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Supplementary Text 
 
Supplementary Methods 

A general framework to calculate binding affinities 

The general framework for computing relative binding affinities is shown in Figure 

1. The method requires an experimental structure of an RNA-protein complex and a list 

of mutants for which to compute relative binding affinities as inputs to the method. The 

binding affinity is calculated as: 

 

ΔGbind = ΔGcomplex – ΔGRNA,unbound – ΔGprotein,unbound 

ΔΔGbind = ΔGbind – ΔGbind,WT 

 

The reference states for ΔGcomplex, ΔGRNA,unbound, and ΔGprotein,unbound are the unfolded 

conformations. Note that all free energies are calculated at standard state (1 M 

concentrations). ΔGcomplex and ΔGprotein,unbound were estimated within Rosetta (1), 

averaging over numerous stochastic calculations to reduce error as follows. The 

crystallographic complex structure was first relaxed one hundred separate times. The 

relaxation procedure involved first a round of minimization, then sidechain repacking, 

and finally another round of minimization. The twenty lowest scoring structures were 

then mutated according to the inputted list of mutations, as described below. The final 

complex structures were then scored, and the average score over the twenty structures 

was reported as the free energy of the complex. Standard deviations of the mean were 

reported as the calculation errors. For the FOX-1 system, a crystal structure of the 

complex was not available. Calculations were made for each of the 30 models in the 

reported NMR ensemble (PDB ID: 2ERR), and then the relative binding affinities from 

each starting structure were averaged. 
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 The free energy of the unbound protein was calculated according to the scheme 

shown in Figure 1C. Starting from each of the twenty mutated complex structures, the 

RNA was removed and the remaining protein was minimized, sidechains were repacked, 

and then the whole structure was minimized again. The average final score over these 

twenty structures was reported as the free energy of the unbound protein.  

 For unbound RNA free energies calculated from single conformations (“standard 

Rosetta ΔΔG” calculations), ΔGRNA,unbound was calculated by removing the protein from 

the bound complex, then minimizing and scoring the RNA. In the final framework 

(“Rosetta-Vienna RNP-ΔΔG”), shown in Figure 1D, the free energy of the unbound RNA 

was calculated using the nearest-neighbor energies with Vienna RNAfold version 2.1.9 

(2). This unbound RNA state includes all possible non-pseudoknotted secondary 

structures. Here, we used the ensemble free energy in Vienna RNAfold, which sums 

over all these structures. 

 Each Rosetta-Vienna RNP-ΔΔG calculation took approximately 1 CPU-hour on 

one thread of an Intel Xeon E5-2650 processor. 

 

Generating conformations of mutated complexes 

For RNA mutations that retained canonical base pairs in the bound RNA-protein 

complex, residues were first mutated by changing the sidechain identity while keeping 

the backbone conformation constant. Each structure was then subjected to two separate 

relaxation protocols: in the first protocol, residues within 20 Å of the mutated residues 

were repacked, then minimized; in the second protocol, the structure was minimized, 

then residues within 20 Å of the mutated residues were repacked, and then the structure 

was minimized again. The final mutant structure was the one of these two structures with 

the lower score. This procedure was repeated for each of the 20 relaxed starting 
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structures (see above). The scores of the final 20 structures were averaged to give the 

final complex score.  

For mutations within canonical base pairs, which resulted in non-canonical base 

pairs (e.g. G-C to G-G), the base pairs were rebuilt using the fragment assembly 

approach (3, 4). The mutated base pair, as well as the base pairs directly above and 

below were excised from the structure. Two hundred RNA structures were then built with 

fragment assembly, and the twenty lowest scoring structures were then relaxed with the 

protein, following the relaxation protocol described above. 

 

PUM2 predictions with multiple structures 

The initial round of predictions were made using three crystal structures as starting 

structures in the standard prediction framework (PDB IDs: 3Q0Q, 3Q0R, 3Q0S). 

Because each of these structures was bound to an RNA sequence with mutations from 

the reference RNA binding sequence (5’-UGUA[ACU]AUA-3’), we first mutated each of 

these structures to this consensus sequence, then relaxed these structures as described 

above. Predictions were made for all sequences using each of these three starting 

structures, and then the resulting ΔΔG values were averaged to give a final ΔΔG value 

for each sequence. 

 

Score function optimization 

Prior to this work, an all-atom score function for refining RNA-protein complexes 

was not available. We combined existing all-atom Rosetta score functions for RNA and 

protein structure prediction and design (5) to create a new score function for systems 

containing both RNA and protein components. Because these separate score functions 

have been extensively optimized elsewhere, our strategy for integration was 

conservative, involving minimal optimization of the weights of score terms, as follows. 
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The RNA and protein score functions each contained separate solvation terms. We 

chose to use the orientation-dependent solvation term from the RNA score function 

rather than the Lazaridis-Karplus isotropic solvation model from the protein score 

function (5). Four score terms existed in both the RNA and protein score functions, but 

with different weights in each. These terms describe van der Waals interactions and 

hydrogen bonding (fa_atr, fa_rep, fa_intra_rep, and hbond_sc). To constrain the number 

of score functions tested, we reasoned that the difference in the weights for these terms 

between the two different score functions should provide the scaling factor for them. For 

example, the hbond_sc weight was 1.1 in the RNA score function and 0.96 in the protein 

score function. The scaling factor for the RNA score function relative to the protein score 

function would then be 1.1/0.96. The weights for each of the shared terms could then 

either be taken from the protein score function or the RNA score function. Alternatively, 

the shared terms could be taken from either the protein or the RNA score function and 

the additional RNA or protein score terms could be included without reweighting. 

Altogether, this procedure resulted in a set of ten score functions to test. 

 Each of the score functions was tested in its ability to recover the relative binding 

affinities of the subset of MS2 coat protein-RNA hairpin complexes that contained RNA 

hairpin mutants that were predicted to preserve the wild type RNA hairpin secondary 

structure. These RNAs were chosen because we expected mutant structures to deviate 

little from the wild type structure, resulting in low errors from inaccurate structure 

prediction. To rapidly test the score functions, the crystal structure was relaxed just one 

time for these calculations. Several energy functions resulted in similar energetic 

calculation accuracy (Table S7). The final score function was chosen as the one that 

resulted in the lowest RMSE between calculated and experimental relative binding 

affinities. All RMSEs reported here were calculated as:  
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𝑅𝑀𝑆𝐸 =  
𝑦! − 𝑥! !!

!!!
𝑁

 

where yi is the ith experimental value, xi is the ith predicted value, and N in the number of 

data points. 

 The best score function from the described set of ten score functions was refined 

further by optimizing the weight on the solvation term, and adding a term to describe 

stacking between RNA and protein residues. Score functions with a range of weights 

between 0.0 and 1.0 for each of these additional terms were tested. The weights that 

resulted in the lowest RMSE between the predicted and experimental relative binding 

affinities were chosen for the final score function (Table S8). 

 Six additional terms were determined using least squares regression with half of 

the MS2 data described above as well as half the previously measured MS2 RNA 

hairpins with mutations that introduced a single non-canonical base pair (“training” 

dataset). These six terms included four reference weights for each of the RNA 

nucleotides, which are constant structure-independent values that describe the free 

energy cost of folding from the unfolded state (5). These reference weights were 

included in the final Rosetta all-atom score function. The other two terms were scaling 

factors for the unbound RNA free energies predicted from the Vienna package (final 

weight = 0.37) and the Rosetta scores (ΔGcomplex – ΔGprotein,unbound; final weight = 0.38). 

These scaling factors were intended to rescale the final scores to be in units of kcal/mol, 

as is the current convention in Rosetta (5). 

 Finally, we fit a length-dependent term for the Rosetta score function to optimize 

its agreement with energies of helices from the nearest neighbor parameters. This 

parameter was determined by least-squares regression between Rosetta scores of 

helices of varying lengths and energies determined from the nearest neighbor 
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parameters for the corresponding helices (Figure S6). This term is a constant value per 

RNA residue, and therefore cancels out in the relative binding affinity calculations.  

For the standard Rosetta ΔΔG model, we separately optimized the RNA 

reference weights and fit a scaling factor (final weight = 0.26) to convert between 

Rosetta score and kcal/mol using half of the canonical and single non-canonical mutants 

(the training dataset). 

 We also tested the Lazaridis-Karplus isotropic solvation model historically used 

for protein modeling (fa_sol) (5) as an alternative to the orientation-dependent solvation 

model, and attained similar results to the runs above on MS2 mutants (RMSE = 0.65 

kcal/mol). 

 

Rosetta-Vienna RNP-ΔΔG command lines 

Example UNIX command lines for relaxation and affinity calculation are provided below: 

To relax structures: 

>	python	PATH_TO_ROSETTA/main/source/src/apps/public/rnp_ddg/relax_starting_structure.py	--
start_struct	start_structure.pdb	--nstructs	1	
>	source	ALL_RELAX_COMMANDS	
 

To get the top 20 scoring relaxed structures: 

>	python	PATH_TO_ROSETTA/main/source/src/apps/public/rnp_ddg/get_lowest_scoring_relaxed_models.py	
--relax_dir	relax_start_structure/	
 

To compute relative binding affinities for a list of mutants: 

>	python	PATH_TO_ROSETTA/main/source/src/apps/public/rnp_ddg/general_RNP_setup_script.py	--low_res	
--tag	demo_run	--start_struct	
relax_start_structure//1/min_again_start_structure_wildtype_bound.pdb	--seq_file	mutant_list.txt	-
-rosetta_prefix	PATH_TO_ROSETTA/main/source/bin/	--Nreps	1	--protein_pack_reps	1	
>	source	ddG_demo_run_low-res/ALL_COMMANDS	
 

To collect the results: 

>	python	PATH_TO_ROSETTA/main/source/src/apps/public/rnp_ddg/get_final_ddG_scores.py	--run_dir	
ddG_demo_run_low-res/	--seq_file	mutant_list.txt	
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Area Under the Curve (AUC) calculation 

For MS2 calculations, AUC values were computed by classifying all sequences as either 

binders or non-binders according to an experimental binding affinity cutoff of ΔGbind = 

−7.8 kcal/mol (Kd = 2.0 µM). This cutoff was chosen to match the measurable range of 

prior RNA MaP experiments (i.e. Kd values > 2.0 µM could not be measured). True 

positive rates were then plotted against false positive rates (ROC plot) for MS2 

sequences, including sequences for which experimental binding affinity could not be 

detected, and the AUC was calculated from these plots. Different cutoff values also gave 

similar results (see SI Results). Statistical significance of differences in AUC values was 

assessed as described in (6). 

 

Rosetta hydrogen bond scoring model 

For the simple hydrogen-bond scoring model, structures of the bound complexes were 

generated as described above and as shown in Figure 1. The Rosetta hydrogen bond 

scores were calculated using the hydrogen bond score terms in the Rosetta-Vienna 

RNP-ΔΔG RNA-protein score function, but only for interactions between RNA and 

protein residues. We then fit a scaling factor for the Rosetta hydrogen bond scores using 

half of the MS2 canonical and single-noncanonical data, to convert between Rosetta 

hydrogen bond score and kcal/mol (final weight = 0.85). 

 

GLM-Score calculations 

The GLM-Score v0.15.2 code was downloaded from https://github.com/Klab-Bioinfo-

Tools/GLM-Score. This method requires a structure as input and then calculates the 

absolute binding affinity. To ensure a fair comparison to our other models, we used 

structures that were generated as part of the Rosetta-Vienna RNP-ΔΔG calculation 

framework shown in Figure 1 for mutants of all systems. We ran the code as described 
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in the GLM-Score README. ΔΔG values were obtained by subtracting the ΔG value for 

the wild type sequence from all ΔG calculations. 

 
 
Supplementary Results 
 
Agreement between Rosetta and Vienna calculations of RNA stabilities 

The Rosetta score function that we used included four sequence dependent RNA 

reference weights, which are intended to approximately describe the free energy of the 

unfolded state (5). To assess the agreement between RNA stabilities calculated with 

Rosetta and the nearest-neighbor energies (secondary structure-based) in Vienna 

derived from experimentally measured folding energies for pure RNA helices (7, 8), we 

first fit a constant offset for the Rosetta reference weights to optimize the agreement 

between energies of RNA helices predicted by Rosetta and nearest neighbor energies. 

The resulting RMSE between the helix energies predicted by Rosetta and the nearest-

neighbor model energies was 1.24 kcal/mol (Figure S6). 

 

Classification of binders vs. non-binders for MS2 

Our initial comparisons for calculated versus experimental binding affinities for 

MS2 made use of experimental binding affinities that were within the measurable range 

of prior RNA array experiments (tighter than 2.0 µM, corresponding to −7.8 kcal/mol). As 

a separate evaluation of the predictive power of Rosetta-Vienna RNP-ΔΔG, and to 

include a greater range of affinities, we plotted a receiver operating characteristic (ROC) 

curve (true positive versus false positive rate) and calculated the area under the curve 

(AUC) for predicting whether molecules gave affinities better or worse than the 

measurement threshold. The AUC metric is often used to evaluate binary classification 
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models of macromolecule interactions, particularly for experiments that do not directly 

recover equilibrium dissociation constants (Kd) (9-13), and is frequently reported for 

protein/protein and protein/small molecule binding affinity prediction methods. It allows 

the use of all experimental data, including data for poor binders for which quantitative 

measurements cannot be made (by considering them as non-binders). An AUC value of 

1.0 corresponds to perfect prediction, while AUC of 0.5 represents a random model. The 

Rosetta-Vienna RNP-ΔΔG calculations for 272 canonical MS2 mutants have an AUC 

value of 0.90, compared to an AUC of 0.80 for calculations made with the standard 

Rosetta ΔΔG approach (P = 0.016 (6); Figure S2; see Methods for calculation details). 

Changing the Kd cutoff to 200 nM or 20 nM gave similar results (Rosetta-Vienna RNP-

ΔΔG AUC values of 0.95 and 0.96, compared to standard Rosetta ΔΔG values of 0.82 

and 0.79 (P = 0.008 and 0.008), respectively). 

 

Specific examples of Rosetta-Vienna RNP-ΔΔG 

The applicability of Rosetta-Vienna RNP-ΔΔG for the unbound RNA state is 

highlighted by two illustrative examples that show how changes in binding affinity (ΔGbind 

= ΔGcomplex - ΔGunbound RNA - ΔGunbound protein) are determined by both stability of the complex 

(ΔΔGcomplex) and the stability of the unbound RNA (ΔΔGunbound RNA). First, consider the 

calculations for the first mutant MS2 RNA hairpin shown in Figure 2D (-8U,-3A,1A 

mutant). The predicted ΔΔGcomplex (Figure 1) for this sequence was 4.89 kcal/mol, ~2 

kcal/mol less stable than the experimental binding affinity (ΔΔGbind). This discrepancy 

can be explained by considering the relative stability of the unbound RNA: this sequence 

was predicted to be 1.87 kcal/mol less stable than the wild type RNA hairpin. Binding 

affinity is a measure of the difference in stability of the bound and unbound states, so the 

poor stability of the unbound RNA partially compensates for the less stable complex. 

When we include this difference in unbound RNA stability, the predicted ΔΔGbind is 3.02 
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kcal/mol, within 0.14 kcal/mol of the measured value, 2.86 kcal/mol. Alternatively, 

consider the last hairpin shown in Figure 2D (-12G,-7C,0C mutant) for which the 

experimental ΔΔGbind is 2.81 kcal/mol. Here, the complex free energy was predicted to 

be more stable than the measured binding affinity (ΔΔGcomplex= 2.03 kcal/mol). However, 

with a U-A base pair mutated to a G-C base pair the unbound RNA was predicted to be 

0.81 kcal/mol more stable than wild type. When the unbound RNA stability was included, 

the final calculation for ΔΔGbind was 2.84 kcal/mol, close to the experimental value of 

2.81 kcal/mol. 

 

Relative binding affinity calculations for PUM1, FOX-1, U1A, and SRP 

We expected that the ΔΔG calculations for these systems would be less accurate 

than those for the MS2 system because we did not train any part of the method using 

these systems. Several additional reasons led us to expect less accurate calculations for 

these systems. For PUM1, FOX-1, and U1A, some or all of the bound RNA is single 

stranded or in a long hairpin loop and therefore has more degrees of freedom and 

possible conformations than double-stranded RNA (e.g. the residues in the MS2 RNA 

hairpin stem). For ssRNA, there may be substantial differences in the flexibility and 

conformational entropy in the bound complexes across mutants, whereas the Rosetta-

Vienna RNP-ΔΔG framework only models such effects in the unbound states and other 

models do not consider the effects on the bound or unbound states. The NMR solution 

structure of FOX-1 shows substantial conformational variation in the reported ensemble 

of structures, leading us to expect particularly poor accuracy in this complex (14). 

Additionally, the SRP RNA mutations involve many non-canonical base pairs, which we 

expected to introduce higher errors given our results for MS2 (Figure 2F, accuracy of 

single-noncanonical mutants compared to canonical mutants) (15). Furthermore, the 

experimental measurements for these systems used different solution conditions than 
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the MS2 results (MS2: pH 8.0, 10 mM MgCl2, 37°C; PUM1: pH 7.4, 50 mM KCl, room 

temperature; FOX-1: pH 7.4, 150 mM NaCl, 25°C; U1A: pH 7.4, 1-2 mM MgCl2, 50-

100 mM KCl, room temperature; SRP: pH 7.5, 10 mM MgCl2, 80 mM KCl, room 

temperature). Finally, nearest neighbor energies, used to calculate the unbound RNA 

free energies, are less accurate for long loops and noncanonical base pairs, features 

present in each of these four additional systems (16).  

 

Decomposing Rosetta-Vienna RNP-ΔΔG calculations for PUM1, FOX-1, U1A, and 

SRP 

For MS2, we additionally performed ΔΔG calculations using just ΔΔGcomplex 

(ΔΔGbind = ΔΔGcomplex) or using just the nearest neighbor model to compute ΔΔGunbound 

RNA (ΔΔGbind = −ΔΔGunbound RNA; Table S2). The ΔΔGcomplex calculations were slightly less 

accurate than ΔΔGbind calculations that include ΔΔGunbound RNA for the canonical 

sequences with RMSE of 1.24 kcal/mol (compared to 1.11 kcal/mol); however there was 

very little difference in the accuracy of the calculations for the single-noncanonical 

sequences (RMSE = 1.31 kcal/mol compared to 1.28 kcal/mol). The RMSE accuracy of 

the ΔΔGunbound RNA calculations was significantly worse than the ΔΔGbind calculations that 

include ΔΔGcomplex with RMSEs of 2.71 and 3.31 kcal/mol respectively. These results 

indicated that including ΔΔGunbound RNA improved or did not negatively impact the 

calculation accuracy and, overall, the calculations were most accurate with the inclusion 

of both ΔΔGcomplex and ΔΔGunbound RNA. Importantly, including the unbound RNA free 

energy accounts for alternative secondary structures that may preclude protein binding 

and for increases in unbound RNA stability relative to wild type that potentially contribute 

to the weakening of mutant binding affinity. 

We also computed relative binding affinities using just ΔΔGcomplex or just 

ΔΔGunbound RNA. For PUM1, FOX-1, and U1A, we did not expect the unbound RNA 
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stability to contribute substantially to the binding affinity, since PUM1 and FOX-1 bind 

single stranded RNA and the mutations investigated here are not predicted to introduce 

RNA secondary structure, and also since all of the U1A mutations occur in the protein 

and therefore do not affect the unbound RNA stability. RMSEs for the four systems 

ranged from 0.75 and 2.09 kcal/mol using just ΔΔGcomplex and from 1.08 and 3.70 

kcal/mol using just ΔΔGunbound RNA (Table S2). These results suggest that including both 

ΔΔGcomplex and ΔΔGunbound RNA gives the best ΔΔG calculation accuracy. 

 

Assessing an alternative flexible structure modeling protocol 

To evaluate whether allowing significant conformational rearrangements in the 

complex structures upon mutation could improve calculation accuracy, we used the 

stepwise Monte Carlo method (17) to model structures of the mutated complexes rather 

than the simple procedure shown in Figure 1B. With this method, the mutated bases and 

surrounding residues were rebuilt from scratch, rather than our default procedure 

(computationally mutating the wild type residues while keeping the RNA backbone fixed 

aside from minimization). Specifically, the mutated residues as well as the surrounding 

RNA residues were excised from the structure and rebuilt from scratch. Several hundred 

structures were built and the twenty lowest scoring were then relaxed in the context of 

the complete bound structure following the procedure described in the Methods section. 

Using this method, we calculated relative binding affinities for structures with mutations 

in single-stranded RNA binding regions (PUM1) and hairpin loops (MS2). Calculations 

for the MS2 and PUM1 systems gave RMSEs of 1.68 kcal/mol and 1.57 kcal/mol 

respectively, compared to 1.30 kcal/mol and 1.35 kcal/mol for the corresponding 

mutations made using the standard procedure shown in Figure 1. The average and 

maximum RMSDs of the structures generated with the two different methods were 0.29 

Å and 0.66 Å for MS2 and 0.29 Å and 1.72 Å for PUM1. Although most structures were 
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highly similar, the structures generated with stepwise Monte Carlo were subjected to 

more torsional optimization, causing subtle structural changes that introduced more 

noise into the final energies. Because the results were less precise and the 

computational expense was greater, we opted not to continue making predictions with 

this method.  

 

Evaluating the effects of including alternative structures in PUM2 predictions 

We hypothesized that the accuracy of the initial round of PUM2 predictions could 

be improved by including structures other than the PUM1 U5 crystal structure. In 

particular, we were interested in the hypothetical scenario in which a crystal structure of 

a homologous protein with U at the fifth position was not available. Starting from the 

PUM2 A5 and C5 crystal structures, we removed the fourth, fifth and sixth bases, and 

rebuilt the sequence 5’-AUA-3’ using the stepwise Monte Carlo method, keeping the rest 

of the structure fixed, to generate two additional “U5” structures, which we refer to here 

as the “A5U” and “C5U” conformations. When either of these structures was included as 

a starting conformation instead of the PUM1 structure, the calculations increased in 

accuracy over the calculations without a U5 conformation included. With the A5U 

structure included (along with the three crystal structures), the RMSE of the calculated 

ΔΔGbind values relative to the experimental values was 1.54 kcal/mol, and with the 

inclusion of the C5U structure the RMSE was 1.74 kcal/mol (Figure S8A, B; Table S5). 

The calculations with these structures included were similarly accurate for the second 

round of blind predictions (Figure S8D, E; Table S5). 

 After the first round of blind predictions, we additionally tested which set of three 

structures of the three PUM2 crystal structures, the PUM1 U5 structure, and the A5U 

and C5U structures (described above) that minimized the RMSEs of the calculations. 

The set of structures that gave the best RMSE included the PUM2 5A crystal structure, 
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the PUM1 U5 crystal structure, and the C5U structure. This resulted in RMSE of 1.35 

kcal/mol (Figure S8C, Table S5). We then used these structures to make predictions for 

the second round of PUM2 data with RMSE of 1.62 kcal/mol (Figure S8F, Table S5). 

 

Post hoc analysis of PUM2 register shifting 

In addition to the nucleotide level conformational change observed at the fifth 

position, PUM2 can also undergo register shifting, i.e. binding to part of the scaffold 

sequence instead of the target designed sequence. We performed a post hoc analysis to 

evaluate the extent to which neglecting the effects of register shifting affected our 

calculation accuracy. There were 35 sequences that exhibited register shifting, for which 

the RMSE was 1.50 kcal/mol, compared to RMSE of 1.45 kcal/mol for the 659 

sequences that did not exhibit register shifting (Figure S7). As expected, because our 

method does not account for this level of conformational change, the calculations for 

sequences that did not undergo register shifting were more accurate. However, they 

were only slightly more accurate, indicating that the calculation error resulting from 

register shifting is on the same order of magnitude as other sources of error in our 

method.  
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Supplementary Figures 

 

Figure S1. Crystal structures of the MS2 coat protein and PUM2. (A) Overlay of seven 

MS2 coat protein crystal structures (18). (B) Three PUM2 crystal structures with A 

(orange), C (blue), and G (green) at the fifth position and a PUM1 structure with U at the 

fifth position (pink) (19). (C) A zoomed in view of the conformational diversity at the fifth 

position. 
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Figure S2. ROC plot for the canonical MS2 RNA hairpin mutants. Calculations using the 

nearest-neighbor model for unbound RNA are shown in blue and calculations using the 

standard Rosetta ΔΔG 3D structure-based model for unbound RNA free energy are 

shown in red. Sequences for which protein binding was not experimentally detected (Kd 

> 2 µM) are included as non-binders.  
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Figure S3. Calculation of relative binding affinities using four different methods: (A) 

GLM-Score (B) Rosetta hydrogen bond scoring (C) the standard Rosetta ΔΔG approach 

and (D) Rosetta-Vienna RNP-ΔΔG. 
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Figure S4. Timeline for PUM2 blind predictions.  
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Figure S5. Initial blind predictions of PUM2 relative binding affinities with Rosetta-

Vienna RNP-ΔΔG. Open symbols represent sequences with mutations at the fifth 

position. RMSE values are given in Table S5 and R values are given in Table S3.  
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Figure S6. Calculations of folding free energies for all one- and two-base pair RNA 

helices, all 3’ and 5’ dangles in the context of both 5
!𝐺𝐶3′
3!𝐶𝐺5′

 and 5
!𝐶𝐺3′
3!𝐺𝐶5′

 helices, and 

several three- and four-base pair helices: 5
!𝐺𝐺𝐺3′
3!𝐶𝐶𝐶5′

 , 5
!𝐺𝐴𝐴3′
3!𝐶𝑈𝑈5′

 , 5
!𝐶𝐶𝐺3′
3!𝐺𝐺𝐶5′

 , 5
!𝐶𝐶𝐴3′
3!𝐺𝐺𝑈5′

 , 

5!𝐴𝐶𝐴3′
3!𝑈𝐺𝑈5′

 , 5
!𝐺𝐺𝐶3′
3!𝐶𝐶𝐺5′

 , 5
!𝐶𝑈𝐶3′
3!𝐺𝐴𝐺5′

 , 5
!𝐺𝐺𝑈𝐶3′
3!𝐶𝐶𝐴𝐺5′

 , 5
!𝐶𝐺𝐶𝐺3′
3!𝐺𝐶𝐺𝐶5′

 , 5
!𝐶𝐶𝐶𝐶3′
3!𝐺𝐺𝐺𝐺5′

, 5
!𝐴𝐶𝐺𝑈3′
3!𝑈𝐺𝐶𝐴5′

. A constant 

structure- and sequence-independent term was added to optimize agreement between 

folding free energies calculated with Rosetta versus the nearest-neighbor model 

energies (7, 8).  
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Figure S7. Predictions for PUM2 sequences with and without register shifts. (A) Round 

1 calculations and (B) Round 2 calculations for all four scaffolds (S1-S4) and each of the 

two replicates (R1-R2). Sequences for which register shifting occurred are shown in red. 

The overall RMSEs for sequences that did and did not exhibit register shifting are 1.50 

kcal/mol and 1.45 kcal/mol, respectively. 
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Figure S8. Predictions of PUM2 relative binding affinities using different sets of starting 

structures. Predictions using the three PUM2 crystal structures and the A5U structure for 

(A) Round 1 and (D) Round 2. Predictions using PUM2 crystal structure and the C5U 

structure for (B) Round 1 and (E) Round 2. Predictions starting from the PUM1 U5 

crystal structure, C5U, and A5U for (C) Round 1 and (F) Round 2. R1 and R2 refer to 

different replicate experiments. RMSE values are given in Table S5. 
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Supplementary Tables 
 
Table S1. Modeling accuracies across multiple systems1 

System 

Number 
of data 
points 

 

RNA length 
(# of 

nucleotides) 

RMSE (kcal/mol)2 

GLM-
Score 

Hydrogen 
bond 

scoring 

Standard 
Rosetta 
ΔΔG3 

Rosetta- 
Vienna 
ΔΔG 

MS2 coat 
protein 

canonical 
(training) 

37 19 2.63 2.53 2.23 1.22 

MS2 coat 
protein 

canonical 
(test) 

37 19 2.42 2.06 1.82 0.99 

MS2 coat 
protein single-
noncanonical 

(training) 

330 19 2.33 2.37 2.14 1.27 

MS2 coat 
protein single-
noncanonical 

(test) 

330 19 2.36 2.52 2.16 1.28 

PUM1 17 8 2.41 1.43 4.17 1.35 
SRP 14 47 2.10 2.17 1.55 1.47 
U1A 19 21 1.09 0.82 0.89 0.75 

FOX-1 17 7 4.47 3.28 3.85 2.13 
PUM2 (Round 

1) 509 20-62 3.87 1.72 2.09 1.504 

PUM2 without 
5th position 

mutants 
(Round 1) 

363 20-62 3.92 1.53 2.20 1.324 

PUM2 (Round 
2, blind) 528 20-62 3.96 1.69 2.00 1.60 

PUM2 without 
5th positions 

mutants 
(Round 2, 

blind) 

385 20-62 4.03 1.52 1.87 1.40 

Overall 1838  3.34 2.04 2.12 1.44 
1Pearson correlation coefficients are given in Table S3. 
2The best RMSE value for each system is shown in boldface. 
3Unbound RNA free energies are calculated from 3D structures. 
4These predictions were made using a PUM1 crystal structure in addition to the three 
PUM2 crystal structures. The RMSE accuracy of the initial blind predictions in Round 1 
was 1.94 kcal/mol, and 1.47 kcal/mol without 5th position mutants. 
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Table S2. Evaluation of alternate methods of calculating relative binding affinities 

System 

RMSE (kcal/mol)1 

ΔΔGunbound RNA 
from nearest 

neighbor 
model 

ΔΔGunbound RNA 
from 

minimized 3D 
structure 

ΔΔGunbound RNA 
(ΔΔGcomplex = 

0) 

ΔΔGcomplex 
(ΔΔGunbound RNA 

= 0) 

MS2 coat 
protein 

canonical 
1.11 2.03 2.71 1.24 

MS2 coat 
protein single-
noncanonical 

1.28 2.15 3.31 1.31 

SRP 1.47 1.55 1.77 1.50 
U1A 0.75 0.89 1.08 0.75 

FOX-1 2.13 3.85 3.70 2.09 
PUM1 1.35 4.17 2.33 1.35 

1The best RMSE value for each system is shown in boldface. 
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Table S3. Pearson correlation coefficients between calculated and experimental ΔΔGs 
across multiple systems 

System 

Number 
of 

mutants/ 
data 

points 

R (P-value)2 

GLM-Score 
Hydrogen 

bond 
scoring 

Standard 
Rosetta 
ΔΔG1 

Rosetta- 
Vienna 
ΔΔG 

MS2 coat 
protein 

canonical 
(training) 

37 0.31 (0.07) 0.31 (0.06) 0.08 (0.64) 0.48 (0.003) 

MS2 coat 
protein 

canonical 
(test) 

37 0.29 (0.08) 0.58 
(0.0002) 0.36 (0.03) 0.77  

(3×10-8) 

MS2 coat 
protein single-
noncanonical 

(training) 

330 0.22  
(8×10-5) 

0.23  
(1×10-5) 0.15 (0.006) 0.54  

(7×10-26) 

MS2 coat 
protein single-
noncanonical 

(test) 

330 0.16 (0.004) 0.05 (0.35) 0.15 (0.005) 0.50  
(1×10-22) 

PUM1 17 0.36 (0.15) 0.56 (0.02) 0.29 (0.25) 0.76 
(0.0004) 

SRP 14 -0.32 (0.25) -0.67 (0.01) 0.37 (0.19) 0.66 (0.01) 
U1A 19 0.49 (0.03) 0.53 (0.02) 0.56 (0.01) 0.50 (0.03) 

FOX1 17 -0.11 (0.69) 0.11 (0.67) -0.09 (0.75) 0.49 (0.047) 
PUM2 (Round 

1) 509 -0.13 
(0.0025) 

0.50  
(2×10-33) 0.07 (0.11) 0.51  

(1×10-34)3 

PUM2 without 
5th position 

mutants 
(Round 1) 

363 -0.25  
(2×10-6) 

0.35  
(1×10-11) 0.05 (0.32) 0.43  

(9×10-18)3 

PUM2 (Round 
2, blind) 528 -0.03 (0.55) 0.47  

(3×10-30) 
0.21  

(2×10-6) 
0.43  

(9×10-25) 
PUM2 without 
5th positions 

mutants 
(Round 2, 

blind) 

385 -0.14 
(0.008) 

0.43  
(7×10-19) 

0.35  
(3×10-12) 

0.46  
(1×10-21) 

1Unbound RNA free energies are calculated from 3D structures. 
2The best R value for each system is shown in boldface. 
3These predictions were made using a PUM1 crystal structure in addition to the three 
PUM2 crystal structures. The R value for the initial blind predictions in Round 1 was 
0.46, and 0.38 without 5th position mutants.  
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Table S4. RMSDs (Å) between U5 structures from different PUM2 and PUM1 starting 
structures 
Structure (PDB ID) A5 (3Q0Q) G5 (3Q0R) C5 (3Q0S) U5 (3Q0P) 

A5 (3Q0Q) 0.0    
G5 (3Q0R) 1.21 0.0   
C5 (3Q0S) 2.89 2.36 0.0  
U5 (3Q0P) 1.83 1.69 1.93 0.0 
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Table S5. Accuracy of PUM2 blind predictions with different sets of starting structures 
Prediction Round 1 

Scaffold 
Experi-
mental 

Replicate 

Number 
of 

mutants 

RMSE (kcal/mol)1 

5G, 5C, 
5A 

5G, 5C, 
5A, 

PUM1 

5G, 5C, 
5A, A5U 

5G, 5C, 
5A, C5U 

5A, 
PUM1, 
C5U 

1 1 104 1.93 1.49 1.53 1.73 1.33 
1 2 77 1.96 1.50 1.55 1.78 1.33 
2 1 75 1.82 1.45 1.48 1.64 1.31 
2 2 54 2.01 1.58 1.60 1.84 1.44 
3 1 51 2.02 1.52 1.57 1.79 1.37 
3 2 31 1.68 1.18 1.19 1.43 1.03 
4 1 63 1.92 1.54 1.57 1.74 1.43 
4 2 54 2.10 1.64 1.66 1.88 1.44 

Prediction Round 2 

Scaffold 
Experimental 

Replicate 

Number 
of 

Mutants 

RMSE (kcal/mol)1 

5G, 5C, 
5A, 

PUM1 

5G, 5C, 
5A, A5U 

5G, 5C, 
5A, C5U 

5A, 
PUM1, 
C5U 

1 1 114 1.55 1.59 1.86 1.62 
1 2 85 1.52 1.57 1.86 1.56 
2 1 79 1.52 1.61 1.73 1.49 
2 2 54 1.58 1.63 1.75 1.49 
3 1 50 1.65 1.68 1.95 1.70 
3 2 34 1.63 1.60 1.87 1.68 
4 1 62 1.66 1.72 1.93 1.64 
4 2 50 1.84 1.89 2.18 1.85 

1The best RMSE value for each system is shown in boldface. 
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Table S6. Accuracy of predictions for PUM2 sequences with and without U5 mutations 
Prediction Round 1 

Scaffold Experimental 
Replicate 

Total 
Number of 
Sequences 

Number of 
Sequences 
without U5 
mutations 

RMSE (kcal/mol) 

All 
sequences 

Sequences 
without U5 
mutations 

1 1 104 76 1.49 1.30 
1 2 77 55 1.50 1.21 
2 1 75 55 1.45 1.32 
2 2 54 38 1.58 1.38 
3 1 51 35 1.52 1.39 
3 2 31 20 1.18 1.08 
4 1 63 46 1.54 1.45 
4 2 54 38 1.64 1.34 

Prediction Round 2 

Scaffold Experimental 
Replicate 

Total 
Number of 
Sequences 

Number of 
Sequences 
without U5 
mutations 

RMSE (kcal/mol) 

All 
sequences 

Sequences 
without U5 
mutations 

1 1 114 88 1.55 1.39 
1 2 85 63 1.52 1.34 
2 1 79 60 1.52 1.46 
2 2 54 39 1.58 1.48 
3 1 50 34 1.65 1.45 
3 2 34 22 1.63 1.41 
4 1 62 45 1.66 1.26 
4 2 50 34 1.84 1.43 
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Table S7. Accuracy of ΔΔGbind calculations for MS2 canonical mutants made with 
different score functions* 

Score function 

RMSE (kcal/mol) R-value 
Overlapping score 
terms from original 

RNA or protein 
score function? 

Score term used 
for reweighting 

remaining terms 

RNA fa_atr 1.3 0.63 
RNA fa_rep 1.7 0.43 
RNA fa_intra_rep 1.9 0.40 
RNA hbond_sc 1.2 0.61 
RNA No reweighing 1.1 0.65 

Protein fa_atr 2.7 0.24 
Protein fa_rep 1.0 0.75 
Protein fa_intra_rep 1.3 0.65 
Protein hbond_sc 1.0 0.78 
Protein No reweighing 2.2 0.35 

*Scaling weights were fit for each score function for the Rosetta score and the RNA 
nearest neighbor energies. These weights are intended to rescale the final units to be in 
kcal/mol. The final score function that was chosen is bolded.  
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Table S8. Initial and final score terms and weights (rnp_ddg.wts) 

Score term Description 
Initial weight (from 
RNA and/or protein 
energy functions) 

Final weight 

Terms shared by RNA and protein score functions (Initial weights: RNA, protein) 
fa_atr van der Waals attraction 0.21, 1.0 1.0 
fa_rep van der Waals repulsion 0.20, 0.55 0.55 

fa_intra_rep Intra-residue van der Waals repulsion 0.0029, 0.005 0.005 
hbond_sc Sidechain hydrogen bonding 0.96, 1.1 1.1 

ref Unfolded state reference energy 1.0, 1.0 1.0 
Terms in protein score function only 

fa_elec Electrostatic energy 0.875 0.875 
pro_close Proline ring closure penalty 1.25 1.25 

hbond_sr_bb 
Short range backbone hydrogen 

bonds 
1.17 1.17 

hbond_lr_bb Long range backbone hydrogen bonds 1.17 1.17 
hbond_bb_sc Backbone hydrogen bonding 1.17 1.17 

dslf_fa13 Disulfide bonding 1.25 1.25 
rama Protein backbone torsional potential 0.25 0.25 

omega Protein omega potential 0.625 0.625 
fa_dun Protein sidechain torsional potential 0.7 0.7 

p_aa_pp 
Probability of protein residue identity 

given backbone torsions 
0.4 0.4 

yhh_planarity Tyrosine planarity enforcement 0.625 0.625 
fa_sol1 Solvation 0.9375 0.0 

Terms in RNA score function only 
fa_stack RNA/RNA stacking 0.13 0.143 

lk_nonpolar Nonpolar solvation 0.25 0.275 
geom_sol_fast Orientation-dependent solvation 0.17 0.5 

rna_torsion RNA torsional potential 1.0 1.1 
rna_sugar_close Enforce RNA sugar closure  0.82 0.902 
suiteness_bonus RNA suite energy 1.0 1.1 

stack_elec RNA base electrostatics 0.76 0.836 
fa_elec_rna_phos_phos RNA phosphate electrostatics 1.7 1.87 

linear_chainbreak Chainbreak penalty 5.0 5.5 
New score terms 

fa_stack_rna_protein RNA-protein stacking N/A 0.1 
1The solvation term in the protein score function, fa_sol, was replaced with the solvation 
terms in the RNA score function, geom_sol_fast and lk_nonpolar, in the final score 
function. 
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