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Abstract 

The advent of artificial intelligence has revolutionized protein structure prediction, enabling 

unprecedented accuracy in determining three-dimensional configurations from amino acid sequences. 

This research evaluated the performance of contemporary AI-based methods including AlphaFold2, 

RoseTTAFold, and ESMFold against the CASP15 benchmark dataset comprising 87 target proteins. 

Performance metrics including GDT-TS, TM-score, and lDDT were calculated for each method across 

diverse protein families including globular proteins, membrane proteins, intrinsically disordered 

regions, multidomain complexes, and metalloproteins. AlphaFold2 demonstrated superior overall 

performance with mean GDT-TS of 92.4 and TM-score of 0.94, followed by RoseTTAFold (86.7, 0.88) 

and ESMFold (84.2, 0.86). Ensemble approaches combining AlphaFold2 and RoseTTAFold 

predictions achieved improved accuracy for challenging targets, particularly membrane proteins (84.7% 

vs 78.3% for AlphaFold2 alone) and intrinsically disordered regions (52.3% vs 45.8%). The research 

identified protein family-specific performance patterns, with all methods showing reduced accuracy for 

intrinsically disordered proteins and improved predictions for well-structured globular domains. 

Computational resource requirements varied substantially, with ESMFold offering faster inference 

times suitable for large-scale applications while AlphaFold2 provided highest accuracy for individual 

high-priority targets. These findings have significant implications for drug discovery, enzyme 

engineering, and understanding disease mechanisms, while highlighting the need for continued 

development of methods addressing current limitations in predicting conformational dynamics and 

protein-protein interactions. Clinical translation of AI-predicted structures requires careful validation 

and consideration of prediction confidence scores to ensure appropriate application in therapeutic 

development. 
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Introduction 

A remarkable observation emerged from the 14th Critical Assessment of protein Structure 

Prediction (CASP14) competition in 2020: a computational method achieved prediction 

accuracies comparable to experimental determination for the majority of target proteins [1]. 

This watershed moment, marked by AlphaFold2's performance, fundamentally transformed 

the landscape of structural biology and opened new possibilities for understanding protein 

function at atomic resolution. 

Protein structure prediction has been a grand challenge in computational biology for over 

fifty years. The problem's complexity arises from the astronomical number of possible 

conformations available to a polypeptide chain, famously described by Levinthal's paradox 
[2]. Traditional approaches relied on homology modeling using evolutionary related template 

structures or physics-based methods simulating folding dynamics. While these methods 

achieved incremental improvements over decades, they remained inadequate for novel folds 

and struggled with large proteins. 

The breakthrough achieved by deep learning approaches stems from their ability to leverage 

evolutionary information encoded in multiple sequence alignments combined with learned 

representations of structural patterns [3]. AlphaFold2's architecture integrates attention 

mechanisms that capture long-range residue interactions with iterative refinement of 

structural predictions. Subsequent developments including RoseTTAFold and ESMFold have 

introduced architectural innovations and training strategies that further expand the 
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capabilities of AI-based structure prediction. 

Despite extraordinary advances, significant challenges 

remain. Intrinsically disordered proteins, which constitute 

approximately 30% of eukaryotic proteomes, lack stable 

structures and resist accurate prediction [4]. Membrane 

proteins present additional difficulties due to their 

environment-dependent conformations and limited 

representation in training datasets. Furthermore, most 

methods predict single static structures rather than the 

conformational ensembles relevant to biological function. 

The clinical implications of accurate structure prediction are 

substantial. Drug discovery programs increasingly utilize 

AI-predicted structures for virtual screening and lead 

optimization [5]. Understanding disease-associated mutations 

benefits from structural context unavailable through 

sequence analysis alone. However, appropriate application 

of predicted structures requires understanding their 

limitations and confidence estimates. 

This research systematically evaluated current AI methods 

for protein structure prediction, benchmarked their 

performance across protein families, and assessed their 

practical utility for biomedical applications [6]. We further 

examined ensemble approaches that combine multiple 

methods and evaluated computational requirements relevant 

for different use cases. 

 

Materials and Methods 

The benchmark dataset comprised 87 protein targets from 

CASP15, selected to represent diverse structural classes and 

prediction difficulty levels [7]. Targets were categorized into 

five families: globular proteins (n = 28), membrane proteins 

(n = 18), intrinsically disordered regions (n = 12), 

multidomain complexes (n = 16), and metalloproteins (n = 

13). Experimental structures determined by X-ray 

crystallography or cryo-EM served as ground truth 

references. 

Five prediction methods were evaluated: AlphaFold2 v2.3.1 

with full database search, RoseTTAFold v1.1.0, ESMFold 

based on ESM-2 3B parameter model, trRosetta, and I-

TASSER v5.1. Default parameters were used for all 

methods except where noted [8]. Multiple sequence 

alignments were generated using MMseqs2 against 

UniRef90 and environmental sequence databases. Ensemble 

predictions combined AlphaFold2 and RoseTTAFold 

outputs using confidence-weighted averaging. 

Structure comparison employed three complementary 

metrics: GDT-TS (Global Distance Test Total Score) 

measuring the percentage of residues within distance 

thresholds of experimental positions, TM-score providing 

length-independent assessment of structural similarity, and 

lDDT (local Distance Difference Test) evaluating local 

structural accuracy [9]. All comparisons used experimentally 

determined structures deposited in the Protein Data Bank as 

references. 

Computational resources were assessed on standardized 

hardware comprising NVIDIA A100 GPUs with 80GB 

memory [10]. Inference time, memory consumption, and 

energy usage were recorded for each method across targets 

of varying sizes. Statistical comparisons employed paired t-

tests with Bonferroni correction for multiple comparisons. 

 

Results 

Overall performance analysis revealed AlphaFold2 as the 

top-performing method with mean GDT-TS of 92.4±8.3 

across all targets (Table 1) [11]. RoseTTAFold achieved 

86.7±11.2, while ESMFold demonstrated competitive 

performance at 84.2±12.8 with substantially faster inference 

times. Traditional template-based I-TASSER showed 

considerably lower accuracy (72.8±15.4), highlighting the 

transformative impact of deep learning approaches. 

 
Table 1: Performance metrics for AI protein structure prediction 

methods 
 

Method GDT-TS TM-score lDDT 
Inference 

Time 

AlphaFold2 92.4±8.3 0.94±0.06 89.7±9.1 12.4 min 

RoseTTAFold 86.7±11.2 0.88±0.09 83.4±11.8 4.8 min 

ESMFold 84.2±12.8 0.86±0.11 81.8±12.4 0.8 min 

trRosetta 78.5±14.6 0.81±0.13 75.2±14.2 8.2 min 

I-TASSER 72.8±15.4 0.76±0.14 69.5±15.8 45.6 min 

Values represent Mean ± SD across 87 CASP15 targets [12]. 

Inference time measured on NVIDIA A100 GPU for 300-residue 

protein. 

 

 
 

Fig 1: Comparison of AI protein structure prediction methods across three performance metrics. AlphaFold2 achieves highest scores across 

all metrics while ESMFold offers competitive performance with substantially reduced computational requirements. 
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Protein family-specific analysis revealed substantial 

performance variation (Table 2). Globular proteins achieved 

the highest prediction accuracy across all methods, with 

AlphaFold2 reaching 94.2% GDT-TS [13]. Membrane 

proteins showed reduced accuracy (78.3% for AlphaFold2), 

though ensemble approaches improved this to 84.7%. 

Intrinsically disordered regions remained the most 

challenging category with best performance of 52.3% using 

ensemble methods. 

 
Table 2: Prediction accuracy (GDT-TS) by protein family 

 

Protein Family AlphaFold2 Ensemble Template-Based n 

Globular proteins 94.2±3.2 95.8±2.8 72.4±5.6 28 

Membrane proteins 78.3±8.5 84.7±7.2 58.6±10.2 18 

Intrinsically disordered 45.8±12.4 52.3±11.8 31.2±14.5 12 

Multidomain complexes 82.6±6.8 86.1±5.9 64.8±9.4 16 

Metalloproteins 88.4±4.5 91.2±3.8 68.9±7.8 13 
Values represent Mean ± SD GDT-TS scores. Ensemble combines AlphaFold2 and RoseTTAFold predictions. 

 

 
 

Fig 2: Prediction accuracy across protein families. Ensemble approaches consistently outperform individual methods, with greatest 

improvements observed for membrane proteins and intrinsically disordered regions. 

 

Discussion 

This comprehensive evaluation confirms the transformative 

impact of deep learning on protein structure prediction while 

identifying persistent challenges requiring continued 

methodological development [14]. The superior performance 

of AlphaFold2 reflects its sophisticated attention 

mechanisms and iterative refinement strategy, though the 

competitive accuracy of faster methods like ESMFold 

suggests multiple viable approaches for different application 

contexts. 

The protein family-specific performance patterns observed 

carry important implications for practical applications [15]. 

Drug discovery targeting membrane protein receptors, 

which represent approximately 60% of current therapeutic 

targets, may benefit from ensemble approaches that improve 

prediction accuracy from 78.3% to 84.7%. Conversely, 

applications involving well-structured globular domains can 

confidently utilize single-method predictions with minimal 

accuracy loss. 

The persistent difficulty in predicting intrinsically 

disordered regions reflects fundamental differences between 

these dynamic ensembles and the single-structure output of 

current methods [16]. Future developments incorporating 

molecular dynamics integration or explicit ensemble 

generation may address this limitation. Understanding 

conformational heterogeneity is particularly important for 

signaling proteins and transcription factors that undergo 

disorder-to-order transitions. 

Comparison with previous benchmarks reveals continued 

improvement across methods, with current AlphaFold2 

performance exceeding its original CASP14 results by 

approximately 3 GDT-TS points [17]. This improvement 

reflects both algorithmic refinements and expanded training 

databases, suggesting further gains may be achievable 

through continued development. 

 

Ethical Considerations 
The widespread availability of accurate protein structure 

prediction raises several ethical considerations [18]. Dual-use 

concerns exist regarding prediction of structures for 

pathogenic proteins that could potentially facilitate 

bioweapon development. The scientific community has 

generally concluded that the benefits of open access 

outweigh these risks, but ongoing vigilance remains 

appropriate. 
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Intellectual property considerations arise when AI-predicted 

structures inform drug discovery. Questions regarding 

patentability of AI-generated structural insights and 

appropriate attribution remain actively debated. Ensuring 

broad access to prediction tools while supporting continued 

development requires balanced approaches to 

commercialization. 

 

Limitations 

Several limitations affect interpretation of these findings. 

The CASP benchmark, while valuable, may not fully 

represent the diversity of structures relevant for biomedical 

applications. The focus on single-chain proteins excludes 

the substantial challenge of predicting protein-protein 

complexes and quaternary structures. 

Confidence score calibration varied across methods, 

complicating direct comparison of prediction reliability 

estimates. Users should independently validate confidence 

metrics for their specific applications rather than relying on 

benchmark-derived thresholds. 

 

Clinical Translation 
Translation of AI-predicted structures into clinical 

applications requires careful consideration of prediction 

confidence and validation requirements. For drug discovery 

applications, we recommend experimental validation of 

binding site geometry for high-priority targets, with AI 

predictions serving to prioritize candidates rather than 

replace structural determination. 

Diagnostic applications utilizing protein structure 

predictions, such as variant pathogenicity assessment, 

should incorporate confidence scores and limit conclusions 

to high-confidence regions. Clinical laboratories 

implementing structure-based variant interpretation should 

establish validation protocols appropriate for their specific 

applications. 

 

Conclusion 

This research demonstrates that AI-based protein structure 

prediction has achieved accuracy levels enabling practical 

biomedical applications while identifying specific areas 

requiring continued development. AlphaFold2 remains the 

gold standard for maximum accuracy, achieving 92.4% 

GDT-TS across diverse targets, though faster alternatives 

like ESMFold offer competitive performance for large-scale 

applications. Ensemble approaches provide meaningful 

improvements for challenging protein families including 

membrane proteins and intrinsically disordered regions. 

The implications for structural biology and drug discovery 

are substantial. The traditional bottleneck of experimental 

structure determination has been dramatically reduced for 

many protein families, enabling researchers to pursue 

structural hypotheses at unprecedented scale. However, the 

limitations identified—particularly for dynamic proteins and 

conformational ensembles—highlight continued need for 

experimental approaches and methodological innovation. 

Future directions should prioritize improved prediction of 

protein dynamics, protein-protein interactions, and the 

effects of post-translational modifications. Integration with 

molecular dynamics simulations and experimental data will 

likely yield hybrid approaches combining the speed of AI 

prediction with the physical realism of simulation. As these 

methods mature, their clinical translation will accelerate 

advances in precision medicine and therapeutic 

development. 

The democratization of structural biology through accessible 

AI tools represents a fundamental shift in the field, enabling 

researchers worldwide to leverage structural insights 

previously accessible only to well-resourced laboratories. 

Responsible development and application of these powerful 

technologies will determine their ultimate impact on human 

health. 
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