Additional Discussion
As a groundbreaking development in structural biology, AlphaFold has quickly become a research hotspot since its release. The surge in AlphaFold-related research makes it challenging for researchers to discern the intrinsic connections and developments within this information in a short time. Through a variety of informatics methods, we have been able to provide an objective and comprehensive analysis of the AlphaFold research field. Through an unsupervised clustering algorithm, we categorized AlphaFold-related research into six clusters. Time series tracking and global impact statistics show that cluster 3 (Artificial Intelligence-Powered Advancements in AlphaFold for Structural Biology) is the most influential cluster. More interestingly, the Walktrap algorithm revealed that "structure prediction," "artificial intelligence," and "molecular dynamics" (Relevance Percentage = 100%, Development Percentage = 25.0%) are tightly intertwined with AlphaFold but remain underexplored, indicating a vast potential for future research.
1. Limitations of AlphaFold
As we know molecules such as proteins and nucleic acids are in constant motion within cells, and thus, understanding their functions and mechanisms of action requires considering their dynamic changes. However, AlphaFold currently has limitations in predicting the dynamic behavior of biomolecular systems1, 2. AlphaFold 2 was trained on datasets derived from X-ray crystallography and cryo-electron microscopy structures, which means it typically predicts static protein structures rather than dynamic states1, 3. Although AlphaFold 3 offers more accurate structure predictions and attempts to account for polymorphism and environmental factors, its ability to simulate dynamic behavior remains limited. AlphaFold 3 is still unable to fully predict the dynamic behavior of proteins at different times or conformational changes under different conditions2. In addition, AlphaFold's modeling accuracy needs to be improved; for example, the researchers found that AlphaFold's accuracy in predicting antibody-antigen complexes is still unsatisfactory2. Notably, compared to AlphaFold 2, AlphaFold 3 innovatively introduces a diffusion model and a simplified architecture. In most cases, AlphaFold 3 is more flexible than AlphaFold 2 when dealing with complex ordered structures1, 2. However, this innovation also brings new challenges: when dealing with disordered regions, AlphaFold 3 sometimes tends to predict the presence of ordered structures when in fact no ordered structure exists2. This suggests that, while new techniques can drive progress, they also can introduce new problems, especially when dealing with highly complex biological systems, where these limitations tend to be exposed in specific cases.
2. Cluster 3 (Artificial Intelligence-Powered Advancements in AlphaFold for Structural Biology) has the greatest influence among the six clusters.
Time series tracking and global impact statistics identify Cluster 3, Artificial Intelligence-Powered Advancements in AlphaFold for Structural Biology, as the most influential cluster. The average citation rate for this cluster was 48.36 ± 184.98, significantly higher than the other clusters. The three-dimensional structure of proteins determines their functions, but detecting protein structures through traditional experimental methods such as X-ray crystallography and nuclear magnetic resonance (NMR) spectroscopy is time-consuming and labor-intensive. AlphaFold significantly improves the accuracy of protein structure prediction through the integration of advanced artificial intelligence algorithms and successfully predicts the structures of many proteins that were previously difficult to analyze, which represents a major breakthrough in the field of structural biology2-4. Accurate prediction of protein structure is not only crucial for structural biology but also has a significant impact on related fields such as drug design5, disease research6, and molecular dynamics simulation7. The ability of AI to learn complex patterns and relationships from huge biomolecular datasets has driven innovations that are difficult to achieve with traditional approaches. The use of AI in these related fields is becoming increasingly common. Thus, the integration of AI in AlphaFold is not only a major breakthrough in structural biology but also brings new opportunities to other related fields, making it the most influential research direction in the field of AlphaFold. 
3. Prospects for AlphaFold predicted by the Walktrap algorithm
It is well-known that AlphaFold is indeed driven by artificial intelligence (AI) and primarily focused on structure prediction4. Consistent with this, in our study the Walktrap algorithm reveals that “structure prediction”, “artificial intelligence”, and “molecular dynamics (MD)” are closely intertwined with AlphaFold, as indicated by a high Relevance Percentage (100%). Interestingly these areas also exhibit a relatively low Development Percentage (25.0%), suggesting that while they are central to the field, they are still in the early stages of exploration and development. This interesting phenomenon may be due to several reasons.
Firstly, core technologies and applications of AlphaFold are rapidly evolving. Although AlphaFold has achieved tremendous success, the application of AI in biological structure prediction and molecular dynamics is still in a phase of rapid development. This means that while AI, structure prediction, and molecular dynamics have shown great potential and impact, many of the technical details, optimization directions, and practical applications in this field are still being refined and expanded8. For instance, the optimization of new algorithms, the introduction of more data, and the expansion of cross-disciplinary applications all suggest that this field has not yet reached full maturity.
Secondly, despite the revolutionary progress made in AI-driven structure prediction under the influence of AlphaFold2, there are still many underexplored research opportunities. For example, better integration of AI with molecular dynamics to predict the dynamic behavior of proteins, or applying AI to more complex multi-component systems, represent "unexplored areas" in the research field. This may result in a lower DP being reflected in the Walktrap algorithm analysis because these areas are still developing and have not yet reached a mature stage.
In summary, the Walktrap algorithm analysis indicates that while AI, structure prediction, and molecular dynamics are closely linked with AlphaFold (high RP), their Development Percentage (DP) is relatively low. This is mainly because these fields are still rapidly developing and expanding, with many research opportunities and challenges yet to be fully explored and addressed. A lower DP reflects the immature state of these research areas, but it also highlights the significant research value and potential opportunities within these fields.
4. AlphaFold's reliance on AI technology
AI technology is the driving force behind the continuous upgrades and improvements of AlphaFold. This is because protein folding and interaction prediction are highly complex tasks, involving large volumes of data and multidimensional interactions, which traditional methods struggle to effectively address. AI, particularly deep learning, significantly enhances the accuracy and efficiency of structure prediction through large-scale data processing and pattern recognition9. 
The first AlphaFold version released by DeepMind, was primarily based on convolutional neural networks (CNN) and integrated multiple sequence alignment (MSA) data and physical features, showcasing the potential of AI in protein structure prediction for the first time4. Building on this, AlphaFold 2 marked a significant leap forward by introducing the Transformer architecture, which greatly improved prediction accuracy, achieving near-experimental precision and representing a major breakthrough in the field of protein structure prediction1, 3. AlphaFold 3 further advances this by incorporating a diffusion model and simplifying the architecture, not only improving computational efficiency but also achieving substantial progress in accurately predicting various biomolecular complexes, including proteins, nucleic acids, and small molecules2. Thus, it is evident that each breakthrough in AlphaFold is closely tied to innovations in AI technology. AI is not only the core driver of AlphaFold's success, but also the key to its future growth.
5. Potential Future Research Directions and Recommendations for the Scientific Community
Structure prediction is fundamental to understanding protein function and represents a highly promising direction in AlphaFold research. Structure prediction is crucial for fields such as drug development and disease research. For example, during the COVID-19 pandemic, AlphaFold was used to predict the three-dimensional structure of the Spike protein, which is the key protein that binds to the human cell receptor ACE2. AlphaFold's predictions helped scientists quickly understand how the virus invades cells, thereby facilitating the design of COVID-19 vaccines and the development of antiviral drugs10. However, AlphaFold's high-precision predictions currently focus primarily on static protein structures, whereas proteins in living organisms often exist in dynamic equilibria with multiple conformations. AlphaFold still struggles to accurately predict these dynamic changes and conformational diversity1, 2. For instance, the latest AlphaFold 3 model continues to face challenges in predicting the open or closed conformations of E3 ligases in the presence or absence of ligands2. Future research may consider integrating molecular dynamics simulations, developing models for predicting conformational diversity, incorporating time-dependent data, utilizing reinforcement learning, and integrating experimental data to improve AlphaFold's accuracy in predicting protein dynamics and conformational diversity.
The application of artificial intelligence has significantly enhanced the accuracy, efficiency, and scope of protein structure prediction2-4. For example, the latest AlphaFold 3 model, based on AlphaFold 2, introduces a diffusion model and a simplified architecture, which not only improves computational efficiency, but also dramatically improves the prediction accuracy of a wide range of biomolecular complexes, including proteins, nucleic acids, and small molecules 2. Despite the AI has made significant progress with AlphaFold, there are some challenges as well. For example, the accuracy of AI in predicting protein dynamics and conformational changes is still insufficient1, 2. In addition, the heavy reliance of AI models on training datasets and computational resources poses serious challenges. Going forward, we could improve the accuracy of AI models in predicting protein dynamics and conformational diversity by developing AI models capable of handling time-series data, combining molecular dynamics (MD) simulations with AI models, and using rapid dynamics experimental data for model calibration. In addition, training AI models with more diverse and low-error datasets and developing more efficient AI algorithms may help improve the performance of AI and open up tremendous opportunities for its future development.
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