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Abstract

Accurately predicting the 3D structures of macromolecular complexes is becoming
increasingly important for understanding their cellular functions. At the same time, reliably
assessing prediction quality remains a significant challenge in bioinformatics. To address
this, various methods analyze and evaluate in silico models from multiple perspectives,
accounting for both the reconstructed components’ structures and their arrangement
within the complex. In this work, we introduce Intermolecular Interaction Network Fidelity
(I-INF), a normalized similarity measure that quantifies intermolecular interactions in mul-
tichain complexes. Adapted from a well-established score in the RNA field, I-INF provides
a clear and intuitive way to evaluate the predicted 3D models against a reference struc-
ture, with a specific focus on interchain interaction sites. Additionally, we implement the
F, measure to assess interfaces in macromolecular assemblies, further enriching the
evaluation framework. Tested on 72 RNA-protein decoys, as well as exemplary DNA-
DNA, RNA-RNA, and protein-protein complexes, these measures deliver reliable scores
and enable straightforward ranking of predictions. The tool for computing I-INF and F; is
publicly available on Zenodo, facilitating large-scale analysis and integration with other
computational systems.

Introduction

Molecular complexes play crucial roles in various cellular processes, including gene expres-
sion and homeostasis. Understanding their biological functions relies on detailed structural
studies that reveal the conformations of constituent molecules and the mechanisms by which
they form stable complexes. Traditionally, such studies have employed experimental tech-
niques, however, in recent years, computational prediction methods have gained prominence,
generating increasingly accurate and reliable models. These methods undergo systematic eval-
uation in blind prediction challenges, such as CASP or RNA-Puzzles, where computational
predictions are assessed both in the context of reference structures and independently from
stereochemistry and chain topology perspectives [1-5].

Evaluating molecular complex predictions is inherently challenging and often involves a
variety of scoring functions, including knowledge- and machine-learning-based approaches
[6]. Some of these functions were initially developed for isolated proteins or nucleic acids and
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later adapted to assess their complexes. For example, RMSD was adapted to score the inter-
face between various chains of predicted multimeric assemblies and was applied as I-RMSD
(Interface RMSD) to RNA-ligand predictions [7]. Along with LRMSD (Ligand RMSD), I-
RMSD has become part of DockQv2 [8], which is aimed at evaluating the accuracy of com-
plexes involving proteins, nucleic acids, and small molecules. Other scoring functions devel-
oped specifically for multimers include oligolDDT [9] and US-align [10]. In general, the eval-
uation of molecular complexes proceeds in two ways: by assessing the quality of interactions
between chains or overall structural similarity.

Intermolecular Interaction Network Fidelity (I-INF), introduced here to assess the pre-
diction of macromolecular complexes, is an adaptation of the RNA-specific INF score [11],
with the focus shifting from base pairs to intermolecular interactions. Like the original, I-
INF is a similarity measure ranging from 0 to 1, where 0 indicates a completely incorrect
prediction and 1 signifies that the prediction is fully consistent with the reference structure.
Tested on 72 structures from RNA-protein docking decoys [13], I-INF shows a high cor-
relation with TM-score-based rankings [14] and a low correlation with DockQv2 [8]. This
complementary nature highlights I-INF’s usefulness as part of a broader toolkit for evaluat-
ing three-dimensional macromolecular models. To provide additional flexibility for users,
we also implement the F; score, which is widely used for evaluating protein structure pre-
dictions, particularly focusing on hydrogen bonds [12]. While both I-INF and F; assess the
same aspect of macromolecular assemblies, their mathematical formulations differ: [-INF
uses a geometric mean, whereas F; employs a harmonic mean. Similar to I-INF, we adapt F;
to evaluate interchain interactions; in both measures, an interaction is counted as a true pos-
itive regardless of the number of hydrogen bonds in the predicted model. Together, I-INF
and F; provide a robust framework for assessing intermolecular interfaces in macromolecular
complexes.

Materials and methods

Data processing for computing I-INF and F; involves three steps: preprocessing the 3D struc-
ture data, quantifying hydrogen bonds that form intermolecular interactions in both the pre-
dicted and native structures, and rescaling the score based on the target coverage by predicted
residues (Fig 1).

Preprocessing HB-based evaluation Postprocessing
Mandatory Input /— \ [ \
Target 3D structure : Identify hydrogen bonds Find all maximum : N If (scaling) :
::> ! Discard irelevant ! »; formed between interacting | —» residue mappings ' 7 rescalescores !
Predicted 3D structure(s) : residues ! i components in the target i via bipartite matching N s .
R e . for each preldicted model for each resildue mapping jommmmmm | SRR N
: ORI, S R PSRRI S . ! If (# predictions > 1)
: Identify hydrogen bonds i Compute I-INF and F : : rank by I-INF !
Optional Input ; i formed between interacting ; | P to assess interactions | K --------------------- /
RS S . icomponents in the prediction ! between the components
Target - prediction(s) ! Iftheresidue Tmmmmeoen v T O B I v ‘ %
residue mapping i mapping is given, ! i B ) CEEEEEEEEEE N
. i S 1 adjust 3D structure _.---"7Ambiguous -~ y| | 1 Select residue mapping ! Output
Irrelevant residue list ! data accordingly «.,\fgdue mapplnﬂg’f___-"— ! with the highest I-INF
Scaling flag N . QRN N R LT TR j Prediction(s) ranked by I-INF

Fig 1. Data flow in the assessment of macromolecular assembly predictions.

https://doi.org/10.1371/journal.pone.0319917.g001
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In the input stage, users provide the reference and predicted 3D structure(s) in PDB for-
mat. They may also ensure consistent residue mapping between each model and the reference
structure as well as provide additional information about irrelevant residues and a scaling
flag. Preprocessing begins by filtering out irrelevant residues in the input structures, if spec-
ified. Next, the 3D structure data are processed using rna-tools [15] to align with the pro-
vided residue mapping, if available. In the third phase, HBPLUS [16] is executed to iden-
tify hydrogen bonds between RNA, DNA, and protein chains in each molecular assembly.

If residue mapping between the predicted model and the target is not predefined, an addi-
tional algorithm is employed to determine all maximum mappings. This algorithm operates
on a bipartite graph that represents the sequences of the analyzed structures and identifies the
maximum bipartite matching within the graph [17]. Subsequently, pairs of binding residues
are extracted from both the target and predicted models regardless of the number of hydro-
gen bonds they form. Each residue pair is categorized as a true positive (TP; present in both
the target and prediction), false positive (FP; present only in the prediction), or false nega-
tive (FN; present only in the target). Finally, the I-INF and F; scores are computed for the
predicted model:

|TP| | TP|
I-INF= *
|TP| + |EP| |TP|+ |FN]|

~ | TP|
|TP| + % * (|FP| + |FN])

1

After calculating the scores, if multiple mappings exist for a predicted structure, only the
one with the highest I-INF (and F;) score is selected for the subsequent steps. Postprocessing
involves the optional rescaling of the I-INF and F; values by multiplying them by the fraction
of predicted residues contained in the target. For example, if a target has 100 residues and 80
of those are predicted in the model, the scale factor would be 0.8. The predicted models are
then sorted in non-increasing order by I-INF, and a list of model names with their assigned
I-INF and F; values is output in a CSV file.

The I-INF tool was developed in Python 3 and is available under the MIT license, with
ready-to-run examples. It is published on GitHub and Zenodo, and supports the process-
ing of various types of intermolecular complexes (e.g., RNA-RNA, DNA-DNA, protein-
protein).

Results and discussion

To test and validate I-INF, we applied it to evaluate RNA-protein docking decoys, consist-
ing of 72 experimental 3D structures of varying complexity along with their in silico gener-
ated models. Fig 2 shows a sample model-target pair from this collection, highlighting the
intermolecular interactions. In the target structure (PDB ID: 3MOJ [18]), there are 4 inter-
actions forming hydrogen bonds, whereas, in the predicted model, there are 9, of which

4 are true positives and the remaining 5 are considered false positives. In this case, I-INF
is 0.67.

For comparison, we evaluated all models from the benchmark set using two other meth-
ods, TM-score [14] and DockQv2 [8]. Both are normalized similarity measures that take val-
ues between 0 and 1. The numerical results of this comparative analysis are provided in S1
Table. Fig 3 visualizes the correlations between TM-score, DockQv2, and I-INF, while S1 Fig
illustrates the distribution of these measures across the benchmark set. We also analyzed the
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Fig 2. (A) Reference structure (PDB ID: 3MOJ) and (B) the predicted model of the RNA binding domain of the Bacillus subtilis
YxiN protein complexed with a fragment of 23S ribosomal RNA. Residues involved in RNA-protein binding are color-coded: green
for true positives (interactions present in both the reference structure and the model), red for false positives (interactions present only
in the predicted model), and orange for 3 residues that form a multiplet in the predicted model, where one interaction is a true positive
and the other is a false positive. No false negatives (interactions present only in the reference structure) are observed for this pair of
structures.

https://doi.org/10.1371/journal.pone.0319917.9g002

Pearson correlation between the score rankings generated by these three measures. Although
TM-score evaluates the global topology of the model and I-INF specifically assesses the accu-
racy of the intermolecular interface, we observed a high Pearson correlation (0.73) between
these metrics. This suggests that, in our dataset, a correctly predicted global fold is largely a
consequence of the proper spatial arrangement of the molecular components, resulting in
accurately modeled interfaces. In other words, deviations in the overall fold are primarily
associated with errors in the interface regions. Therefore, high TM-score values frequently
coincide with high I-INF values, highlighting our models” interdependence between global
structural accuracy and interface correctness. In contrast, the low correlation with DockQv2
(0.18) indicates that it provides different insights than I-INE Thus, these two measures are
complementary, and it is beneficial to use both in evaluations.

In an additional computational experiment, we analyzed the results of two RNA-protein
targets from CASP15. The native assemblies consisted of one RNA strand and six protein
chains for RT1189 (PDB ID: 7YR7 [19]) and one RNA strand and four protein chains for
RT1190 (PDB ID: 7YR6 [19]). While the predicted complexes often included accurate pro-
tein or RNA structures, their chains were not properly docked, as indicated by low TM-score
values (none of the models exceeded 0.5). This was further confirmed by I-INF calculations,
which were close to zero in all cases.
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Fig 3. Correlation between TM-score and I-INF (left) and DockQv2 and I-INF (right).

https://doi.org/10.1371/journal.pone.0319917.g003

Conclusions

In this study, we presented the I-INF metric (Intermolecular Interaction Network Fidelity)
as a novel approach for evaluating the accuracy of intermolecular interactions within macro-
molecular complexes. I-INF provides a complementary measure to existing scoring functions,
such as TM-score and DockQv2, offering a robust tool for assessing the interfaces in RNA-
protein and other macromolecular complexes. Additionally, we have incorporated the F; as
part of our evaluation process, allowing for a more comprehensive comparison with other
commonly used measures in structural prediction.

The tool for calculating I-INF and F; operates on input PDB files, which is currently
the only supported format due to limitations of HBPLUS. In future updates, we plan to
expand its functionality by adding support for the mmCIF format, which will enhance com-
patibility with other widely used structural databases and prediction tools. As the qual-
ity of predictions improves, we may increase the sensitivity of our approach by focusing
on hydrogen bonding interactions, rather than only on residue pairs involved in these
interactions.

Supporting information
S1 Table. Evaluation of the predicted 3D models from the RNA-protein docking decoys.
(PDF)

S1 Fig. A distribution of TM-score, DockQv2, and I-INF values computed for the bench-
mark set.
(PDF)
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