitations such as high

computational costs and insufficient accuracy in predicting un-

bound state structures, necessitating algorithmic optimization to

reduce computational complexity. GPUs and TPUs, by enabling

half-precision optimization, computational acceleration, and mem-

ory efficiency improvements, have substantially enhanced the

computational performance and prediction accuracy of biomole-

cular system simulations and binding site predictions172,210,235—237.

Furthermore, large-scale parallel computing technologies, which

facilitate the concurrent processing of multiple tasks, provide robust

computational support for the development of high-throughput

screening methods. Employing data-parallel and model-parallel

strategies, the supervised Molecular Dynamics (suMD) method,

combined with parallel computing techniques to accelerate the

conformational sampling process, not only significantly improves

computational efficiency but also ensures consistency with experi-

mental data and model accuracy68,169. The Fragment Molecular

Orbital (FMO) method, based on quantum mechanical principles,

demonstrates a high correlation with experimental data and excel-

lent computational accuracy by considering electron correlation238.

6.5. Construction of efficient computational-experimental

validation pipelines and standardized evaluation systems

The seamless integration of computational and experimental

methods is key to enhancing the reliability and practical value of

prediction results239. The cross-validation and integrated appli-

cation of computational methods (such as molecular docking and

molecular dynamics simulations) contribute to improving pre-

diction accuracy and efficiency, thereby enabling large-scale

screening of drug targets30—32,34. Iterative optimization strate-

gies founded upon both computation and experimentation not

only integrate the advantages of experimental techniques and

computational simulations but also deeply elucidate the intrinsic

relationship between molecular structural changes and func-

tion94,240. The application of high-throughput experimental

technologies provides an effective means of validation for large-

scale prediction results. Notably, ESMFold25, by introducing

large-scale pre-trained protein language models, significantly

accelerates the prediction process while improving prediction

accuracy25. Constructing larger training datasets and systemati-

cally studying the relationship between dataset size and predic-

tion performance can effectively circumvent overfitting issues

and enhance model prediction capabilities, thereby providing a

scientific basis for tool selection in specific application sce-

narios. Establishing standardized evaluation systems is crucial

for unifying comparison standards across different tools and

enhancing the reliability of prediction results. Constructing high-

quality benchmark datasets can effectively prevent overfitting

and improve prediction capabilities, thus providing important

support for tool selection and standardized evaluation in specific

application scenarios81,168,208.

7. Conclusions

Screening for protein druggable targets, owing to its high effi-

ciency and low cost, is progressively becoming a central meth-

odology in target discovery. Currently, mainstream screening

strategies primarily encompass four categories: structure- and

sequence-based methods, machine learning-based methods,

binding site feature analysis methods, and druggability assessment

methods. While these methods enhance the efficiency and accu-

racy of candidate target screening, they also provide a solid

foundation for drug research and development. Nevertheless, this

field still confronts numerous challenges, and future research is

urgently required to explore these areas further and accelerate the

process of novel drug development.
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