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A B S T R A C T

The change in the three-dimensional (3D) structure of a protein can affect its own function or interaction with 
other protein(s), which may lead to disease(s). Gene mutations, especially missense mutations, are the main 
cause of changes in protein structure. Due to the lack of protein crystal structure data, about three-quarters of 
human mutant proteins cannot be predicted or accurately predicted, and the pathogenicity of missense mutations 
can only be indirectly evaluated by evolutionary conservation. Recently, many computational methods have 
been developed to predict protein 3D structures with accuracy comparable to experiments. This progress enables 
the information of structural biology to be further utilized by clinicians. Thus, we developed a user-friendly 
platform named DPL3D (http://nsbio.tech:3000) which can predict and visualize the 3D structure of mutant 
proteins. The crystal structure and other information of proteins were downloaded together with the software 
including AlphaFold 2, RoseTTAFold, RoseTTAFold All-Atom, and trRosettaX-Single. We implemented a query 
module for 210,180 molecular structures, including 52,248 human proteins. Visualization of protein two- 
dimensional (2D) and 3D structure prediction can be generated via LiteMol automatically or manually and 
interactively. This platform will allow users to easily and quickly retrieve large-scale structural information for 
biological discovery.

1. Introduction

Over 400,000,000 non-redundant protein sequences are available in 
public databases, with new sequences continuously being discovered 
and collected (https://www.uniprot.org/uniparc/) (The UniProt and 
Consortium, 2021), (Jin et al., 2022). Meanwhile, only slightly more 
than 100,000 unique protein structures were identified experimentally, 
despite progress made in high-throughput structural genomics initia
tives (Berman et al., 2003), (Li et al., 2020). A number of experimental 
processes have been developed to provide high-resolution images of 
biomolecules. For example, cryo-electron microscopy has enabled the 
determination of biological structures with resolutions as high as ~1.2 
Å, which is demonstrated with apoferritin (Hoff et al., 2024). It takes a 
considerable workforce and material resources to obtain the structures 
experimentally. Therefore, computational methods have become valu
able alternatives. Generally, protein structure prediction methods can be 
broadly divided into three classes: homology modeling (John, 2003), 

protein threading (Wu, 2004), and ab initio protein modeling (Rollins 
et al., 2019).

Homology modeling methods are utilized to align the target to a set 
of proteins with similar sequences and known structures, assuming 
evolutionarily related proteins have similar structures (Johnston, 2005), 
(Marc et al., 2000). These methods typically require more than 30% 
consistency with the known protein sequence(s) to predict the 
three-dimensional shape of a query protein (Adam et al., 2008). It has 
been reported that 90% of the protein pairs were homologous and had 
similar structures when their amino acid sequences had 30% identity or 
above; less than 10% were homologous when the pairs had below 25% 
identity (Adam et al., 2008). Protein threading, similar to homology 
modeling, is a series of template-based approaches to structure predic
tion (Guo, 2003). However, threading techniques aim to identify tem
plates whose structures best accommodate the target protein, without 
relying on sequence similarity (Torda et al., 2004). Ab initio modeling 
constructs a protein 3D conformation solely from a sequence rather than 
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a template, seeking a conformation with the lowest free energy (Pruitt 
et al., 2013), (Baker and Sali, 2001). Ab initio modeling can work well 
for proteins with fewer than 120 amino acids (Roy et al., 2010).

Traditional de novo protein structure prediction involves exhaus
tively searching for an optimal conformation among all possibilities, 
which is achieved through molecular dynamics simulations using 
empirical force fields, or Monte Carlo simulations based on fragment- 
assembly or threading-assembly approaches (Ding and Gong, 2020). 
These simulations rely on experimentally determined structures as 
templates, guiding the target protein’s fragments to compose specific 
conformations. However, the effectiveness of traditional methods di
minishes for more complex structures and proteins with low sequence 
homology, such as the free-modeling (FM) targets in the critical 
assessment of protein structure prediction (CASP) competitions. Notable 
improvements in protein structure prediction have been observed in 
CASP12 compared to CASP11, with the application of deep learning 
algorithms and co-evolution information recognized as the main drivers 
(Schaarschmidt et al., 2018).

Several deep learning-based approaches have been developed for 
protein structure prediction in recent years. AlphaFold 1, a convolu
tional neural network-based system, achieved higher accuracy than its 
competitors in CASP13 (Senior et al., 2020). This model uses a neural 
network to predict distances between residue pairs, which aids in con
structing a potential of mean force to describe protein shape. AlphaFold 
2 adopts Evoformer, a modified transformer that refines evolutionary 
information from multiple sequence alignments (MSA) and spatial data 
from structural template searches before determining the final protein 
structure (Jumper et al., 2021). The latest version, AlphaFold 3, can 
predict various types of biomolecules with high accuracy. Key updates 
include a simplified MSA representation and a diffusion module for 
predicting raw atom coordinates, enabling the prediction of arbitrary 
chemical components (Abramson et al., 2024). Similar to AlphaFold 2, 
RoseTTAFold uses a three-track network as its core module in which the 
information of amino acid sequence, distance map, and 3D coordinates 
is transformed and integrated (Baek et al., 2021). This approach delivers 
accuracy comparable to AlphaFold 2. In 2024, the Baker Lab released 
RoseTTAFold All-Atom, which employs the three-track network and 
incorporates information on chemical element types of non-polymer 
atoms, chemical bonds between atoms, and chirality. The updated 
model can predict the structures of a wide diversity of biomolecules 
(Krishna et al., 2024). TrRosetta processes MSA and homologous tem
plates to predict inter-residue geometries, followed by structure pre
diction through energy minimization using the Rosetta framework (Du 
et al., 2021). Its latest iteration, trRosettaX-Single, adopts an MSA-free 
algorithm to better predict orphan protein structures, and its perfor
mance is superior to AlphaFold 2 and RoseTTAFold (Wang et al., 2022).

The Human Gene Mutation Database (HGMD) has recorded over 
310,537 disease-causing or likely disease-causing variants, including 
frameshift, nonsense, splicing, and missense mutations (Stenson et al., 
2020). Missense mutations make up 46.8% of these variations. However, 
the pathogenicity assessment of the same missense mutation in different 
databases is inconsistent, such as HGMD vs ClinVar (https://www.ncbi. 
nlm.nih.gov/clinvar). Accurate prediction of the pathogenicity of 
missense mutations is crucial. Researchers may gain significant insights 
into how genetic changes affect protein function if the 3D structures of 
the associated proteins are available (Capriotti et al., 2011), (Diwan 
et al., 2021), (Sarkar et al., 2017).

Official online versions of these prediction tools, such as the Alpha
Fold Server and trRosetta server, offer fast processing of prediction 
tasks. However, locally installed structure viewers may be necessary to 
visualize the predicted structures, as the embedded molecule viewers on 
the websites typically have limited functionality. The online prediction 
tools don’t provide access to experimentally determined protein struc
tures, although the prediction processes often require these structures as 
templates. Researchers typically need to obtain the structure of a known 
protein from an external source to compare it with a predicted structure. 

To address these inconveniences, we developed the DPL3D platform, 
which includes various structure prediction software, advanced visual
ization tools and an extensive collection of protein structural data.

DPL3D is a comprehensive 3D structure platform that includes the 
full databases required for AlphaFold 2, RoseTTAFold, RoseTTAFold All- 
Atom, and trRosettaX-Single, as well as a query service for 210,180 
molecular structure entries. It stores 3D structure annotations for model 
organisms (Table 1), and all data are freely accessible and downloadable 
for academic use (Deelen et al., 2019). DPL3D allows users to predict the 
structure of novel or mutant proteins, assisting in the discovery of un
derlying biological mechanisms. It incorporates the latest RoseTTAFold 
All-Atom for fast and accurate structure prediction, as well as estab
lished tools such as AlphaFold 2 and RoseTTAFold. TrRosettaX-Single 
can be used to predict the structures of orphan proteins, a task in 
which this approach specializes. The platform also provides a powerful 
structure viewer, which supports commonly used visualization styles, 
including cartoons, surfaces, and ball-and-stick models, along with 
various coloring options. With the integrated molecular viewer and 
extensive structure database, both predicted and archived protein 
structures can be viewed and compared online without additional 
software.

2. Materials and methods

2.1. Applications and system configuration

The databases required for AlphaFold 2, RoseTTAfold, and Rosetta
Fold All-Atom were downloaded and decompressed as instructed in their 
Github repositories. The full databases of AlphaFold 2 need 2.6 TB of 
disk space after decompression, including BFD, MGnify, PDB (Senior 
et al., 2020), (Shahzad et al., 2023), etc. RoseTTAfold can share BFD 
database with AlphaFold 2, while it needs about 460 GB of additional 
disk space for PDB100 and Uniref30. AlphaFold 2, RoseTTAfold, 
RosettaFold All-Atom, and trRosettaX-Single programs were installed in 
a local high-performance computer—CPU: Intel(R) Xeon(R) CPU 
E5-2686 v4 @ 2.30 GHz *2, RAM: 128G, GPU: NVIDIA Tesla P40, Hard 
Drive: WD Ultrastar DC HC310 HUS726T6TALE6L4 *2. Users can 
choose any of the four programs to predict the 3D structure of a mutant 
or novel protein sequence. The image of the 3D structure will be 
generated by the LiteMol software.

2.2. Protein structure predicting models

AlphaFold 2 is a protein structure prediction model developed by 
DeepMind in 2021. The model comprises two main modules. The first 
module, Evoformer, receives input features derived from MSA and 
structural template searching and exchanges evolutionary and spatial 
information iteratively. The refined MSA and pair representation output 
by Evoformer are then processed by the structure module, the second 
part of the AlphaFold 2 pipeline. The backbone and side chain confor
mations are determined by the structure module and a final predicted 
protein structure is generated (Jumper et al., 2021).

RoseTTAFold pipeline starts with homologous sequence searching 
against UniRef30 and BFD sequence databases. The generated MSA is 

Table 1 
Summary of DPL3D data.

Category Count

Species 8111
Protein 3D structures 210,180
Homo sapiens 54,332
Arabidopsis thaliana 1962
Caenorhabditis elegans 457
Drosophila melanogaster 1170
Danio rerio 570
Mus musculus 7719
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used for structural template searching against the PDB100 database. 
RoseTTAFold network predicts inter-residue geometries with MSA and 
top 10 templates. RoseTTAFold provides the PyRosetta procedure and 
the end-to-end procedure for generating the final structure with inter- 
residue geometries. The PyRosetta version is selected in our platform 
because it has relatively higher accuracy than the end-to-end version 
and doesn’t require large graphic memory for amino acid sequences 
longer than 400 residues. The PyRosetta version picks 5 models out of 15 
sampled structures based on predicted lDDT of DeepAccNet after clus
tering (Baek et al., 2021).

RosettaFold All-Atom is an advanced variant of the RosettaFold 
protein structure prediction tool. To enhance its accuracy and utility in 
structural biology, several crucial updates have been applied to Roset
taFold All-Atom such as including atoms that are independent of amino 
acid or nucleotide chains and taking into account chemical bonds be
tween atoms and chirality (Krishna et al., 2024). RosettaFold All-Atom is 
built on the RoseTTAFold2 model, in which a more computationally 
efficient structure-biased attention is adopted (Baek et al., 2022). These 
enhancements enable RosettaFold All-Atom to predict multiple types of 
biomolecules with greater speed and efficiency compared to earlier 
versions.

TrRosettaX-Single is an MSA-free method for improved accuracy of 
predicting orphan protein 3D structure. It also works well on human- 
designed proteins. The full pipeline of trRosettaX-Single contains two 
steps: 2D geometry prediction and 3D structure folding. The input of 2D 
geometry prediction is a single amino acid sequence, fed into s-ESM-1 
(supervised ESM-1). The output of s-ESM-1 and one-hot encoding are 
processed by a multi-scale network Res2Net_Single to obtain predicted 
2D geometry, including inter-residue distance and orientations. 3D 
structure folding step receives 2D geometry information and generates 
3D structure via energy minimization (Wang et al., 2022).

2.3. Molecular structure viewer

Protein structures are displayed on web pages using LiteMol (Sehnal 
et al., 2017), a web-based 3D viewer for molecular data. Designed to be 
user-friendly and efficient, LiteMol quickly renders large molecular 
structures. It offers commonly used visualizations, including cartoons, 
surfaces, and ball-and-stick models, along with various coloring options 
such as uniform and rainbow coloring. LiteMol can read both text and 
binary data. In our platform, predicted protein structures in PDB file 
format (text) can be loaded and displayed using the LiteMol plugin 
embedded in the webpage. The PDB file content and LiteMol library are 
also integrated into an HTML file, which can be downloaded and viewed 
in a browser.

2.4. Workflow of DPL3D

Fasta strings are submitted through a webpage, along with additional 
information such as the chosen prediction tool. The prediction task is 
then added to a queue and processed by one of the four available 
tools—AlphaFold 2, RoseTTAFold, RoseTTAFold All-Atom, or trRo
settaX-Single—once all preceding tasks are completed.

The prediction tools and their dependencies are managed using 
Miniconda, with minor code adjustments made to accommodate updates 
to specific dependencies. In the RoseTTAFold pipeline, our platform 
utilizes the PyRosetta approach, which requires lower GPU memory 
usage and offers improved performance for structure prediction 
compared to the end-to-end approach. The full databases required by the 
tools, such as BFD, MGnify, and PDB, are downloaded and decom
pressed. To save disk space, some databases, like BFD, can be shared 
across multiple pipelines using soft links.

Both AlphaFold 2 and RoseTTAFold generate multiple PDB files. 
AlphaFold 2 outputs five unrelaxed models, with the best one deter
mined based on the "ranking_debug" file. This top unrelaxed model is 
further processed to produce a relaxed version, both of which can be 

viewed using the LiteMol viewer embedded on the webpage. RoseT
TAFold’s PyRosetta version provides five final structures, with the first 
displayed in the viewer. In contrast, RoseTTAFold All-Atom and 
trRosettaX-Single each produce a single final model for every prediction.

Our platform also offers a query function for biomolecules in the PDB 
database. Users can search for a target molecule using either its four- 
character PDB ID or a description of the molecule, with the query re
sults displayed in the molecular viewer on the page.

2.5. Features of DPL3D

Users can perform 3D structure analysis for novel and mutant pro
teins. A simple user interface allows users to input sequence data in 
FASTA format by copying and pasting it into the designated text area. 
They can choose one of the four deep learning prediction software op
tions (Fig. 1A). Upon submitting a prediction, a 24-character token 
(Order ID) is generated for accessing the results. Users can save the URL 
containing the token to open it later in a browser.

Once the computation is complete, predicted structures can be 
visualized using the web-based LiteMol viewer. This viewer enables 
interactive exploration of structural data, quickly rendering 3D images 
as users zoom, drag, or rotate the molecule (Fig. 1B).

Users can download the prediction output folder as a zip file, which 
includes the final model in PDB format along with intermediate files 
such as MSA results. It also contains LiteMol components and an HTML 
file with the embedded protein structure, allowing users to view the 3D 
model directly in a browser without needing additional software.

Additionally, users can access the PDB database downloaded for the 
prediction tools. Molecular structure data can be queried using the PDB 
entry ID (Fig. 1C). For example, entry ID ‘1EJV’ can be used to find the 
molecule, and the structure will be displayed in LiteMol. Users can also 
search for molecular structure data using keywords, with related PDB 
entries appearing in a dropdown list for selection.

3. Results

To assess computational efficiency, we have selected proteins of 
varying lengths and each protein has been processed by four prediction 
tools in our platform. The processing time for each sequence by each 
prediction tool has been recorded (Fig. 2). Among the tested software, 
RoseTTAFold All-Atom can quickly finish the predictions for sequences 
among all lengths. TrRosettaX-Single is also swift at structure pre
dictions for short sequences since it doesn’t conduct MSA as other pre
diction tools. However, as the sequence gets longer, the time spent for 
prediction drastically increases and it takes more than 8 h to process a 
sequence of over 700 amino acids. AlphaFold and RoseTTAFold gener
ally need more time to process the same protein sequence than RoseT
TAFold All-Atom. Paired t-tests have been conducted to compare the 
processing time of AlphaFold, RoseTTAFold, and RoseTTAFold All- 
Atom. There isn’t a significant difference between AlphaFold and 
RoseTTAFold with a p-value 0.9303. RoseTTAFold All-Atom spends 
significantly less time on predictions than AlphaFold (with a p-value 
0.0046) and RoseTTAFold (with a p-value 0.0234).

The red frames in the results enclose the same segment of immuno
globulin transcription factor 2 (ITF2) sequence. The alpha helices (in 
purple) predicted by AlphaFold 2, RoseTTAFold and RoseTTAFold All- 
Atom resemble those observed in X-ray imaging (see Fig. 3).

According to evolutionary analysis, new genes often emerge after the 
differentiation of ancestral species and exhibit higher tissue specificity 
(Yang et al., 2023). A new gene discovered in the T2T genome assembly 
on chromosome 13 has been identified compared to previous genome 
assemblies (Sergey et al., 2021). Comparative orthology analysis has 
revealed that the orthologue of this new gene in humans is part of a 
conserved homologous syntenic block in chimpanzees (Fig. 4A). To 
further investigate the structural features, we have utilized our platform 
to predict the structures of proteins from the orthologous genes. The 
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protein expressed by the homologous gene in humans exhibits fewer 
helices than that in chimpanzees (Fig. 4B).

The 3D structures of many pathogenic mutants have not been re
ported to date in the Protein Data Bank. Therefore, this presents sig
nificant difficulties for researchers and physicians. The prediction 
software can help analyze the structural features of many mutated 
proteins in one species or across closely related species to discover un
derlying mechanisms. For example, we have predicted the 3D structure 
of the rs1559470315, NM_001904.4: c.1016_1025delinsT (p. 
Thr339_Arg342delinsIle, pubmed:33350591) using DPL3D (Fig. 5). The 
mutation can dramatically change the hydrogen bond network and even 
alter the ionization states of neighboring amino acids.

4. Discussion

The development of artificial intelligence (AI) technology has 
effectively addressed previously unresolved challenges across various 
domains. Its application in biological research and industry has 

witnessed a significant surge. Notably, many software tools have been 
developed, including AI models for predicting protein structures. The 
DPL3D platform incorporates four structure-predicting pipelines: 
AlphaFold 2, RoseTTAFold, RoseTTAFold All-Atom, and trRosettaX- 
Single. RoseTTAFold All-Atom is chosen for its superior accuracy and 
processing speed, as it represents the most recent and advanced model in 
the RoseTTAFold series for biomolecular structure prediction. Despite 
substantial architecture differences, AlphaFold 2 and RoseTTAFold are 
established MSA-based deep learning approaches known for their high 
accuracies, and thus both of them are integrated into our platform. 
TrRosettaX-Single, the latest version of trRosetta, is included in our 
platform due to its MSA-free design, which makes it highly effective for 
predicting orphan proteins. Additionally, its rapid processing of short 
sequences further supports its selection.

The source code for these prediction tools and their associated da
tabases are publicly available. However, researchers may still find the 
installation process challenging. Proper configuration of dependencies 
and environment variables is essential for all prediction pipelines. 

Fig. 1. User interfaces for sequence input, visualization of prediction results, and PDB queries. (A) The input string should be in FASTA format. (B) All structures are 
displayed using the LiteMol software on the webpage. (C) PDB IDs can be utilized to retrieve molecular structures.
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Dependencies automatically installed by package managers such as 
Conda may not align with the versions compatible with the prediction 
pipelines. To solve these technical issues and streamline the prediction 
process, separate environments are configured for the prediction tools, 
and subtle adjustments are made to both the pipelines and their de
pendencies. A web server is set up to integrate these prediction tools. 
Users can upload amino acid sequences in FASTA format and choose 
from the four available tools to start the prediction process. The mo
lecular structure viewer LiteMol is embedded into the browser-side UI 
for visualizing the predicted structure. To the best of our knowledge, the 
DPL3D platform stands out as the most user-friendly solution for pre
dicting the 3D structure of proteins.

We have evaluated four protein prediction pipelines across various 
input sequence lengths. RoseTTAFold All-Atom proves to be the fastest 
for predicting the structures of amino acid sequences longer than 200 
residues. Even for shorter sequences, it consistently outperforms 
AlphaFold 2 and RoseTTAFold in terms of speed. For the sequence with 

167 amino acids, trRosettaX-Single demonstrates remarkable efficiency, 
completing the prediction in just 4 min, while both AlphaFold 2 and 
RoseTTAFold take over 30 min, primarily due to their time-consuming 
Multiple Sequence Alignment (MSA) steps. However, trRosettaX-Single 
exhibits a significant increase in computation time for sequences 
longer than 400 amino acids. For example, while AlphaFold 2 and 
RoseTTAFold predict the structure of a 712-amino acid sequence in 
under 2 h, trRosettaX-Single requires nearly 9 h. The first step of the 
trRosettaX-Single pipeline to predict distances and orientations takes 
less than 2 min, even for sequences slightly over 700 amino acids; the 
majority of the time is spent on the final structure prediction, which 
operates in a single-threaded mode and makes minimal use of the 
graphics card. Given that trRosettaX-Single focuses on structures of 
orphan and human-designed proteins, it is advisable to use this tool for 
predicting the structures of short orphan or human-designed proteins. 
For general-purpose predictions, RoseTTAFold All-Atom often repre
sents the best choice due to its speed and optimizations. AlphaFold 2 and 
RoseTTAFold remain strong alternatives, and employing multiple 
pipelines enhances confidence in the results.

Each prediction tool has been tested on CASP or other datasets, 
demonstrating high accuracy, although the predicted structures may 
exhibit some inconsistency. When predicting the structure of the human 
ITF2 protein, AlphaFold 2, RoseTTAFold, and RoseTTAFold All-Atom 
identify alpha helices within the interval of 555–667 in the ITF2 
amino acid sequence, consistent with observations from X-ray imaging. 
However, the predicted structures diverge in regions not covered by the 
X-ray data. This inconsistency may result from the incomplete structural 
data obtained experimentally; as more structural data are collected and 
integrated into deep learning models, this inconsistency should 
diminish.

The development of prediction approaches facilitates advancements 
across various fields of biological research and applications. One 
important application of protein structure prediction is assessing 
whether a genetic mutation alters protein structure, potentially leading 
to genetic disorders. The prediction tools highlight the differences be
tween wild-type and mutated proteins associated with the mutation 
rs1559470315, as shown in Fig. 5. This underscores the potential of 
deep learning models to predict structural changes due to mutations and 

Fig. 2. The time spent by the four prediction tools on sequences of vary
ing lengths.

Fig. 3. The highlighted regions in the images from prediction tools and X-ray crystallography represent a shared segment of the ITF2 protein sequence. (A) AlphaFold 
2. (B) RoseTTAFold. (C) RoseTTAFold All-Atom. (D) trRosettaX-Single. (E) X-ray crystallography.
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evaluate the pathogenicity of variants with currently unknown clinical 
significance. However, researchers and clinicians should exercise 
caution when interpreting the clinical implications of genetic mutations 

using AI tools. Extensive optimization and testing are essential to ensure 
that these predictive approaches effectively assist in diagnosis and in
terventions, and results obtained from computational methods must be 

Fig. 4. Homology and 3D structure analysis of the new gene from T2T genome on chromosome 13. (A) Homology analysis of the new gene was based on the 
sequence alignment. (B) Structural comparisons among homologues were performed using the DPL3D platform.

Fig. 5. The 3D structures of the mutant and wild-type proteins have been predicted to assess the effect of the mutation on the stability of the protein structure. (A) 
Wild-type protein. (B) Mutated protein.
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validated through experimental studies.
In addition to software designed for predicting structures of mono

mers, there are deep learning tools like AlphaFold-Multimer tailored for 
multimeric proteins. AlphaFold-Multimer has demonstrated precision in 
processing a large fraction of PDB complexes (Richard et al., 2021), 
(Deneke et al., 2024). Nonetheless, AlphaFold-Multimer has limitations 
such as the inability to predict binding of antibodies, likely caused by 
limited evolutionary information derived from MSA for heteromeric 
protein complexes. Another research suggests that AlphaFold-Multimer 
with modified MSA library leads to an enhanced accuracy of predicted 
models (Peng et al., 2023). In 2024, AlphaFold 3 (Abramson et al., 2024) 
and RoseTTAFold All-Atom (Krishna et al., 2024) were developed, both 
capable of processing various types of biomolecules and biomolecular 
complexes. These tools may offer promising solutions to the challenges 
previously mentioned, while extensive research and testing are needed 
to validate their effectiveness in handling complex structures (Wee and 
Wei, 2024), (Anusha et al., 2024).

5. Conclusions

We have developed an online platform for protein structure predic
tion, incorporating the capabilities of AlphaFold 2, RoseTTAFold, 
RoseTTAFold All-Atom, and trRosettaX-Single. Additionally, the plat
form offers a query service for retrieving existing protein structure data 
from the PDB database. The efficiency of the four prediction pipelines is 
also assessed when handling proteins with different lengths. This 
comparative analysis aims to assist researchers in selecting the most 
suitable pipeline.

Deep learning prediction tools can predict the structures of both 
wild-type and mutated proteins, showing their potential for assessing 
the impact of mutations on protein structure and predicting the patho
genicity of variants with uncertain clinical significance. However, 
further research and exploration are necessary to establish a reliable AI- 
assisted annotation method for clinical applications. While these tools 
have achieved high accuracy in structure predictions, there is still room 
for optimization through increased training data and improved neural 
network models.

With the increasing accumulation of protein structural data derived 
from cryo-electron microscopy and synchrotron radiation, a growing 
number of proteins and their regulatory roles are being unveiled. We 
will consistently update the platform as new data becomes available. We 
believe this platform will serve as a valuable resource, enabling scien
tists to swiftly access critical information on the 3D structures of proteins 
and facilitating further advancements in biological discovery.
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