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Abstract 
Motivation: Breakthrough advancements in protein tertiary and quaternary structure prediction have accelerated struc
tural bioinformatics research activity and drug development processes. However, many biological mechanisms involve 
more complicated interactions, such as those between amino and nucleic acids. Predicting the structure of protein–RNA 
complexes is highly relevant and challenging due to data scarcity and experimental difficulties. Understanding and inter
preting these interactions can yield crucial insights into various human diseases and biological phenomena. Thus, quality 
assessment methods that specifically evaluate protein–RNA complex models can provide significant utility in this emerg
ing area of protein–RNA structural bioinformatics research.

Results: We propose a novel graph transformer-based approach named complex quality assessment of RNA and protein 
(CARP) to infer multiple quality perspectives of protein–RNA complex models. For a single protein–RNA complex model, in 
one shot, CARP simultaneously predicts multiple overall fold, overall interface, and per-protein–RNA interface quality esti
mates. When evaluated against a non-redundant protein–RNA docking benchmark, our methods demonstrated obvious 
improved performance compared to almost all of the existing scoring tools, particularly when ordering and selecting the 
highest quality decoys. Furthermore, CARP consistently selected higher quality models relative to other predictors when 
tested on CASP16 targets. Specifically, CARP-predicted global interface and global protein–RNA interface qualities were 
ranked first and second, respectively, based on the selected top-3 models over all ten CASP16 protein–RNA complex tar
gets. CARP also showed a strong ability, compared to both existing tools and AlphaFold3 self-estimates, in selecting high 
quality AlphaFold3 models.

Availability and implementation: CARP is freely available at github.com/zwang-bioinformatics/CARP/.

1 Introduction
Protein–RNA complexes are involved in many fundamental bio
logical processes (Glisovic et al. 2008, Chung et al. 2019, 
Ramanathan et al. 2019). Structural abnormalities in RNA– 
protein interactions can lead to various human diseases, such 
as AIDS and cancer (Khalil and Rinn 2011, Ning et al. 2021). 
Understanding the structure of these complexes can provide vi
tal insights into these diseases and help investigate targeted 
therapies. While current experimental tools, such as X-ray crys
tallography, NMR, and Cryo-EM, have provided direct access to 
the 3D structures of protein–RNA complexes, they are expensive 
and time-consuming, especially for protein–RNA complexes (Ke 
and Doudna 2004, Scott and Hennig 2008). Thus, computational 
tools that accurately predict protein–RNA complex structures 
can significantly advance the study of their interactions.

Methods to predict protein–RNA complex structures typically 
involve either expert modeling knowledge, deep learning techni
ques, or computational docking protocols. While some methods 
are occasionally successful, many approaches to protein–RNA 
structure prediction are not nearly as accurate as those for pro
tein tertiary and quaternary structure prediction tasks (Kretsch 
et al. 2026). Thus, computational approaches for scoring and 
ranking protein–RNA structural models can help prioritize the 
most accurate predictions for further usage of the models.

Statistical potential-based scoring functions are a common 
approach to score protein–RNA interactions (Qiu and Zou 
2020). For example, DARS-RNP (Tuszynska and Bujnicki 2011), 
QUASI-RNP (Tuszynska and Bujnicki 2011), FTDMP (Olechnovi�c 
et al. 2025), 3dRPC-Score (Li et al. 2017), and ITScore-PR (Huang 
and Zou 2014) all use statistical potentials to score protein–RNA 
structural decoys. These focus either on coarse-grained or 
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atomic-level representations of the structures. Coarse-grained 
scoring functions are less sensitive to minor structural altera
tions and benefit from improved computational complexity. A 
significant limitation of coarse-grained scoring functions is their 
inability to examine detailed atomic-level molecular interac
tions. Atomic-level scoring functions analyze structures in high 
resolution, enabling them to achieve high accuracy when scor
ing structures close to nature. However, atomic-level scoring 
functions struggle with increased computational complexity and 
can be more sensitive to complex conformational changes, 
especially for flexible RNA and protein chains (Zeng et al. 2024).

Deep learning methods have been developed to overcome 
the limitations of knowledge-based scoring functions. For exam
ple, DRPScore (Zeng et al. 2023) is a recently developed deep- 
learning-based protein–RNA complex scoring function, which 
uses a 4D convolutional neural network (4DCNN) to evaluate 
protein–RNA complex interfaces. Furthermore, in the context of 
protein-complex quality assessment, Graph neural networks 
(GNNs) have proven effective in inferring the quaternary struc
tural qualities of proteins (Olechnovi�c and Venclovas 2023, R�eau 
et al. 2023).

We propose a novel graph-transformer-based method named 
CARP for inferring the quality of individual protein–RNA complex 
models. The topology of an input structure is embedded within 
a graph by encoding residues as nodes and spatial interactions 
between residues as edges. This graph is then processed by a 
state-of-the-art deep-learning pipeline composed of graph- 
transformer layers (Shi et al. 2021, Ramp�a�sek et al. 2022) and 
global-attention-pooling layers (Li et al. 2016) for quality 
assessment.

2 Materials and methods
2.1 Datasets
We first obtained DRPScore’s (Zeng et al. 2023) training set and 
cross-referenced them with both the CASP16 targets (used as 
blind-test) and DRPScore’s (Zeng et al. 2023) blind-test dataset 
(DRP-Testing Set 2 docking benchmark). We then filtered all pro
tein–RNA complexes in the training set that were similar to the 
blind test complexes. Specifically, we removed any complex 
that had, for any chain, a protein sequence similarity of ≥0:3, or 
an RNA sequence similarity of ≥0:7, using MMseqs2 (Steinegger 
and S€oding 2017), or any overlapped RFam (Ontiveros-Palacios 
et al. 2025) clans to any RNA sequence in the blind tests. 
Furthermore, we used USAlign (Zhang et al. 2022) to detect 
structural similarities between the training set and the blind test 
sets, using a TM-score threshold of 0.5, except for the CASP16 
target M1216, which has a TM-score of � 0:6 with the PDB ID 
6VRD in our training dataset (due to restricted CASP targets). 
This comprehensive filtering process ensures the dataset’s qual
ity and non-redundancy, resulting in a final training set of 150 
protein–RNA complexes.

To partition our training set into validation splits, we used a 
stratified 5-fold approach. Specifically, we clustered the training 
complexes using MMseqs2 (Steinegger and S€oding 2017) with a 
protein-sequence similarity cutoff of 0.6. We also defined clus
ters using RFam (Ontiveros-Palacios et al. 2025), yielding two 

definitions: one based on protein-sequence similarity and the 
other on RNA-sequence clan classification. Given the highly im
balanced cluster distribution, characterized by a few massive 
clusters and numerous singletons, we adopted a stratified sam
pling strategy to ensure representative fold construction. For 
each RFam clan, we randomly distributed its complexes across 
the five folds, ensuring each fold was representative. The 
remaining complexes, to which no RFam clan was assigned, 
were then distributed similarly, except based upon the protein- 
sequence clusters. This approach was carefully designed to pro
duce a reliable and balanced set of five folds, where each served 
as a validation set for an ensemble of five graph transformer 
models, more details can be found in Section 2.3.

To generate the protein–RNA structural decoys for training, 
we utilized docking protocols and structural perturbation tech
niques. Similar to (Zeng et al. 2023), we executed 3dRPC (Li 
et al. 2017) to generate 10k decoys for each native structure, see 
Supplementary 1.2, available as supplementary data at 
Bioinformatics online. We then selected the 500 decoys closest 
to the native structure, in terms of RMSD, to be included in our 
training set. In addition to these 500 decoys, we used PyRosetta 
(Chaudhury et al. 2010) to further perturb both the top-100 
(closest to the native structure) of the 3dRPC generated decoys 
and the original native structure of the complex, making an av
erage of � 2:7k decoys for each of the 150 complexes in the 
training set.

When we used PyRosetta to perturb proteins for training, we 
utilized small and shear movers. When we used PyRosetta to 
perturb RNA structures for training, we utilized fragment mov
ers, which randomly insert fragments sampled from a database 
of RNA fragments and respective torsion angles (Leontis and 
Zirbel 2012, Watkins et al. 2020). Our overall dataset (all five 
folds) contained, in total, � 400k decoys (a combination of all 
decoys across all complexes). We used the tool OpenStructure 
(Biasini et al. 2013) to calculate the three global folding, three 
global interface, and two per-interface ground truth quality 
scores, see Table 2, available as supplementary data at 
Bioinformatics online.

To test our CARP and six other state-of-the-art tools, we eval
uated them against the blind test protein–RNA complexes pro
vided by DRPScore (Zeng et al. 2023) (DRP-Testing Set 2 docking 
benchmark). We generated two blind-test sets from the 
DRPScore testing set 2: the first was a docking benchmark, 
where we used 3dRPC (Li et al. 2017) to generate the 1k decoys 
per complex, and the second test set comprised 100 AlphaFold3 
(Abramson et al. 2024) (AF3) models per complex (20 seeds, 
each with 5 diffusion samples). Ground truth scores on these 
two test sets were computed using a custom script, built upon 
OpenStructure (Biasini et al. 2013), that can calculate iRMSD 
specifically for protein–RNA evaluation, see Supplementary 1.6, 
available as supplementary data at Bioinformatics online. We 
also filtered, for each tool, the blind-test complexes that were 
similar to each respective training set. Further details can be 
found in the Supplementary 2.2, available as supplementary 
data at Bioinformatics online.

To assess performance on real-world modeling tasks, we fur
ther evaluated our CARP and the other six state-of-the-art tools 
based on the ten CASP16 (Kretsch et al. 2026) protein–RNA tar
gets. The true quality scores for CASP16 models were either 
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directly obtained from the CASP16 website or computed by our 
custom script (depending on the native structure’s availability). 
We ignored the CASP16 models without ground-truth scores and 
only kept the CASP16 models that contain both protein and RNA 
residues, making a total of ten targets.

2.2 Graph topologies and 
feature generation
Our deep learning pipeline takes as input a graph-encoded pro
tein–RNA complex model. Each node represents either an amino 
acid or a nucleotide, for protein and RNA chains, respectively. 
Edges encode spatial interactions between residues in the com
plex. An edge is defined between a pair of residues if their an
chor atoms’ (defined later) distance is ≤14 Å or any atom-atom 
distance is ≤6 Å. Anchor atoms are defined as Cβ (Cα for 
Glycine) for protein residues and C3’ for RNA residues.

Node features are comprised of 66 channels and include both 
predicted (e.g. prediction from sequence) and annotated (e.g. 
parsed from the model) features. For the proteins, we executed 
DSSP (Kabsch and Sander 1983) and NetSurfP-3.0 (Høie et al. 
2022) to generate the annotated and predicted features, respec
tively, in terms of secondary structure, relative surface accessi
bility, and torsion angles. RNA residue annotations include 
torsion angles ðη and θÞ from AMIGOS (Duarte and Pyle 1998) 
and interacting nucleotides from RNAView (Yang et al. 2003) and 
Forgi (Thiel et al. 2019). We also included a binary indicator for 
whether the residue belongs to a protein or RNA chain and 
whether the residue is part of a protein–RNA interface. Interface 
residues between protein–RNA chains are defined as the resi
dues that have any atom-atom distance between the residue 
and opposing chain ≤6 Å. We include the distance and angle 
from each residue to the center of mass of the entire complex 
and of the residue’s respective chain (can be a protein or RNA 
chain), as well as a one-hot encoding of the amino acid and nu
cleotide types.

Edge features contain 12 channels and include both predicted 
and annotated features. Four channels are dedicated to model- 
calculated distances (atom-atom and anchor-anchor) and 
angles between the residues (can both be protein or RNA resi
dues, or one protein and one RNA residue). We included pre
dicted angles and distances for intra-protein interactions from 
AlphaFold2 (Jumper et al. 2021, Mirdita et al. 2022). Annotated 
base-pair interactions between RNA residues were generated us
ing RNAView, and predicted base-pair interactions between RNA 
residues were obtained by executing LinearPartition (Zhang 
et al. 2020) and IPKnot (Sato et al. 2011). We included two binary 
indicators for whether the interaction is inter-chain and whether 
the interaction occurs between a protein and an RNA chain. Full 
details of node and edge features are shown in Table 1, available 
as supplementary data at Bioinformatics online.

2.3 Deep learning architecture
Our deep learning model was trained to predict, from a single in
put protein–RNA complex graph, three global fold scores, three 
global interface scores, and two scores for each protein–RNA 
interface, simultaneously. The three global fold scores are 
denoted as bF 0; bF 1; and bF 2, corresponding to the predicted 

values of bb-LDDT, Oligo-GDTTS, and Oligo-GDTHA, respectively. 
We denote the three global interface scores as bI0; bI1; and bI2, 
corresponding to the predicted values for iLDDT, IPS, and ICS, 
respectively. The two scores per protein–RNA interface are de
fined as bP0½i� and bP1½i�, corresponding to predicted values for 
the per-interface IPS and ICS for the ith protein–RNA interface, 
respectively. In total, for a single input graph, our deep learning 
model simultaneously predicts six global quality scores (for the 
entire graph) and two quality scores for each protein–RNA inter
face (subgraphs).

Our pipeline consists of three components, each followed by 
a pooling layer that learns to drop less relevant nodes via top-k 
pooling (Gao and Ji 2019). The first and only layer that processes 
all nodes at once (before dropping any node) is the GPSConv 
(Ramp�a�sek et al. 2022), which is intentional, as GPSConv utilizes 
multihead attention (Vaswani et al. 2017), i.e., information is 
mixed from every node to every other node. Note the distances 
and angles to the center of mass encode the relative locations 
for amino acid or nucleotide residues at the node level.

In other words, the deep learning pipeline first processes the 
input graph, G0, using GPSConv, which applies multihead atten
tion (Vaswani et al. 2017) over the node features, and GINEConv 
(Hu et al. 2020), which applies a single linear layer over each 
node and its aggregated neighborhood, to produce an updated 
graph G1. This updated graph G1 is then processed by the sec
ond component, a TransformerConv (Shi et al. 2021) layer, to 
produce G2. This second component is included to allow infor
mation propagation in a traditional message-passing way while 
still incorporating attention mechanisms for improved expressi
bility. Following this, we introduced inductive biases for the pro
tein–RNA interface interactions in the algorithm. To do this, we 
removed the edges in G2 that are not connecting protein and 
RNA residues and pass the pruned ~G2 to the third component, a 
TransformerConv (Shi et al. 2021), which outputs G3.

To produce the global fold ðbF 0; bF 1; and bF 2Þ, overall interface 
ðbI0; bI1; and bI2Þ, and per-interface ðbP0½i� and bP1½i�Þ qualities, we 
use three global attention pooling (GAP) (Li et al. 2016) layers. 
These layers act independently on the learned node features of 
G3, concatenated with the indicator variables for protein–RNA in
terface and polymer type (protein or RNA), to help the algorithm 
better identify which residues are important for different scores. 
Note that for all three global attention pooling layers, the same 
per-node feature representation is used as input, meaning these 
learned features are guided to learn a local representation that 
can provide information for all quality metric types. The Sigmoid 
function is applied to all outputs to produce the final predicted 
qualities. Top-k pooling (Gao and Ji 2019), GraphNorm (Cai et al. 
2021), and ReLU activation are utilized throughout the pipeline. 
For more details, see Fig. 1 and Algorithm 1, available as supple
mentary data at Bioinformatics online.

For each fold in the five folds, we performed hyper-parameter 
tuning and picked the best model based on validation loss. We 
then averaged the predictions of these configurations to produce 
the output predictions for downstream evaluations. The learning 
curves for these five best-performing architectures and results for 
hyper-parameter tuning can be found in Supplementary 1.5, avail
able as supplementary data at Bioinformatics online, and in the 
Supplementary Data.

Bioinformatics, 2026, Vol, 42, Issue 5                                                                                                                                                                                                                                                        3 

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag202#supplementary-data


Our deep learning model predicts six global, e.g., bb-LDDT, 
iLDDT, and ICS, and two per-interface quality scores, e.g., IPS and 
ICS, which are then combined in different ways to build four 
global and two per-interface scores as the final outputs from our 
pipeline. Our loss function, detailed in Supplementary 1.4, avail
able as supplementary data at Bioinformatics online, is composed 
of averaged L1 (absolute difference) losses for each ground-truth 
score. Therefore, averaging was also used to produce the com
bined predicted scores from CARP. Specifically, to produce the 
global fold prediction, or CARP-Fold, we average the three global 
fold predictions (bF ), i.e., predicted bb-LDDT, Oligo-GDDTS, and 
Oligo-GDTHA (see Equation 1, available as supplementary data at 
Bioinformatics online). To produce the global interface prediction, 
referred to as the CARP-Iface score, we average the three global 
interface predictions (bI), i.e., predicted iLDDT, IPS, and ICS (see 
Equation 2, available as supplementary data at Bioinformatics on
line). We also define a score that covers both the global fold and 
interface qualities, denoted as the CARP-Merged score, which is 
the average of the global fold and global interface predicted 
scores (see Equation 3, available as supplementary data at 
Bioinformatics online). For interface i, the per-protein–RNA inter
face quality, or the CARP-PerIF score, is defined as the average of 
the two per-protein–RNA-interface scores (bP½i�), i.e., predicted in
terface level ICS and IPS (see Equation 4, available as supplemen
tary data at Bioinformatics online). We define a per-interface 
score, referred to as the CARP-PerIF-G score, that also incorpo
rates information about the global interface, by averaging, for 
each interface, the per-protein–RNA interface quality (PerIF) and 
the global interface quality scores (see Equation 5, available as 
supplementary data at Bioinformatics online). The global protein– 
RNA interface quality, or the CARP-RP score, is defined as the 
average of all of the predicted per-protein–RNA interface scores 
(bP) (see Equation 6, available as supplementary data at 
Bioinformatics online). Further information regarding the ground 
truth scores can be found in Supplementary 1.6, available as sup
plementary data at Bioinformatics online.

3 Results and discussion
We compared our tool against six state-of-the-art tools for eval
uating protein–RNA docking poses and model qualities. Table 3, 

available as supplementary data at Bioinformatics online, details 
the type of scores predicted by our tool and the comparison 
tools for global and per-interface qualities. Note that we negate 
energy (E) scores to standardize the direction of the quality 
scores (higher values indicate better quality and vice versa). All 
methods for comparison, including our CARP, are treated as 
single-model quality predictors.

We computed two performance measures to evaluate predictors 
on the CASP16 benchmark. The first metric we utilized is Ranking 
Loss (RL). For an ensemble of models with quality scores M and 
predicted qualities bM, Ranking Loss (RL) (Studer et al. 2023) is de
fined as the deviation in the ground truth score of a predictor’s top- 
ranked model and the true top-ranked model, see Equation (1). 

RLðM; bMÞ ¼ jbestðMÞ− M½argmaxðbMÞ�j (1) 

The second performance metric that we utilized was the per-tar
get CASP16 model Z-score, which was used by the CASP16 offi
cial assessment (Kretsch et al. 2026), see Equation (2). For each 
CASP16 target, we computed Z-scores over all of the structural 
models predicted by CASP16 participating groups, referred to as 
Z-CASP16. The mean and standard deviation for the Z-score cal
culations excluded low-quality outliers (Kretsch et al. 2026), i.e., 
individual Z-score < − 2. 

Z-CASP16 ¼ 0:3ð0:3ZTMþ 0:3ZGDT TSþ 0:4ZLDDTÞ

þ 0:7
1
3

ZICSþ
1
3

ZIPSþ
1
3

ZiLDDTÞ

�
(2) 

Similar to how CASP16 evaluated the protein–RNA structural 
predictors, we ranked the quality predictors in terms of the sum 
of the Z-CASP16 scores (with negative Z-CASP16 scores set to 
zero) of the top-3 models (ranked based on the predicted quality 
scores). These summed scores directly indicate the overall per
formance for ranking the top-3 highest quality models. The 
rankings and summed Z-CASP16 scores are presented in Fig. 2, 
where CARP-Iface, CARP-RP, CARP-Merged, and CARP-Fold pre
dicted qualities ranked first, second, third, and fourth, respec
tively. These results indicate that CARP outperforms the other 
six state-of-the-art methods in selecting the most accurate pro
tein–RNA complex models.

Figure 1 Deep learning architecture of CARP.
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To further assess the ability of the predictors for selecting the 
best model, we plotted Fig. 6, available as supplementary data
at Bioinformatics online, that shows, for each CASP16 target, the 
RMSD Ranking Loss and Z-CASP16 of all predictors’ top-ranked 
models, which further solidify our findings from Fig. 2. Across 
the majority of the ten targets, CARP, specifically CARP-Fold, 
stays in the upper range of predictors for both metrics.

Figure 3 shows the native structure of CASP16 target M1296, 
and the top model selected by each tool. We also show an en
larged view of the residues involved in protein–RNA interface 

(polar) contacts. For this target, it is evident that CARP is the su
perior tool for selecting higher quality models. Specifically, the 
CARP selected models better resemble the overall fold configu
ration and also better capture the intricate local protein–RNA 
interface contacts.

The performance of structure modeling groups during 
CASP16 indicated that the target M1209 was easier to model 
and the target M1282 was more difficult to model (Kretsch et al. 
2026). In both cases, we see CARP quality estimates select better 
quality models comparatively to the other scoring tools. 
Figure 4 shows, for both targets, the true rankings of top- 
selected models along with the corresponding probability den
sity estimation (y-axis) of a model with that particular Z-CASP16 
score (x-axis). Even for the difficult-to-model M1282, we find that 
all four of the combined predicted global qualities by CARP out
perform the other evaluated scoring methods. Notably, CARP 
not only selected higher-quality models but also selected mod
els with low probability densities. In other words, these low- 
probability-density models are hard to be chosen by chance, 
but CARP achieved that.

Figure 10, available as supplementary data at Bioinformatics 
online, shows for all targets the density (KDE) and location of 
the best-ranked model for each method in terms of Z-CASP16. 
For many of the targets, CARP excels at finding higher quality 
models compared to other scoring functions. While modeling 
protein–RNA complexes is still a computationally challenging 
endeavor, as indicated by the CASP16 results and subsequent 
analysis (Kretsch et al. 2026), our results demonstrate that CARP 

Figure 2 Quality predictor rankings for CASP16 protein–RNA complex 
targets, in terms of the sum of the three top-selected model’s Z-CASP16 
scores, over all 10 targets. Bold indicates the best method, and (*) 
indicates one of our methods (CARP).

Figure 3 (A) The structure and protein–RNA interface contacts for the native CASP16 target M1296, (B) the top model for CARP-RP, (C) CARP-Merged 
and CARP-Iface, (D) ITScore-PR, and (E) for all other tools. Structures were rendered using PyMol (Schr€odinger 2015) and residues involved in 
protein–RNA interface (polar) contacts are shown as spheres.
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can be a valuable resource for quality estimates during 
model selection.

To evaluate the per-interface predicted scores on CASP16 tar
gets, we computed the average Spearman correlation, Pearson 
correlation, and Ranking Loss values (see Tables 4 and 5, avail
able as supplementary data at Bioinformatics online), with each 
target-interface pair considered as an independent entry, and 
each entry is weighted by the number of interfaces in the re
spective target, for equal target representation. The ground 
truth quality is the per-interface ICS and IPS score. We ensured a 
fair comparison by setting Spearman and Pearson correlations 
to zero if they were negative. To reduce bias from incomplete 
data, the evaluation was only on target-interface pairs where all 
tools were able to predict at least 60% of the models. Individual 
metrics for each target-interface pair can be found in Figs 8 and 
9, available as supplementary data at Bioinformatics online. 
CARP-predicted per-interface scores display clear advantages 
compared to other state-of-the-art tools. Our PerIF predicted 
scores ranked first for both IPS and ICS in terms of Ranking 
Loss. Our PerIF-G predicted scores ranked either first or second 
for all metrics, except for the IPS Spearman correlation. In par
ticular, the superior performance of our PerIF-G in terms of 
correlation coefficients, which is an average of our predicted 
per-interface and global interface scores, suggests that global 
interface predictions can enhance per-interface quality esti
mates in real-world modeling scenarios.

Since human expert structural predictors predominantly per
formed the best (Kretsch et al. 2026) in CASP16 for the structure 

prediction of nucleic acid containing complexes, we investigated 
how CARP-selected models were generated. In Fig. 7, available 
as supplementary data at Bioinformatics online, we observed 
that human-guided deep learning methods were selected most 
frequently by CARP, and most deep learning methods used AF3 
as the core of their pipeline. In this light, to assess CARP’s per
formance in re-scoring AF3 models for protein–RNA structure 
prediction, we created a custom dataset of AF3 models for the 
blind-test complexes. We generated a total of 100 models per 
complex (56 complexes in total) using 20 different seeds, each 
with 5 diffusion samples, to compare CARP’s scoring accuracy 
with that of other tools.

We used four metrics to assess the performance of the top-k 
ranked models, all of which are defined in terms of quantile: 

QðxÞ ¼ 100
countðiRMSD≥ xÞ

Nmodels

� �

(3) 

The quantile of a model, QðxÞ, refers to the percentage of mod
els with an iRMSD value greater than or equal to the current 
model’s iRMSD (x), the details can be found in Supplementary 
1.6.4, available as supplementary data at Bioinformatics online. 
True top models for a given complex are defined as those at or 
above the 99th quantile, QðxÞ≥99. Success rate is the percent
age of complexes where at least one top-k ranked model is a 
true top model, and recall is the percentage of the true top mod
els selected within the top-k models, among all true top models. 
The average and best quantiles are the average and maximum 

Figure 4 Quality predictor rankings for two CASP16 protein–RNA complex targets, M1282 and M1209, in terms of the selected top-model’s Z-CASP16 
score. The dashed line indicates the probability density estimation (y-axis) of a model with a particular Z-CASP16 score (x-axis). Methods in bold 
selected the best model relative to other predictors and (*) indicates our CARP.
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quantiles, respectively, for the top-k selected models. For exam
ple, when k¼ 5, the average quantile and best quantile are the 
mean and maximum quantiles for the top-5 selected models.

The average quantile (k¼ 5) for all predictors, including the 
AlphaFold3 quality estimates, are shown in Fig. 12, available as 
supplementary data at Bioinformatics online. The average quan
tile, maximum quantile, success, and recall metrics when com
paring against all other tools are shown in Figs 13–17, available 
as supplementary data at Bioinformatics online. From these 
results, it is evident that CARP shows improvement compared to 
all the other state-of-the-art tools when re-scoring AF3 models. 
We also evaluated CARP, based upon the same four metrics, 
with all 56 complexes, against AF3’s own estimates of ipTM and 
pTM scores, with the results shown in Fig. 11, available as sup
plementary data at Bioinformatics online. Our CARP-Merged 
Score achieved better performances than AF3 for all metrics 
with k¼ 5. For all other values of k and metrics, our CARP-RP 
score achieved better performances than AF3. The detailed cal
culations for ipTM and pTM are described in Supplementary 
2.3.1, available as supplementary data at Bioinformatics online.

We further evaluated the tools based on the docking blind- 
test dataset. Our method is comparable to others for ordering a 
set of docking decoys based on the interface quality (iRMSD). 
Since protein–RNA docking generates interface conformations 
using the native chains, we expected and observed that our 
overall fold predictor’s (CARP-Fold) performance is worse than 
that of our interface-focused predictors (CARP-RP, Merged, and 
Iface). For the top-5 selected decoys, our CARP-Merged score is 
better than all other tools for the average and best quantiles, ex
cept for FTDMP (Olechnovi�c et al. 2025). In terms of recall, our 
CARP-RP score is better than DRPScore (Zeng et al. 2023), 3dRPC 
(Li et al. 2017), DARS-RNP (Tuszynska and Bujnicki 2011), and 
QUASI-RNP (Tuszynska and Bujnicki 2011). However, as noted 
by Li et al. (2017), ITScore-PR (Huang and Zou 2014) excels at 
identifying top-ranked models when a near-native decoy is pre
sent, as evidenced by ITScore’s higher recall. In terms of success 
rate, our CARP-Merged score is better than both DRPScore (Zeng 
et al. 2023) and ITScore-PR (Huang and Zou 2014), whereas 
the remaining tools perform better than CARP quality 
estimates for docking success rates. These results, presented in 
Supplementary 2.4, available as supplementary data at 
Bioinformatics online, indicate that CARP can serve as a reliable 
complement to statistical potentials for docking.

To examine the interpretability of CARP, we performed fea
ture sensitivity analysis, more details see Supplementary 2.5, 
available as supplementary data at Bioinformatics online. 
The boxen plots of the sensitivity scores for each feature are 
shown in Figs 35 and 36, available as supplementary data at 
Bioinformatics online, for CASP16 targets and the docking 
blind-test decoy complexes, respectively. It is clear from these 
plots that the different CARP scores respond differently to 
each feature, where RNA-related features correspond with rela
tively higher sensitivities for interface-focused scores (CARP-RP 
and CARP-Iface). Since CARP was trained using PyRosetta per
turbed structures, we examined CARP’s outputs for perturbed 
blind-test docking decoys (complexes). Our findings demon
strate that CARP behaves as expected; details are provided in 
Supplementary 2.6, available as supplementary data at 
Bioinformatics online.

4 Conclusion
We developed CARP, which achieved significant improvement 
over existing tools for predicting the qualities of protein–RNA 
models. Our CARP-predicted scores are particularly useful for 
real-world model selection, as indicated by the CASP16 and 
AlphaFold3 performance analyses.
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