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Abstract 

Artificial intelligence (AI) has transformed the landscape of protein structural and functional prediction, significantly advancing 

the accuracy and efficiency of these processes. Currently, AI-driven methods, especially deep learning algorithms, enable the 

prediction of protein 3D structures from amino acid sequences with unprecedented precision. Artificial intelligence (AI) has 

emerged as a transformative force in the field of protein science, offering powerful tools for the structural and functional 

prediction of proteins. AI models use vast databases of known protein structures and leverage evolutionary information from 

multiple sequence alignments or protein language models to infer spatial conformations of proteins. Deep neural networks, 

convolutional neural networks, and graph-based models enhance prediction accuracy beyond traditional homology or ab initio 

methods. AlphaFold2’s breakthrough in CASP14 demonstrated near-experimental accuracy for many proteins, ushering in a new 

era of AI-based structural biology. AI-driven protein structure and function prediction tools are democratizing access to complex 

biological data, making it possible for many research groups to accelerate discovery without expensive and time-consuming 

experiments. Machine learning models, such as DeepGO-SE, utilize pretrained protein language models alongside biological 

knowledge and protein interaction networks to predict Gene Ontology functions. These models improve prediction accuracy 

even for proteins with unknown interactions. This review discusses the latest advancements in AI-driven methodologies, 

including deep learning models and large language models, highlighting their significant contributions to resolving protein 

structures, functional annotation, and interaction mapping. The article summarizes current achievements, evaluates the strengths 

and limitations of AI approaches, and outlines future prospects for integrating AI with experimental data to accelerate discoveries 

in proteomics and drug discovery. 
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1. Introduction 

Understanding the three-dimensional structure and bio-

logical function of proteins is fundamental to deciphering the 

molecular mechanisms of life, enabling advances in drug 

discovery, disease diagnosis, and bioengineering [1]. Proteins 

orchestrate virtually all cellular processes, yet their functional 

properties are exquisitely tied to complex, dynamic folds that 

emerge from linear amino acid sequences which excellently 

encapsulated by Anfinsen's dogma [2]. 

Historically, experimental techniques like X-ray crystal-

lography, cryo-electron microscopy (cryo-EM), and nuclear 

magnetic resonance (NMR) spectroscopy have been the gold 

standard for protein structural determination [3]. However, 

these methods remain labor-intensive, costly (often exceeding 

$100,000 per structure), and technically constrained by pro-

tein size, flexibility, or crystallization challenges, creating a 

massive gap between the exponentially growing repository of 

protein sequences (>200 million in UniProt) and experimen-

tally resolved structures (~200,000 in the PDB). This "struc-

ture deficit" has long hindered progress in precision medicine 

and protein design. 

Computational approaches emerged to bridge this gap, 

evolving from rudimentary homology modeling to sophis-

ticated ab initio methods, but accuracy remained limited 

until the integration of artificial intelligence [4]. The recent 

convergence of deep learning architectures, evolutionary 

data, and biophysical constraints has triggered a paradigm 

shift, exemplified by AlphaFold2’s solution of the 

50-year-old protein folding problem is innovation recog-

nized by the 2024 Nobel Prize in Chemistry [5]. This review 

comprehensively examines the transformative role of AI in 

protein structural and functional prediction, analyzing state 

of the art methodologies (including AlphaFold3, Ro-

seTTAFold, and ESMFold), current applications in bio-

medicine and biotechnology, persistent limitations, and 

future paths for scalable, dynamic, and multi-scale molecu-

lar modeling. 

2. Overview of Protein Structural and 

Functional Prediction 

Proteins exhibit hierarchical structural organization es-

sential to their function: primary structure (linear amino 

acid sequence), secondary structure (local folding into 

α-helices and β-sheets stabilized by hydrogen bonds), ter-

tiary structure (three-dimensional folding of a single pol-

ypeptide chain), and quaternary structure (assembly of 

multiple polypeptide subunits) [6]. Historically, deter-

mining these structures relied exclusively on experimental 

techniques like X-ray crystallography, NMR spectroscopy, 

and later cryo-electron microscopy (cryo-EM). While 

powerful, these methods faced significant limitations high 

costs (often >$100,000 per structure), lengthy timelines 

(months to years), technical constraints (e.g., crystalliza-

tion difficulties, size limits for NMR), and challenges with 

dynamic or membrane proteins [3]. These bottlenecks 

catalyzed the development of computational approaches, 

which evolved from rudimentary physical energy minimi-

zation in the 1970s to sophisticated machine learning 

driven pipelines. 

3. Computational Prediction Methods 

Computational prediction methods refer to techniques that 

use algorithms, mathematical models, and computational 

tools to analyze data and predict properties, behaviors, or 

interactions within complex systems [7]. These methods are 

widely used across various fields such as bioinformatics, drug 

discovery, and systems biology. Computational prediction 

methods are broadly classified into three categories as Tem-

plate-Based Modeling (TBM), Template-Free (Ab Initio) 

Modeling, Hybrid Approaches [8]. 

3.1. Template-Based Modeling 

Template-Based Modeling leverages evolutionary rela-

tionships by "threading" target sequences onto experimentally 

solved homologous structures (templates) from databases like 

the PDB [9]. Homology modeling (e.g., MODELLER, 

SWISS-MODEL) dominated early efforts, achieving moder-

ate accuracy when sequence identity exceeded 30%. Fold 

recognition techniques (e.g., threading) extended this to dis-

tant homologs by aligning sequences to structural fold li-

braries [3, 10]. 

3.2. Template-Free (Ab Initio) Modeling 

Template free modeling predicts structures from physical 

principles without templates, simulating protein folding en-

ergetics [11]. Early ab initio methods (e.g., Rosetta, fragment 

assembly) sampled conformational space using Monte Carlo 

algorithms but struggled with accuracy beyond small proteins 

due to computational complexity and imperfect energy func-

tions [3]. 

3.3. Hybrid Approaches 

Hybrid approaches integrate TBM and ab initio strategies 

with statistical potentials or machine learning [12]. Tools like 

I-TASSER combined threading with iterative fragment as-

sembly, while RaptorX used deep learning to predict contact 

maps guiding ab initio folding [13]. These hybrid frameworks 

laid the groundwork for the AI revolution, bridging sequence 

evolution, physical constraints, and pattern recognition to 

tackle larger, more complex folds [12, 14]. 
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4. Artificial Intelligence Techniques in 

Protein Structure Prediction 

4.1. Role of Machine Learning and Deep 

Learning 

Artificial intelligence (AI) techniques, particularly machine 

learning (ML) and deep learning (DL), have revolutionized 

protein structure prediction, a fundamental problem in bio-

informatics and structural biology [3]. Protein structure pre-

diction involves determining the 3D arrangement of a protein 

from its amino acid sequence and is vital for understanding 

protein function and drug design [15]. 

Machine learning methods have historically been applied at 

multiple levels of the protein structure prediction challenge: 

from 1D sequence-based structural features, 2D spatial rela-

tionships, to 3D tertiary structure and 4D quaternary struc-

tures of protein complexes [16]. Various ML approaches, 

including hidden Markov models, support vector machines, 

Bayesian methods, and clustering, contributed significantly to 

these efforts [17]. These methods, especially those leveraging 

co-evolutionary data from multiple sequence alignments, 

improved predictions for proteins with homologous se-

quences, but faced limitations when homologs were absent 

[3]. 

In contrast, deep learning is a subset of machine learning 

which has marked a more substantial advance by effectively 

capturing complex and hierarchical features from protein 

sequences and evolutionary information [18]. Deep neural 

networks, convolutional neural networks (CNN), recurrent 

neural networks (RNN), graph neural networks, and deep 

residual networks have been developed to predict various 

structural levels, including secondary and tertiary structures 

[3]. These DL models learn from large protein databases, 

integrating sequence data, structural templates, and evolu-

tionary patterns, enabling predictions even when template 

homologs are not readily available [19]. 

Notably, state of the art deep learning models such as Al-

phaFold and RoseTTAFold have set new benchmarks by 

predicting protein folds with near-experimental accuracy, as 

demonstrated in critical assessments like CASP14 and 

CASP15 [6]. AlphaFold, for example, combines multiple 

sources of data, including protein sequences and structural 

database information, and uses advanced neural network 

architectures to directly infer 3D structures from sequence 

data [20]. This model addresses challenges in template free 

modeling and significantly closes the gap between known 

sequences and experimentally determined structures. 

Deep learning models operate by initially performing mul-

tiple sequence alignments to detect co-evolutionary signals, 

predicting local structural features such as torsion angles and 

secondary structures, and assembling 3D models by inte-

grating these predictions with spatial contact information [4]. 

Optimization techniques, including energy function minimi-

zation and gradient-based methods, refine these structural 

models. The integration of DL enhances the ability to predict 

structures of proteins with complex folds and those previously 

challenging for traditional ML, including certain membrane 

proteins and intrinsically disordered proteins, although some 

dynamic and alternative conformations remain difficult to 

predict reliably [21]. 

Overall, the role of machine learning and deep learning in 

protein structure prediction has been transformative. ML laid 

foundational methods for analyzing sequence-structure rela-

tionships, while DL has dramatically improved accuracy and 

scalability, enabling high-resolution predictive models that 

impact drug discovery, protein engineering, and biological 

research [22]. Continuous advancements in AI frameworks 

and computational power are expected to further refine these 

predictions and expand their applications. 

4.2. Use of Sequence Information and Multiple 

Sequence Alignments 

The use of sequence information and multiple sequence 

alignments (MSAs) is essential in protein structural and 

functional prediction [23]. MSAs align homologous protein 

sequences from various species, revealing conserved regions 

and evolutionary relationships that are critical for under-

standing protein structure and function [24]. These alignments 

capture co-evolution signals where spatially close residues in 

the 3D structure tend to mutate in a correlated way to maintain 

structural integrity. AI models, such as AlphaFold2, rely 

heavily on MSAs as input to detect these evolutionary con-

straints and accurately predict protein folds. By leveraging the 

evolutionary patterns encoded in MSAs, AI can infer residue 

contacts and improve the accuracy of 3D structure prediction, 

even for proteins without close structural homologs [25]. 

Thus, MSAs form a foundational dataset that integrates se-

quence information across related proteins to guide and en-

hance structural biology predictions and protein function 

inference [26]. This role of MSAs remains pivotal despite 

emerging alternative approaches, due to their ability to pro-

vide rich evolutionary context essential for high-confidence 

modeling. 

4.3. Advances in Accuracy and Challenges with 

Complex Proteins and Novel Folds 

Advances in protein structure prediction accuracy have 

been remarkable, especially with AI systems like AlphaFold2 

and its successor AlphaFold3. AlphaFold2 demonstrated 

near-experimental accuracy in predicting protein structures, 

achieving a median backbone RMSD (root-mean-square 

deviation) of approximately 0.96 Å in CASP14, vastly out-

performing competing methods [6]. It produced highly accu-

rate domain and side-chain conformations, even for proteins 

without close homologs, which was considered a major 

breakthrough in computational biology [5]. This accuracy has 
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transformed structural biology, facilitating faster experi-

mental structure determination and advancing drug discovery 

and protein design [27]. 

AlphaFold3 introduces architectural advancements such as 

a diffusion-based module to improve prediction of bio-

molecular interactions, including complexes of proteins and 

other molecular types more accurately [6]. It reduces reliance 

on extensive multiple sequence alignment processing and 

directly predicts atomic coordinates with enhanced chemical 

and structural fidelity [28]. This evolution in model design is a 

major step toward overcoming limitations in predicting novel 

folds, protein dynamics, and complex assemblies. 

Ongoing efforts focus on enhancing flexibility by sampling 

multiple conformations, incorporating experimental data 

iteratively to refine models, and enriching predictions with 

cofactors and ligands through complementary resources [29]. 

Despite outstanding progress, predicting protein-ligand in-

teractions at docking accuracy levels and fully resolving novel 

or highly flexible structures remain critical frontiers for future 

development [30]. 

5. AI for Functional Prediction of Protein 

AI substantially advances functional prediction of proteins 

by linking their predicted three-dimensional structures to 

biological roles, which is crucial since protein function is 

largely determined by structure [8]. With highly accurate 

structural models from AI methods like AlphaFold, functional 

sites such as ligand binding pockets, interaction interfaces, 

and enzymatic active sites can be identified [4]. AI ap-

proaches integrate predicted structures with sequence and 

evolutionary information to detect surface pockets and con-

served residues, using techniques like graph-based deep 

learning and transformer models to predict ligand binding, 

protein-protein interactions, and enzymatic activity [4]. 

Moreover, integration with functional annotation tools such 

as AlphaFill and LegoFill enriches structural predictions by 

adding biologically relevant ligands, cofactors, and ions 

drawn from experimental databases, providing context that 

aids functional interpretation [31]. This combination of pre-

cise structural modeling and advanced annotation tools ena-

bles detailed and accurate functional predictions, fostering 

deeper insight into protein biology and supporting applica-

tions in drug discovery and protein engineering [32]. 

6. Databases, Tools and Resources 

6.1. Protein Structure Databases and 

AI-predicted Model Repositories 

Protein structure databases and AI-predicted model repos-

itories are fundamental resources that accelerate research in 

structural biology by providing access to experimentally de-

termined and computationally predicted protein structures [4]. 

The Protein Data Bank (PDB) remains the gold standard for 

experimentally resolved protein structures, offering exten-

sively curated models derived from crystallography, NMR, 

and cryo-EM. It serves as a critical reference for validating AI 

predictions and understanding protein conformations under 

physiological conditions [33]. 

Complementing the PDB is the AlphaFold Protein Struc-

ture Database (AlphaFold DB) can lines over 200 million 

high-accuracy protein structure predictions generated by the 

AlphaFold AI system [34]. This repository dramatically ex-

pands structural coverage beyond experimentally solved 

proteins, offering predicted models for vast numbers of pro-

teins across multiple species. AlphaFold DB provides confi-

dence metrics such as pLDDT scores to indicate prediction 

reliability and features advanced visualization tools for easy 

exploration of predicted structures [35]. It is freely accessible 

and widely used to fill gaps in structural knowledge, thus 

supporting applications like drug discovery and protein en-

gineering. 

The integration of these resources is exemplified by tools 

such as the PDBe-KB platform, which allows for direct su-

perposition and comparison of AlphaFold models with cor-

responding experimental structures from the PDB [36]. This 

facilitates validation of AI predictions and highlights con-

formational states captured by experiments versus models. 

Additional tools like AlphaFind enable structure-based 

searches across the entire AlphaFold DB, helping researchers 

discover structurally similar proteins rapidly within this mas-

sive dataset [36]. 

Together, these databases form a comprehensive ecosystem: 

the PDB provides experimentally validated structures as a 

foundation, while AlphaFold DB offers AI-predicted models 

that expand coverage to almost the entire proteome and spe-

cialized web tools offer interactivity and cross-comparison 

[34]. This synergy advances structural and functional protein 

analysis by merging experimental accuracy with AI-driven 

breadth and scale [37]. Such resources are indispensable for 

accelerating biological understanding, hypothesis generation, 

and translational research in molecular biology and biomedi-

cine. 

6.2. Software and Platforms Enabling AI-driven 

Predictions 

Software and platforms enabling AI-driven protein struc-

ture predictions encompass a range of advanced tools inte-

grating deep learning with bioinformatics to accurately model 

protein 3D structures from sequences [38]. Notable platforms 

include AlphaFold2 and its updated version AlphaFold3, 

developed by DeepMind, which deliver near-experimental 

accuracy and support complex predictions including protein 

complexes and interactions [20]. AlphaFold is accessible both 

as open-source software for local use and through web servers 

like the AlphaFold Protein Structure Database, offering ex-

tensive repositories of predicted models [36]. The Ro-
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seTTAFold platform uses deep neural networks for rapid and 

accurate structure predictions and is available as open-source 

code and via associated web interfaces [39]. 

Commercial solutions such as NovaFold AI utilize Al-

phaFold2’s algorithms within integrated environments to 

facilitate user-friendly prediction and visualization workflows, 

targeting difficult cases like membrane proteins and mul-

ti-domain structures [40]. Additional tools leverage AI in 

various prediction approaches, including I-TASSER, Robetta, 

and trRosetta, which combine machine learning with ho-

mology modeling, threading, and ab initio predictions [13, 

41-43] These platforms typically provide web servers and 

downloadable packages to accommodate diverse research 

needs. 

Moreover, complementary software like AlphaFill and 

LegoFill enhance functional annotation by incorporating 

ligands and cofactors into predicted structures, enabling 

functional insights [31, 38]. The ecosystem of AI-driven 

protein prediction tools thus spans from foundational deep 

learning models to integrated platforms and annotation tools, 

collectively advancing biological research through 

high-accuracy, scalable, and accessible protein modeling 

solutions [4]. 

6.3. Role of Open Data and Collaborative 

Resources 

Open data and collaborative resources play a pivotal role in 

accelerating advances in protein structural biology by 

providing widespread, unrestricted access to both experi-

mentally determined and AI-predicted protein structures [33, 

44]. The AlphaFold Protein Structure Database (AlphaFold 

DB), a prime example, offers over 200 million high-accuracy 

predicted protein models freely available to the global scien-

tific community under an open Creative Commons license 

[34]. This open access enables researchers across disciplines 

to use comprehensive structural data for hypothesis genera-

tion, drug discovery, protein engineering, and functional 

annotation without barriers posed by proprietary data or lim-

ited experimental coverage. 

Collaborative integration with established databases like 

the Protein Data Bank (PDB), UniProt, and InterPro further 

enriches the utility of these resources by linking predicted 

structures to experimental evidence, sequence annotations, 

and functional classifications, fostering data interoperability 

and broader biological insights [45]. Platforms hosting these 

data also provide user-friendly interfaces, bulk downloads and 

programmatic access that support diverse research workflows 

and large-scale computational analyses [46]. 

The communal availability of such vast data catalyzes in-

novation by enabling reproducibility, cross-validation, and 

comparative studies, while also lowering entry barriers for 

labs lacking experimental infrastructure. This collaborative 

ecosystem nurtures rapid progress in understanding protein 

function, dynamics and interactions, ultimately driving 

breakthroughs in medicine, biotechnology, and fundamental 

biology. Open data repositories and cooperative resources 

democratize access to protein structural knowledge, under-

pinning a new era of data-driven biological discovery and 

translational research. 

7. Current Status and Achievements 

7.1. Milestones in AI Based Prediction Accuracy 

AlphaFold2 set a new standard by achieving 

near-experimental accuracy at CASP14 (2020), with a median 

backbone RMSD of approximately 0.96 Å and all-atom 

RMSD around 1.5 Å [6]. This accuracy vastly outperformed 

competing methods, which typically had backbone RMSDs 

near 2.8 Å or higher. AlphaFold2’s architecture integrated 

evolutionary, physical, and geometric constraints into a deep 

learning model that jointly embeds multiple sequence align-

ments (MSAs) and pairwise residue features, enabling precise 

3D coordinate predictions solely from amino acid sequences 

[47]. 

AlphaFold3 was released recently and basic for this field. It 

introduces a diffusion-based architecture that improves pre-

diction of protein complexes, including proteins, nucleic acids, 

small molecules, ions, and modified residues [20]. Al-

phaFold3 achieves substantially higher accuracy across a 

broad range of biomolecular interaction types compared to 

specialized tools and reduces dependence on extensive MSA 

processing by using a simplified "pairformer" module [48]. It 

also directly predicts atomic coordinates with enhanced 

chemical and stereochemical fidelity, advancing modeling of 

protein dynamics and interactions. 

7.2. Successful Applications in Drug Discovery, 

Genomics and Synthetic Biology 

The availability of high-accuracy protein structural models 

at proteome scale (over 200 million structures in the Al-

phaFold Protein Structure Database) has transformed multiple 

fields [6]. In drug discovery, precise structural models facili-

tate identification of ligand binding sites and protein-protein 

interaction interfaces, accelerating rational drug design and 

optimization [13]. Genomics benefits from structural annota-

tion of uncharacterized proteins, aiding functional insights 

and variant interpretation at scale. Synthetic biology and 

protein engineering leverage AI models to design novel pro-

teins with bespoke functions, improve enzyme catalytic effi-

ciency, and develop biosensors [49]. 

7.3. Limitations and Gaps 

Despite extraordinary progress, several challenges remain. 

AlphaFold models typically predict a single protein confor-

mation and struggle with intrinsically disordered regions, 
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dynamic states, and conformational flexibility critical for 

many functions [34]. Membrane proteins, post-translational 

modifications, and multi-chain complexes still pose predic-

tion difficulties, though AlphaFold3’s enhanced architecture 

addresses some gaps. Prediction of protein-ligand interactions 

at docking accuracy, fully accurate modeling of protein dy-

namics and comprehensive prediction of novel folds or highly 

flexible proteins are ongoing research frontiers [41, 50]. 

8. Future Perspectives 

Future perspectives in AI-driven protein structural and 

functional prediction, particularly following the break-

throughs by AlphaFold2 and AlphaFold3, focus on ex-

panding the capabilities of AI models beyond static protein 

structures to encompass dynamic, complex, and interac-

tion-rich biological systems. The key future directions in-

clude Modeling Protein Complexes and Biomolecular In-

teractions, Integration with Experimental Data, Addressing 

Limitations in Dynamic and Flexible Regions, Leveraging 

Proprietary Pharmaceutical Data for Drug Discovery, Open 

Source and Democratization of AI Tools, Enhanced Chem-

ical and Structural Fidelity and Expanding Functional An-

notation Integration. 

8.1. Modeling Protein Complexes and 

Biomolecular Interactions 

AlphaFold3 marked a major advance by enabling accurate 

prediction of molecular complexes, such as protein-protein, 

protein-ligand, and protein-nucleic acid assemblies. Future 

work aims to refine this capacity with improved modeling of 

multi-component complexes, including transient interactions 

and conformational variability, which are essential for cellular 

functions and drug targeting. 

8.2. Integration with Experimental Data 

Combining AI predictions with experimental structural bi-

ology techniques like cryo-electron microscopy and NMR 

spectroscopy is expected to enhance model accuracy and 

validation. Iterative workflows integrating AI and experi-

mental data will improve understanding of protein dynamics, 

folding pathways, and functional states beyond static snap-

shots. 

8.3. Addressing Limitations in Dynamic and 

Flexible Regions 

Current AI models often predict a single predominant con-

formation and struggle with intrinsically disordered or flexible 

regions. Future advances will focus on capturing protein dy-

namics, multiple conformations, and post-translational modi-

fications to better represent biological reality. 

8.4. Leveraging Proprietary Pharmaceutical 

Data for Drug Discovery 

The shortage of diverse protein-drug interaction data in 

public repositories limits AI’s ability to predict drug binding 

accurately. Consortiums of pharmaceutical companies are 

developing AI models trained on their proprietary structural 

data to enhance drug-target interaction predictions, though 

these will initially be restricted to member companies, high-

lighting a growing tension between open science and com-

mercial interests. 

8.5. Open Source and Democratization of AI 

Tools 

While AlphaFold3’s initial release limited code availability 

for commercial use, recent moves have made it accessible to 

academic researchers. Parallel efforts to develop open-source 

reproductions like OpenFold3 will democratize access, ena-

bling broader innovation in biotechnology and drug devel-

opment. 

8.6. Enhanced Chemical and Structural Fidelity 

New AI architectures employ diffusion-based methods and 

refined neural network modules to predict atomic coordinates 

with higher stereochemical accuracy, improving prediction of 

ligand binding sites, metal ion coordination, and enzyme 

active sites, thereby facilitating more precise functional an-

notation and drug design. 

8.7. Expanding Functional Annotation 

Integration 

Future tools will increasingly combine structure prediction 

with functional annotation databases and AI-driven pipelines 

to link sequence, structure, and function comprehensively. 

This will accelerate discovery of novel protein functions and 

design of tailored biomolecule. 

9. Conclusion 

AI has profoundly transformed the field of protein struc-

tural and functional prediction by delivering unprecedented 

accuracy, speed, and scale in modeling protein 3D structures 

directly from amino acid sequences. Landmark break-

throughs with models like AlphaFold2 and the recent Al-

phaFold3 have achieved near-experimental precision, vastly 

expanding structural coverage across millions of proteins 

spanning diverse species. This revolution has accelerated 

hypothesis generation, drug discovery, functional annotation 

and novel protein design to effectively bridging the gap 

between vast protein sequence data and detailed structural 

knowledge. 

The future of AI-driven protein structural biology envisions 
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holistic models capable of representing dynamic, mul-

ti-component biomolecular systems with enhanced chemical 

fidelity and interpretability. Democratization of AI tools 

through open-source initiatives, combined with collaborative 

data sharing, will foster innovation across biotechnology, 

synthetic biology and medicine. The synergy between AI 

predictions and diverse experimental and functional datasets 

promises deeper biological understanding and accelerated 

translational applications. 

Generally, AI has revolutionized protein structural and 

functional prediction by overcoming traditional barriers and 

providing transformative tools that reshape biomedical re-

search and biotechnology. While significant challenges per-

sist, ongoing methodological advances and resource devel-

opment are poised to drive the field toward comprehensive, 

accurate and functionally rich protein models used to un-

locking new frontiers in science and medicine. 
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