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SUMMARY

Characterizing the interaction between protein and RNA is critically important 
for biology and medicine. Here, we present a protocol to predict three-dimen-

sional protein-RNA complex structural models from their sequences using a 
deep learning-based approach named ProRNA3D-single. First, we delineate 
detailed steps for predicting protein-RNA interaction maps by leveraging pre-

trained language models. We then describe the procedure for generating the 
protein-RNA complex structure from the predicted interactions using optimiza-

tion techniques. This protocol has potential applications in host-virus interac-

tions and drug design.

For complete details on the use and execution of this protocol, please refer to 
Roche et al. 1

BEFORE YOU BEGIN

Knowledge of protein-RNA interactions is critical to our understanding of cellular biology, 2–4 with 

potential impact on drug design and discovery. 5–8 Numerous computational methods have been 

developed to predict the RNA interaction sites on protein 9–13 or protein interaction sites on 

RNA 14–17 attaining promising prediction performance. However, these methods do not capture 

the three-dimensional (3D) interactions between protein and RNA in Euclidean space, which 

convey finer-grained complex structural information. In recent years, several deep-learning-based 

methods have been developed for predicting complex biomolecular structural models. 18–20 

However, their dependence on limited co-evolutionary information may affect their prediction 

performance. To address this issue, we developed ProRNA3D-single, 1 a method for predicting 

protein-RNA complex structural models from their single sequence information using pretrained 

language models, thereby bypassing the need for explicit co-evolutionary information. In the 

ProRNA3D-single pipeline, first protein and RNA structures and embeddings are predicted using 

their respective pretrained language models. Then using geometric pairing of language model em-

beddings, an inter-protein-RNA distance map is predicted. Finally, the distance map along with the 

predicted protein and RNA structures is optimized to generate a 3D protein-RNA complex structural 

model.

In this paper, we present detailed step-by-step protocol of ProRNA3D-single. We use a human RNA-

binding protein (PDB ID: 7ZLQ, protein chain B and RNA chain C) to demonstrate the potential appli-

cation of the protocol for predicting protein-RNA interaction.
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Innovation

Existing deep-learning-based techniques utilize the co-evolutionary information derived from mul-

tiple sequence alignments (MSAs). However, the scarcity of protein-RNA paired MSA information 

can negatively impact their performance. ProRNA3D-single utilizes pretrained protein and RNA lan-

guage models, pairing their embeddings using symmetry-aware graph convolutions. 21 Particularly, 

we use ESM-2 22 and RNA-FM 23 to generate embeddings for proteins and RNAs. We generate the 

embeddings from the single amino acid sequence of protein and nucleotide sequence for RNA. The 

ESM-2 generates protein embedding with a shape of L131280, and the RNA-FM generates embed-

dings with the shape of L23640, where L1, and L2 are the length of the protein and RNA sequences, 

respectively. Additionally, we generate the monomeric 3D structures of the protein using ESMFold 22 

and the RNA using E2EFold-3D (later evolved to RhoFold+). 24 Next, the embeddings and the 3D 

monomeric structures are transformed into structure-aware enriched representations through 

graph convolutions using four layers of EGNN. 21 The dimensions of the enriched protein and 

RNA representations are L13D and L23D, respectively. Through a pairwise combination, the 

protein-RNA pair embedding is generated, having a dimension of L13L232D. The resulting 

protein-RNA pair embedding eliminates the need for paired MSAs. Subsequently, the pair 

embedding is passed through the ResNet inception blocks, 25 followed by a geometric attention 

module to predict two-dimensional protein-RNA interaction maps. Finally, the interaction maps 

are utilized to generate 3D complex structural models via PyRosetta optimization. 26

QuickStart: Install dependencies

Timing: 30–40 min

On a Linux x86_64 operating system, ProRNA3D-single was trained using a single NVIDIA A100-

SXM4-80GB GPU and tested using CPUs (GPUs can be used if available). After preprocessing, the 

RAM and disk requirements for running the pipeline depend on the input size (protein and RNA 

lengths); however, a minimum of 32 GB RAM and 256 GB of disk storage is recommended for typical 

runs.

This section guides the setup and installation of dependencies to prepare ProRNA3D-single proto-

col ready to go. The detailed prediction steps are described in “preprocessing’’ and “step-by-step 

method details’’ sections.

1. Download this GitHub package of the protocol:

a. Run the following command:

b. And then go to the directory:

c. Download the trained model for prediction. The model should be saved as ‘ProRNA3D_mo-

del/model.pt’:

>git clone https://github.com/Bhattacharya-Lab/ProRNA3D-single

>cd ProRNA3D-single

>curl --output ProRNA3D_model/model.pt

https://zenodo.org/records/11477127/files/model.pt?download=1
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Alternatives: Use this link https://zenodo.org/records/11477127/files/model.pt to directly 

download the trained model.

2. Create Conda virtual environment to install dependencies.

a. Run the following command:

b. And then activate the virtual environment named as ‘ProRNA3D-single’.

Note: Specifically, Python version 3.10.4, PyTorch version 1.12.0, CUDA version 11.6 are used 

in this protocol.

3. Install the following packages for preprocessing and input feature generation:

a. Install PyRosetta 26 following the instructions from https://www.pyrosetta.org/downloads#h. 

iwt5ktel05jc.

CRITICAL: Use of PyRosetta requires a license. PyRosetta is free of charge for academic 

and non-profit organizations under a non-commercial license, and commercial use requires 

a paid license. Detailed licensing information is available at https://els2.comotion.uw.edu/ 

product/pyrosetta.

b. Install pretrained protein language models:

i. For protein embedding generation, install ESM-2 22 following the instructions from https:// 

github.com/facebookresearch/esm?tab=readme-ov-file# quickstart.

Note: ‘esm2_t33_650M_UR50D’ model is used for embedding generation, which is ESM-2 

with 33 layer, 650M parameter and trained on uniref50. 27

Protein monomeric structural model can be predicted from its sequence using ESMFold. 22 

Use ‘esmfold_v1()’, which is the ESMFold baseline model trained with 15B parameters for 

structure prediction purposes.

Alternatives: ProRNA3D-single is also compatible with native protein monomeric structures 

(bound or unbound) or structural models predicted by other methods.

c. Install pretrained RNA language models:

i. For RNA embedding generation, install RNA-FM 23 following the instructions from https:// 

github.com/ml4bio/RNA-FM?tab=readme-ov-file#setup-and-usage.

ii. For RNA monomeric structural model prediction from its sequence, install E2EFold-3D 

(later evolved to RhoFold+) 24 following the steps from here https://github.com/ml4bio/ 

RhoFold.

Alternatives: ProRNA3D-single is also compatible with native RNA monomeric structures 

(bound or unbound) or structural models predicted by other methods.

>conda env create -f ProRNA3D-single_environment.yml

>conda activate ProRNA3D-single
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Preprocessing

Timing: 10–15 min

This section describes the preprocessing required to generate the input features for the ProRNA3D-

single model inference. The following features should be generated and placed inside the ‘inputs/’ 

directory. Here, we use an example of an RNA-binding protein in Homo sapiens (ID: 7ZLQ, protein 

chain B and RNA chain C) to generate input features, predict protein-RNA interaction map and 3D 

complex structural model. In the preprocessing stage, inputs are protein (and RNA) chain amino (and 

nucleic acid) sequences. The outputs are features that include protein and RNA embeddings, pre-

dicted structural models (when native structures are unavailable), and corresponding distance maps.

The preprocessing steps are as follows:

4. Place the list of targets named as ‘inputs.list’ within the ‘inputs/’ directory.

CRITICAL: Each line of the file contains the <target id>_<protein chain><RNA chain>. For 

this example, the ‘inputs/inputs.list’ contains only one line.

7ZLQ_BC

Note: Here, 7ZLQ is the target id, B is the protein chain and C is the RNA chain.

CRITICAL: The input list file must be named exactly ‘inputs.list’ and placed in the ‘inputs/’ 

directory. When the pipeline is executed, only the targets listed in this file are processed.

5. Generate protein embedding using ESM-2 following the coding example from here https:// 

github.com/facebookresearch/esm#getting-started-with-this-repo-

Save the protein embedding as ‘inputs/<protein>.rep_1280.npy’.

CRITICAL: For this example, the generated protein embedding is saved as ‘inputs/ 

7ZLQB.rep_1280.npy’.

6. Generate RNA embedding using RNA-FM by following this coding example https://github.com/ 

ml4bio/RNA-FM?tab=readme-ov-file#quick-start-usage.

CRITICAL: Save the RNA embedding as ‘inputs/<RNA>_RNA.npy’. For this example, the 

generated RNA embedding is saved as ‘inputs/7ZLQC_RNA.npy’.

7. If the native protein or RNA monomeric structures are available, place them inside the ‘inputs/’ 

directory.

Note: The protein and/or RNA monomeric structures can be predicted from their sequences 

using different prediction methods. Here is an example for each:

a. Predict protein monomeric structural models using ESMFold following the instructions from 

here https://github.com/facebookresearch/esm?tab=readme-ov-file#esmfold.

For this example, protein monomeric structure is generated using ESMFold, and saved as ‘in-

puts/7ZLQB.pdb’.
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b. Predict RNA monomeric structural models using E2EFold-3D (later evolved to RhoFold+) 

following the instructions from here https://github.com/ml4bio/RhoFold?tab=readme-ov-

file#examples-

For this example, RNA monomeric structure is generated using E2EFold-3D, and saved as 

‘inputs/7ZLQC.pdb’.

8. Generate distance maps from protein and RNA structures and save as ‘prot_dist/<protein>_ 

prot.dist’ and ‘rna_dist/<RNA>_RNA.c4p.dist’, respectively.

CRITICAL: For this example, protein and RNA distance maps are saved as ‘prot_dist/ 

7ZLQB_prot.dist’, and ‘rna_dist/7ZLQC_RNA.c4p.dist’, respectively.

Note: The distance maps are obtained from the protein and RNA monomeric 3D structures. 

Distance maps are generally formatted with five columns. The first and second columns of 

the distance maps represent the residue (nucleotide for RNA) pairs, and the fifth column de-

notes the Euclidean pairwise distance between the corresponding residues (nucleotides for 

RNA). Specifically, the fifth column represents the distance between the Cα (C4 ′ for RNA) 

atoms of the corresponding residue (nucleotide for RNA) pairs. From the monomeric 3D struc-

tures, distance maps can be generated using any publicly available script such as this one 

https://github.com/multicom-toolbox/CONFOLD2/blob/master/confold-v2.0/suppl-scripts/ 

pdb2rr.pl.

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

ProRNA3D-single inference output 
for the example target

Roche et al. 1 https://github.com/Bhattacharya-Lab/ProRNA3D-single/

blob/main/out_inter_rr/7ZLQ_BC.10bins.out

ProRNA3D-single final output

(3D protein-RNA complex structure) 
for the example target

Roche et al. 1 https://github.com/Bhattacharya-Lab/ProRNA3D-single/

blob/main/predictions/7ZLQ_BC.pdb

Preprocessed inputs Roche et al. 1 https://github.com/Bhattacharya-Lab/ProRNA3D-

single/blob/main/inputs/

Distance maps Roche et al. 1 https://github.com/Bhattacharya-Lab/ProRNA3D-

single/blob/main/prot_dist/ 
https://github.com/Bhattacharya-Lab/ProRNA3D-

single/blob/main/rna_dist/

Pretrained model Roche et al. 1 https://zenodo.org/records/11477127

Software and algorithms

PyTorch Paszke et al. 28 https://pytorch.org/

ESMFold and ESM-2 Lin et al. 22 https://github.com/facebookresearch/esm

E2EFold-3D (later evolved to RhoFold+) Shen et al. 24 https://github.com/ml4bio/RhoFold

RNA-FM Cheng et al. 23 https://github.com/ml4bio/RNA-FM

PyRosetta Chaudhury et al. 26 https://www.pyrosetta.org/

Anaconda Continuum Analytics Inc. https://www.continuum.io/downloads

ProRNA3D-single Roche et al. 1 Zenodo [https://doi.org/10.5281/ 
zenodo.16791755] from https://github. 
com/Bhattacharya-Lab/ 
ProRNA3D-single/tree/v1.0.0

PyMol Schrö dinger LLC 29 https://pymol.org/

Matplotlib Hunter et al. 30 https://matplotlib.org/
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STEP-BY-STEP METHOD DETAILS

After downloading and installing the dependencies and preprocessing the input features, the pipe-

line is ready to run. Below is an overview of the workflow (a more detailed workflow is shown in the 

graphical abstract):

Installing dependencies → Preprocessing → Performing inference → Generating restraints → Opti-

mizing the restraints to generate the 3D protein–RNA complex structure.

Note: After completing the preprocessing, the entire ProRNA3D-single pipeline can be 

executed using the following command:

This ‘run_predictions.py’ is a pipeline wrapper that first predicts the protein-RNA interaction maps 

and then executes the PyRosetta optimizations 26 to generate 3D protein-RNA complex structural 

model using the restraints derived from the predicted interaction maps. The above command is 

sufficient to generate final product (3D complex structural models).

The pipeline processes only the targets explicitly listed in the ‘inputs.list’ file. When multiple PDB 

files are present in the inputs/directory, only the PDBs corresponding to the target names specified 

in ‘inputs.list’ are selected for processing, regardless of other files in the directory. To analyze a 

different target, the corresponding target name must be added to (or replaced in) the ‘inputs.list’ 

file, and there is no changes to the command prompts.

Here is a detailed step-by-step discussion of the prediction pipeline:

Prediction of protein-RNA interaction maps

Timing: 0.1–2 min

In this stage, inference is performed on the pretrained model. Feature files generated during the 

preprocessing step (protein and RNA embeddings, their monomeric structures, and distance 

maps) go as input, and the output is a predicted interaction map for each target.

1. Run the following command:

Note: The inference program ‘ProRNA3D-single.py’ predicts the protein-RNA interaction 

maps for the targets listed in ‘inputs/inputs.list’, using the downloaded pretrained model 

saved in ‘ProRNA3D_model/model.pt’.

CRITICAL: This program requires the protein and RNA distance maps, and the corre-

sponding input features saved in ‘inputs/’ directory.

>python run_predictions.py

>python ProRNA3D-single.py --model_state_dict ProRNA3D_model/model.pt --outdir out_inter_rr/
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The generated output file is saved as ‘out_inter_rr/<target_id>_<protein chain><RNA chain>.10-

bins.out’. In this example, for target 7ZLQ_BC, the output is saved as ‘out_inter_rr/ 

7ZLQ_BC.10bins.out’ (see details in ‘expected outcomes’ section).

Note: Each output file contains 12 columns. The first and the second column correspond to 

the interacting protein residue (Cα atom) and the RNA nucleotide (C4 ′ atom), respectively. 

The remaining columns represent the likelihood of their interaction across 10 distance thresh-

olds. Specifically, columns 3-12 indicate the propensity of the Cα -C4 ′ distance within 2.5 A ˚ ,

4 A ˚ , 6 A ˚ , 8 A ˚ , 10 A ˚ , 12 A ˚ , 14 A ˚ , 16 A ˚ , 18 A ˚ and 20 A ˚ .

CRITICAL: For multiple targets, list all the targets in the ‘inputs/inputs.list’, and the com-

mand mentioned in Step 1 is executed only once.

Restraint generation from output interaction maps

Timing: 0.1–1 min

In this stage, restraints are derived from the predicted protein-RNA interaction maps and constraint 

file is created for input into PyRosetta 26 optimizer for full-atom protein-RNA complex structural 

prediction.

2. Generate the constraint file containing the restraints for PyRosetta, 26 using gen_rst.py script by 

executing the following command:

CRITICAL: The output file is saved as ‘inputs/tmp/<target id>_<protein chain><RNA 

chain>.rst’. For this example, the command is:

The constraint file is saved as ‘inputs/tmp/7ZLQ_BC.rst’.

Note: AtomPair ‘BOUNDED’ restraints with ‘SCALARWEIGHTEDFUNC’ function is used. For 

each of the Cα–C4 ′ pair, the propensity of the interatomic distance falling within thresholds

ranging from 2.5 A ˚ to 20 A ˚ is evaluated. If the propensity is greater than or equal to 0.5 for

a particular threshold, treat this as the upper bound of the restraint. The lower bound is fixed

to 2.0 A ˚ . The propensity value itself is used as the scalar weight. Here is an example of

restraint:

AtomPair CA 19 B C4 ′ 8C SCALARWEIGHTEDFUNC 0.83 BOUNDED 2.00 8.00 1.0 0.5 tag.

Here, ‘CA 19B’ represents the Cα atom of residue 19 of protein chain B, and ‘C4’ 8C‘ represents the 

C4’ atom of nucleotide 8 of RNA chain C. The scalar weight is 0.83, which will be multiplied by the

>python gen_rst.py --rrfile out_inter_rr/< target id>_<protein chain><RNA chain>.10bins.out 

--prot_chain <protein chain> --rna_chain <RNA chain> --rstfile inputs/tmp/<target id>_<protein 

chain><RNA chain>.rst

>python gen_rst.py --rrfile out_inter_rr/7ZLQ_BC.10bins.out --prot_chain B --rna_chain C 

--rstfile inputs/tmp/7ZLQ_BC.rst
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BOUNDED function during optimization, by definition. For the BOUNDED distances, the upper limit 

is 8 A ˚ and the lower limit is 2 A ˚ . The standard deviation is 1.0, and ‘rswitch’ is set to 0.5.

Folding 3D complex structures

Timing: 0.1–10 min

The constraint file along with protein and RNA monomeric 3D structures, is passed as input into Py-

Rosetta 26 optimization algorithm to generate the three-dimensional protein-RNA complex 

structural model as the final output.

CRITICAL: Before starting to generate the 3D complex structures, ensure that the 

constraint files as well as the initial structures are created to start with the process.

3. Create initial structure by executing the following command:

CRITICAL: The ‘preprocess_monomers.py’ script appends the coordinates of RNA to the 

end of protein coordinates and updates the corresponding chain identifiers in the newly 

generated PDB file.

In our example, the command is:

The initial complex structure is saved as ‘inputs/tmp/<target id>_<protein chain><RNA chain>_ 

init.pdb’. In our example, it is saved as ‘inputs/tmp/7ZLQ_BC_init.pdb’.

4. Generate protein-RNA complex structure by executing the following command:

CRITICAL: The folding script, ‘folding.py’ (https://rosettacommons.github.io/PyRosetta. 

notebooks/) is used to generate the final product (‘predictions/<target id>_<protein 

chain><RNA chain>.pdb’) of this pipeline. In our example, protein-RNA complex structure 

(‘7ZLQ_BC.pdb’) is generated with the command:

>python preprocess_monomers.py --prot inputs/<target id><protein chain>.pdb --rna inputs/ 

<taget id><RNA chain>.pdb --combined inputs/tmp/<target id>_<protein chain><RNA chain>_ 

init.pdb --prot_chain <protein chain> --rna_chain <RNA chain>

>python preprocess_monomers.py --prot inputs/7ZLQB.pdb --rna inputs/’7ZLQC.pdb --combined 

inputs/tmp/7ZLQ_BC_init.pdb --prot_chain B --rna_chain C

>python folding.py --rst_file inputs/tmp/<target id><protein chain><RNA chain>.rst --start_pdb 

inputs/tmp/<taget id>_<protein chain><RNA chain>_init.pdb --refined_pdb predictions/<target 

id>_<protein chain><RNA chain>.pdb

>python folding.py --rst_file inputs/tmp/7ZLQ_BC.rst --start_pdb inputs/tmp/7ZLQ_BC_ 

init.pdb --refined_pdb predictions/7ZLQ_BC.pdb’
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Note: For the PyRosetta initialization parameters, we use ‘-hb_cen_soft’, a softer version of 

‘cen_soft’ with constant seed. Then the ‘pose’ (3D atomic position) is initialized as follows:

Here, in our example, the ‘start_pdb’ is ‘inputs/tmp/7ZLQ_BC_init.pdb’. PyRosetta Energy function 

‘REF2015’ is used as the scoring function as follows:

The score function utilizes the atom pair restraints derived from the generated constraint file, and the 

initial pose is converted to an all-atom protein-RNA complex as follows:

Here, ‘rst_weight’ is initialized as 10.

For the PyRosetta optimization using the defined score function, a FastRelex mover object is created 

to perform iterative energy minimization on torsion angles and atomic coordinates of the initial pose 

of the complex structure. The ‘MoveMap()’ object keeps protein and RNA backbones and sidechains 

fixed, treating protein and RNA structures rigid during docking. The restraints generated from infer-

ence are applied to the initial pose, which drives the re-orientation of the protein and the RNA, re-

sulting their complex 3D structural model. The maximum iteration of the FaxtRelax is set to 500.

CRITICAL: For multiple targets, Steps 2-4 should be executed iteratively for each target listed 

in the input file ‘inputs/inputs.list’, as specified in the pipeline script ‘run_prediction.py’.

EXPECTED OUTCOMES

The final output PDB formatted file, consisting of all-atomic 3D coordinates of protein-RNA dimer is 

saved in ‘predictions/’ directory. In this example, the final output is saved as ‘predictions/ 

7ZLQ_BC.pdb’. The fnat score (fraction of native interface contact present in the predicted structure,

where an interface contact is defined as residue-nucleotide heavy atom distance within 5 A ˚ ) for the

predicted is 0.385, indicating reasonable agreement with the experimentally validated structure. In 

addition to the final complex structural model, an intermediate interaction map and the correspond-

ing restraint (constraint) file are generated.

Optional: To generate distance maps at the inference, modify the inference script 

‘ProRNA3D-single.py’ after line 97. Create a new distance list as:

>pose = pose_from_pdb(start_pdb)

>sf_fa = create_score_function(’ref2015’)

>sf_fa.set_weight(rosetta.core.scoring.atom_pair_constraint, rst_weight)

>switch = SwitchResidueTypeSetMover("fa_standard")

>switch.apply(pose)

>list = [2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5, 7, 7.5,8, 8.5,9, 9.5, 10, 10.5, 11, 11.5, 12, 12.5, 

13, 13.5, 14, 14.5, 15, 15.5, 16, 16.5, 17, 17.5, 18, 18.5, 19, 19.5, 20, 100000]
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This list specifies the finer-grained distance bins employed in the inference stage. The final value is 

set to ‘100000’, denoting the absence of interaction between the corresponding protein residue and 

RNA nucleotide. Then examine the likelihood of each residue-nucleotide pair not being in contact by

checking the predicted probability of the last class (distance greater than 20 A ˚ ). If that value is

greater or equal to 0.5, the residue-nucleotide pair is classified as non-interacting. Otherwise, deter-

mine the most probable distance bin among the remaining classes (for example, by using ‘num-

py.argmax()’). Once a distance bin is determined based on prediction probability, subtract 0.25 

from the bin value to obtain the midpoint of upper and lower bounds, which is considered as an 

approximate distance prediction between the corresponding residue (Cα atom) and nucleotide 

(C4 ′ ) pair. Finally, save the finer-grained inter-protein-RNA distance information for all residue-

nucleotide pairs to a separate file.

As an example, for residue 19 and nucleotide 8, ‘numpy.argmax()’ returns 8, indicating the distance bin

with value 6.5. After subtracting 0.25, the estimated distance (A ˚ ) for the residue-nucleotide pair is 6.25.

Figure 1 demonstrates the expected outputs for the example target 7ZLQ_BC. The 2D heatmap 

(Figure 1A) represents the predicted inter-protein-RNA distance map for the target. In the 

predicted distance map, the darker region corresponds to the residue-nucleotide pairs in closer 

proximity. This distance or interaction map is ultimately translated into the 3D complex structure 

(Figure 1B).

Figure 1. Protein-RNA interaction map and the complex structure predicted using ProRNA3D-single

(A) The visualization of the finer-grained inter-protein-RNA interaction (distance) map with distances ranging from 0 to

20 A ˚ . The X-axis corresponds to protein residues, and the Y-axis corresponds to RNA nucleotides. Darker regions

indicate closer proximity between the corresponding residue-nucleotide pairs.

(B) Cartoon representation of the predicted 3D protein-RNA complex structure of the target (PDB ID:7ZLQ, protein 

chain B and RNA chain C) using ProRNA3D-single protocol. The interacting protein and RNA are colored green and 

orange, respectively.
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LIMITATIONS

ProRNA3D-single demonstrates robustness and resilience in prediction performance. 1 However, 

this method has several limitations. First, the pipeline relies on protein and RNA monomeric 

structures generated independently by other methods from their respective sequences. 23,24 In 

many cases, the monomeric structural models are generated with suboptimal accuracy, which 

may negatively affect the overall accuracy of the predicted protein-RNA complex structural 

model. Secondly, the optimization stage that converts the predicted interaction map into all-

atomic complex structural model could be improved by integrating this into a unified deep-

learning-based predictive modeling framework. Finally, in its current form, ProRNA3D-single pipe-

line is limited to predicting protein-RNA dimeric complex structures. In future, we plan to extend the 

prediction pipeline to support multi-chain and multi-molecular complex structural prediction.

TROUBLESHOOTING

Problem 1

Only the protein or RNA component appears in the output complex structural model.

Potential solution

Verify that both the protein and RNA monomeric structures are generated/saved and the files are 

non-empty before starting step-by-step methods details, Step 1.

Problem 2

Folding (step-by-step methods details, Step 4) is taking longer than expected.

Potential solution

Check if the constraint file contains no restraints (i.e., the file is empty). If the constraint file is empty, it 

suggests that the protein-RNA interaction map is predicted with very low propensity. Consider lowering 

the probability threshold from the default value of 0.5 in the ‘gen_rst.py’ file by modifying lines 20-49.

If the constraint file is not empty, consider lowering the default maximum number of iteration for 

FastRelax (step-by-step methods details, Step 4, script folding.py at line 30).

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead con-

tact, Debswapna Bhattacharya (dbhattacharya@vt.edu).

Technical contact

Technical questions on executing this protocol should be directed to and will be answered by the technical contact, 
Debswapna Bhattacharya (dbhattacharya@vt.edu).

Materials availability

This study did not generate new materials.

Data and code availability

• This paper analyzed existing, publicly available data from https://www.rcsb.org/structure/7ZLQ.

• All original code has been deposited at Zenodo (DOI: https://doi.org/10.5281/zenodo.16791755) and at GitHub 
(https://github.com/Bhattacharya-Lab/ProRNA3D-single/tree/v1.0.0), and both are publicly available as of the date 
of publication. DOIs are also listed in the key resources table. To generate figures, PyMol version 2.5.2 (https:// 
www.pymol.org/) and Matplotlib version 3.7.4 are used.

• Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon 
request.
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