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RNA-protein interactions are central to cellular processes including gene regulation, splicing, and translation. Traditional
methods—such as molecular dynamics simulations, contact map analyses, and graph-based approaches—often rely on global
similarity measures or standard structural descriptors that may overlook subtle, higher-order topological features influencing
binding specificity, such as complex cavities, interlocking loops, or nested voids crucial for specific recognition. In this study, we
introduce a novel computational framework that integrates Topological Data Analysis (TDA), specifically persistent homology,
with conventional sequence- and structure-based descriptors to predict RNA-protein interactions. A dataset of 300 experimentally
validated RNA-protein complexes (selected for high resolution, diverse RNA types, and varied RNA-binding protein families)
was curated from public databases and augmented with negative examples generated by pairing non-interacting molecules from
established sources, creating structurally informed decoys, and using engineered mutants. Three-dimensional structures were
transformed into topological representations by computing persistence diagrams via the Ripser library; these diagrams were
converted into persistence images that summarize Betti numbers over a radius range of 0-10 A (in increments of 0.1 A) to capture
both local and intermediate-scale features relevant to various interaction types (e.g., hydrogen bonds, shape complementarity).
Betti numbers were selected for their interpretability and validated performance in biomolecular interaction predictions over
alternatives like Wasserstein distances or persistence landscapes. When combined with conventional features (e.g., sequence
motifs and secondary structure predictions), a random forest classifier achieved a predictive accuracy of 88% (AUC-ROC =0.91,
Average Precision = 0.89) on a held-out test set, significantly outperforming traditional methods (p < 0.01). Ablation studies
confirmed TDA features provided unique contributions, increasing accuracy by 10% over conventional features alone. Case
studies on known RNA-binding proteins (e.g., the UL A protein, PABP, eIF4E) demonstrated that persistent homology highlights
functionally relevant loops and voids corresponding to binding grooves and recognition sites. Persistent loops and voids were
quantified using persistence diagrams, translating into persistence images for feature vector representation, highlighting their
correlation with specific RNA-binding interfaces. These results demonstrate the feasibility and advantage of incorporating
topological signals into bioinformatics workflows. This approach enhances sensitivity and interpretability, potentially guiding
experimental validation and the rational design of RNA-binding proteins.
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Introduction simulations, contact map analyses, and graph-based approaches,
frequently miss critical binding determinants for several spe-
Background and Context cific reasons. First, molecular dynamics simulations typically

analyze global conformational changes but often overlook local
binding pocket geometries with transient loops and voids that
fluctuate across conformations®. Second, contact map analyses
reduce complex 3D structures to binary contact matrices that
cannot capture subtle cavities essential for specific nucleotide
recognition®. Third, graph-based approaches rely on predefined
distance thresholds and node connections that frequently mis-
represent higher-order spatial arrangements like nested voids or
interlocking loops critical for RNA-protein specificity. These
limitations are particularly problematic for RNA-protein interac-

RNA-protein interactions lie at the heart of cellular functions
such as RNA maturation, transport, stability, and translation
regulation'. As high-throughput technologies generate vast
amounts of RNA and protein sequence data, accurately predict-
ing their interactions has become a significant challenge. Tra-
ditional computational methods, including sequence alignment
and secondary structure prediction, provide valuable insights but
often emphasize primary or secondary structure similarity while
neglecting subtle three-dimensional features critical for binding
specificity=. Traditional methods, such as molecular dynamics
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tions where binding often involves complex three-dimensional
recognition patterns rather than simple linear interfaces.

Problem Statement and Rationale

Despite advances in modeling RNA-protein complexes, exist-
ing methods frequently rely on global similarity measures or
standard structural descriptors that do not capture intricate topo-
logical patterns within RNA or proteinsZ. Topological Data
Analysis (TDA) offers a complementary approach by quanti-
fying the shape and connectivity of molecular structures in a
manner robust to noise, as evidenced in prior studies correlating
topological invariants with binding sites®®. TDA provides several
distinct theoretical and practical advantages over traditional ap-
proaches. Unlike graph-based methods that require predefined
distance thresholds and edge weights, TDA systematically ana-
lyzes geometric structures across multiple scales (0-10 A) with-
out arbitrary parameter selection”. This multi-scale analysis is
particularly crucial for RNA-protein interactions where recogni-
tion occurs simultaneously at different spatial scales—hydrogen
bonds (2-3 A), salt bridges (3-4 A), and shape complementar-
ity (5-10 A)1%. While graph theory reduces molecular struc-
tures to binary connectivity patterns that are highly sensitive
to threshold selection, TDA preserves the continuous nature
of spatial relationships through persistence diagrams''!. Addi-
tionally, compared to black-box ML embeddings which lack
interpretability, TDA features maintain direct geometric inter-
pretations that correlate with biomolecular features’2. Noise in
structural data—resulting from resolution limitations (common
in RNA structures), crystallographic artifacts, or conformational
flexibility—significantly impacts traditional methods through
misclassified contacts and distorted distance measurements'2.,
TDA’s multi-scale approach inherently filters such noise by fo-
cusing on persistent features that maintain stability across scales,
making it particularly valuable for analyzing RNA-protein com-
plexes where structural determination typically involves higher

uncertainty compared to protein structures’,

Significance and Purpose

Integrating TDA into functional genomics workflows could sig-
nificantly enhance the precision and interpretability of RNA-
protein interaction predictions. By quantifying higher-order
spatial arrangements, we may identify interaction patterns that
are missed by conventional methods that include bioinformat-
ics approaches that rely on sequence-derived data—such as se-
quence alignment, motif identification, and secondary structure
prediction—as well as standard geometric or energetic descrip-
tors (contact maps, docking scores, or RMSD measurements)
to characterize and predict interactions. The purpose of this
study is to pioneer the use of persistent homology in analyzing
RNA-protein complexes, demonstrating its potential to improve

prediction accuracy and guide experimental validations.

Objectives

The primary objective is to incorporate TDA-derived features
into a computational pipeline for predicting RNA-protein inter-
actions. We aim to:

1. Compute persistent homology signatures from three-
dimensional RNA-protein structures.

2. Integrate these topological features with conventional se-
quence and secondary structure data.

3. Train and evaluate a machine learning model to assess the
added predictive value of TDA features.

Scope and Limitations

This study focuses on binary classification (interacting vs. non-
interacting) for known RNA-protein complexes. Although the
dataset (300 complexes) is moderately sized and diverse, it
relies on static structures that may not capture dynamic con-
formational changes, thus limiting its ability to predict binding
strength or dynamics directly. The dataset is modest and static,
with several specific limitations. First, our dataset spans 12
major RNA-binding protein families with some bias toward
RRM domains (38% vs. expected 25% based on PDB distri-
bution) and underrepresentation of zinc finger domains (7%
vs. expected 15%), which may impact generalizability>. Sec-
ond, our analysis of NMR ensembles for 32 complexes revealed
topological feature stability varied by 15-25% across confor-
mations, particularly affecting short-lived features (persistence
<3A), suggesting dynamic analysis would provide additional
discriminative power!®. To mitigate dataset size limitations, we
implemented data augmentation strategies including structure
perturbation (controlled RMSD < 2.0 A) to generate synthetic
variations while preserving binding interfaces, which improved
model generalization by 7% in preliminary tests'Z. Addition-
ally, we employed imbalance-aware sampling techniques to
avoid overrepresentation of specific structural families. Future
studies should incorporate molecular dynamics simulations to
assess dynamic topological changes and utilize GPU accelera-
tion to address computational complexity (currently 45 minutes
per complex on standard hardware)'®. Independent validation
using non-PDB sources such as recently published cryo-EM
structures ™ or performing external validation on datasets like
CRISPR-Cas complexes (as done preliminarily here, achieving
82% accuracy ) would further assess model generalizability to
entirely novel RNA-protein complex topologies. While this
study demonstrates advantages over conventional feature-based
models, future work will explicitly compare the developed TDA-
informed method against advanced state-of-the-art sequence-
based deep learning approaches (e.g., AlphaFold embeddings2Y,
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transformer models like RNA-BERT ) on standardized bench-
mark datasets to comprehensively validate improvements, as
these models currently lack structural interpretability but show
comparable performance in some cases.

Theoretical Framework

Our work is grounded in persistent homology, which encodes
topological features (e.g., holes, loops) across multiple scales,
providing a robust descriptor of molecular surfaces®. Previous
studies demonstrate that topological invariants such as loops and
voids frequently correspond to active binding sites, underscoring
their functional relevance. For example, Kovacev-Nikolic et al.
(2016) demonstrated persistent homology can identify binding
cavities in HIV protease inhibitors by identifying second-order
topological features (voids) that align precisely with known
drug binding sites®. Similarly, Cang et al. (2018) showed
persistent homology captures protein-ligand binding sites with
significantly higher sensitivity (88% vs. 72%) than conventional
geometric descriptors by detecting subtle topological patterns
that correspond to binding pockets?. In RNA-protein systems
specifically, Xia and Wei (2014) found that persistent homol-
ogy identifies conserved structural motifs in ribosomal RNA-
protein interfaces that are missed by sequence analysis“. These
studies collectively establish that topological invariants provide
unique structural information beyond what conventional geomet-
ric measurements capture. For RNA-protein interactions where
binding interfaces often involve complex three-dimensional ar-
rangements of nucleotide recognition motifs and protein sec-
ondary structures, TDA offers particular advantages in detect-
ing non-linear spatial patterns that traditional methods struggle
to characterize accurately?®. The multi-scale nature of persis-
tent homology enables detection of both small-scale features
(e.g., nucleotide-specific binding pockets) and larger topologi-
cal arrangements (e.g., RNA binding channels) simultaneously,
providing comprehensive structural signatures of interaction

interfaces?.

Methodology Overview

We curated RNA-protein complexes and extracted both conven-
tional bioinformatics features (e.g., sequence motifs, secondary
structure content) and topological invariants from persistent ho-
mology. A random forest classifier was trained to distinguish
interacting pairs.

Results

Our integrated TDA-based model achieved an accuracy of 88%
on a held-out test set compared to 78% for a baseline model
using only conventional features. Precision increased from 0.80

to 0.87 and recall from 0.77 to 0.89, yielding a higher overall F1-
score. The model also achieved an AUC-ROC of 0.91 (baseline
AUC-ROC = 0.83), with improvements statistically significant
(p < 0.01). Ablation studies demonstrate the incremental value
of TDA features; removing them while retaining all conven-
tional features dropped performance by 10% (accuracy: 88% —
78%), confirming their unique contribution. Conversely, using
only TDA features achieved 81% accuracy, demonstrating their
strong independent predictive power. Precision-recall curves
were generated to account for potential class imbalance, and
the average precision (AP) was 0.89 compared to 0.81 for the
conventional feature baseline. Robust performance was demon-
strated with 95% confidence intervals for the test set: accuracy
[83.5%, 92.1%], precision [0.82, 0.91], and recall [0.84, 0.93].
Feature importance analysis revealed that among TDA features,
first-order persistence features (loops) with birth-death pairs in
the 3-7 A range were particularly discriminative (accounting for
35% of the model’s predictive power), followed by second-order
features (voids) with lifespans exceeding 4 A (22%).

Metric Baseline TDA-Informed 95% CI (TDA
Model Model Model)

Accuracy 78% 88% [83.5%, 92.1%]

Precision 0.80 0.87 [0.82,0.91]

Recall 0.77 0.89 [0.84, 0.93]

F1-Score 0.78 0.88 N/A

AUC-ROC 0.83 091 N/A

Average Preci- 0.81 0.89 N/A

sion (AP)

Table 1 Performance Metrics of Baseline and TDA-Informed Models
on Test Set

Note: Confidence Intervals (CI) calculated via bootstrapping (n=1000)
for the TDA-Informed Model.

Feature importance analysis indicated that TDA-derived fea-
tures—especially persistent loops (Betti-1) with mid-range life-
times—were highly predictive. In a case study on the U1A pro-
tein, persistent homology identified a loop feature corresponding
to a known RNA-binding groove’®. Expanded case studies sig-
nificantly strengthen our findings beyond the U1A protein. For
PABP (poly-A binding protein), first-order persistence features
(loops) with birth-death pairs in the 3-7 A range corresponded
precisely to the RRM domains’ RNA-recognition helices that
bind poly-A sequences, as validated through prior mutational
analyses?®. For eIF4E (cap-binding protein), persistent voids
(second-order features) with lifespans exceeding 4 A mapped to
the m7G cap-binding pocket with spatial correspondence to key
tryptophan residues (W56, W102), validated by mutagenesis
data from Marcotrigiano et al. (1997)2%. When examining com-
plexes with different binding affinities using data from the RNA

© The National High School Journal of Science 2025

NHSJS Reports | 3



Binding Protein Database®, we found high-affinity complexes
(Kd<100nM) typically exhibited more persistent second-order
features (voids with birth-death distance >5A), while lower-
affinity interactions (Kd>1uM) showed more transient first-
order features??. TDA particularly excelled in complexes with
indirect recognition mediated by water molecules (improving
prediction accuracy by 15% for such cases) and in structures
with induced-fit binding where conformational changes con-
found geometric descriptors=!. These cases are specifically
challenging for conventional methods as they involve subtle
structural adaptations that drastically affect binding without
significantly altering global structural metrics. Multiple ran-
dom train-test splits (n=10) and nested cross-validation were
employed to ensure robustness of model results and prevent
data leakage, with performance variation remaining within +3%
across all splits. Five-fold cross-validation confirmed model
stability, with a mean accuracy of 85% £2% (Table 2).

Fold Accuracy  Precision  Recall F1-Score
(%)
1 84 0.85 0.83 0.84
2 86 0.88 0.85 0.86
3 85 0.86 0.84 0.85
4 85 0.87 0.84 0.85
5 83 0.83 0.82 0.82
Mean 85 0.86 0.84 0.84

Table 2 Five-Fold Cross-Validation Performance Metrics. [Multiple
random train-test splits and nested cross-validation were employed to
ensure robustness of model results and prevent data leakage].

Discussion

Restatement of Key Findings

This study is among the first to fully integrate TDA into RNA-
protein interaction prediction. Our TDA-informed model outper-
formed conventional methods by capturing structural patterns
previously overlooked.

Implications and Significance

By identifying subtle topological invariants such as loops and
voids, TDA provides complementary insights that can guide
experimental validations, including targeted mutagenesis stud-
ies. Previous studies demonstrate that topological invariants
such as loops and voids frequently correspond to active bind-
ing sites, underscoring their functional relevance!2122 Qur
analysis of the UIA protein reveals how topological features
precisely map to the -sheet binding platform and RNP1/RNP2

motifs that recognize the AUUGCAC sequence in Ul snRNA,
features confirmed through experimental mutagenesis studies>>.
This correspondence between persistent topological features
and functional binding elements was consistent across other
well-characterized RNA-binding proteins. For instance, in the
MS?2 coat protein system, our TDA approach identified a persis-
tent loop (birth radius 3.24, death radius 8.7A) corresponding
precisely to the RNA hairpin binding pocket, with 92% spa-
tial overlap with residues experimentally confirmed to contact
RNAL This methodology provides practical applications such
as guiding mutagenesis studies by pinpointing critical structural
features relevant for RNA-binding. In a direct comparison with
conventional methods for identifying mutation candidates, TDA
guidance reduced the search space for experimental mutage-
nesis by 60% compared to conventional approaches that use
conservation scores and solvent accessibility>?. When applied
to the recently characterized SARS-CoV-2 nucleocapsid protein-
RNA complex, our TDA approach correctly identified the RNA-
binding groove and highlighted specific arginine residues (R107,
R149) critical for RNA recognition, subsequently confirmed by
experimental studies=>. Our external validation on 50 CRISPR-
Cas complexes achieved 82% accuracy despite these structures
not being present in the training data, demonstrating robust gen-
eralizability. McNemar’s test>* revealed that the TDA-informed
model correctly classified 27 examples that the baseline model
misclassified, while only misclassifying 9 examples the base-
line correctly classified (p<0.01), providing strong statistical
evidence of improvement.

Connection to Objectives

We successfully extracted topological signatures, integrated
them with standard features, and demonstrated a robust pre-
dictive model.

Recommendations Future research should:

1. Expand the dataset to include various RNA-binding pro-
teins, non-coding RNAs, and ribonucleoprotein complexes.

2. Incorporate molecular dynamics simulations to capture
time-dependent topological changes.

3. Explore advanced TDA tools (e.g., vineyard complexes)
for dynamic tracking of topological signatures.

4. Perform direct comparisons against state-of-the-art deep
learning models (e.g., AlphaFold embeddings, transform-
ers) on benchmark datasets.

Limitations

The dataset (300 complexes) is modest and based on static struc-
tures, which may not fully represent dynamic interactions and
limits the prediction to binary classification rather than binding
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affinity. Additionally, while random forests were chosen for
interpretability and robustness=>, more advanced models might
yield further improvements. The dataset size and composition
present several specific limitations. Our molecular dynamics
analysis on a subset of 20 complexes showed that while 68% of
identified topological features remained stable across 100ns tra-
jectories, certain features—particularly short-lived loops (birth-
death distance <2A) and small voids (volume <50A3)—showed
significant variation (up to 45% change in persistence)=?. This
suggests dynamic topological analysis could provide additional
discriminative power, especially for flexible binding interfaces.
Topological feature stability varied by 15-25% across confor-
mations in NMR ensembles, particularly affecting short-lived
features with persistence <34'®. Computational complexity
presents another significant constraint; persistent homology cal-
culations scale at O(n3), requiring approximately 45 minutes
per complex on standard hardware—a significant constraint for
high-throughput applications=”. Dataset bias analysis revealed
overrepresentation of RRM-domain proteins (38% vs. expected
25% based on PDB frequency distribution'>) and underrepresen-
tation of zinc finger domains (7% vs. expected 15%), which may
impact generalizability to novel RNA-binding domains=®. Di-
rect comparison with state-of-the-art deep learning methods re-
vealed that while our approach outperforms conventional feature-
based models, certain transformer-based approaches (e.g., RNA-
BERT) achieve comparable performance (85% vs. our 88%)
on sequence-dominated binding predictions, though they lack
structural interpretability”’. For highly dynamic complexes with
large conformational changes upon binding (RMSD >3A), our
static structure approach showed reduced performance (74%
accuracy vs. 88% overall), highlighting the need for dynamic
topological analysis=”. Future work will explicitly compare the
developed TDA-informed method against advanced state-of-the-
art sequence-based deep learning approaches (e.g., AlphaFold
embeddings, transformer models) on standardized benchmark
datasets to comprehensively validate improvements.

0.1 Real-World Impact

The enhanced prediction of RNA-protein interactions using TDA
has potential applications in rational drug design and protein
engineering, guiding experimental validation and mutation stud-
ies. The practical utility of TDA-based prediction offers several
advantages in specific real-world scenarios compared to conven-
tional methods. In rational drug design targeting RNA-binding
proteins, our approach identified cryptic binding pockets that
were missed by conventional pocket detection algorithms in
three out of five test cases, including a transient pocket in the
HuR-RNA complex that could be exploited for small molecule
design®". For protein engineering applications focusing on mod-
ifying RNA-binding specificity, TDA-guided mutation selection
achieved a 37% higher success rate in altering specificity while

maintaining affinity compared to conservation-based approaches
in a retrospective analysis of engineered PUF proteins*!. In
viral RNA-protein interaction studies, our approach correctly
identified residues critical for viral protein-host RNA recogni-
tion in influenza NS1 protein with 25% higher precision than
conventional structural analysis methods, as validated against ex-
perimental data*?. These examples demonstrate that TDA offers
tangible advantages in scenarios where binding involves subtle
topological features rather than obvious sequence or structural
signatures. Additionally, in cases where experimental structure
determination is challenging (as with many RNA-protein com-
plexes), our TDA approach applied to computational models
(e.g., AlphaFold models*?) achieved 78% accuracy on interac-
tion prediction compared to 65% for conventional descriptors
applied to the same models, suggesting particular utility for com-
putationally modeled structures where precise atomic details
may be less reliable.

Methods

Research Design

We employed a supervised learning approach to classify RNA-
protein pairs as interacting or non-interacting, using both topo-
logical and conventional features.

Participants or Sample

A dataset of 300 RNA-protein complexes was curated from the
Protein Data Bank (PDB)> and specialized RNA-binding pro-
tein repositories 44 Selection criteria included resolution <3.0 A
and interface sizes >20 nucleotides and >20 amino acids. This
dataset size captures >80% of known RNA-binding domain
families while providing sufficient statistical power (>95%)
to detect medium effect sizes based on power analysis using
G*Power® with Cohen’s d=0.5. Power analysis shows our
sample size can reliably identify features with correlation coeffi-
cients >0.25 to interaction status with >90% confidence. The
dataset spans 12 major RNA-binding protein families (RRM
38%, KH 15%, DEAD-box 14%, dsRBD 11%, PUF 8%, zinc
finger 7%, and others 7%) and diverse RNA types (mRNA
45%, tRNA 15%, rRNA 18%, snRNA 12%, others 10%). In-
terface sizes range from 22-143 nucleotides (median 47) and
24-165 amino acids (median 58), with resolution distribution
centered at 2.34-0.6 A. To confirm dataset representativeness,
we performed a clustering analysis using TM-align“® structural
similarity scores, verifying that our selected structures span
the known structural diversity of RNA-binding domains with
a silhouette coefficient of 0.72. Each complex was manually
verified to represent a biologically relevant interaction rather
than crystal packing contacts by checking literature annotations
and evaluating interface size and complementarity.
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Data Collection

Three-dimensional coordinates were extracted from PDB files;
complexes were filtered based on resolution and interface size.
Complementary features were derived using tools such as
RNAfold’ and InterProScan. Negative examples were gen-
erated through three complementary approaches to ensure ro-
bust model training: (1) mismatched pairs from experimentally
verified non-interacting molecules from Ray et al.’s RNAcom-
pete datalZ, which provides experimentally verified non-binding
RNA sequences for specific RBPs; (2) structurally-informed de-
coys created by docking RNA molecules to non-RNA-binding
regions of proteins using HADDOCK®” with energy minimiza-
tion, followed by structural relaxation to ensure physical plau-
sibility; and (3) engineered negative examples from mutated
binding interfaces where critical residues were computationally
substituted based on experimental mutagenesis data®, introduc-
ing changes known to disrupt binding. Feature distribution anal-
ysis ensured computational negative examples were challenging
and biologically plausible, with similar overall physicochem-
ical properties to positive examples (average Jensen-Shannon
divergence 0.11+0.04) but key differences localized to interface
regions. We verified that negative examples were sufficiently
challenging by ensuring no simple geometric or sequence-based
classifier could distinguish positives from negatives with >65%
accuracy, creating a dataset that specifically tests the value of
topological features“®. Each negative example was categorized
based on its generation method, allowing for stratified sampling
during model training and evaluation to ensure balanced repre-
sentation of different negative example types.

Variables and Measurements

* TDA Features: Persistent homology was used to com-
pute Betti numbers (for connected components, loops, and
voids) over multiple radii (0-10 A in 0.1 A increments).
These were translated into feature vectors via persistence
images® . Betti numbers were selected over alternative
TDA descriptors like Wasserstein distances® or persistence
landscapes® for their interpretability and superior perfor-
mance in preliminary tests. The radius range was chosen
to capture relevant interaction scales'?, outperforming nar-
rower or wider ranges in tests”?. We applied adaptive
resolution persistence images with higher resolution in bio-
logically relevant areas (2-6 A) based on prior biochemical
knowledge>.

* Conventional Features: Sequence motifs, predicted sec-
ondary structures (e.g., via RNAfold? ), and residue-level
interaction scores were obtained from established pipelines.

Procedure

* Feature Extraction: TDA features were generated us-
ing a Python interface to libraries such as Ripser'?, and
conventional features were computed accordingly. Per-
sistent loops and voids were quantified using persistence
diagrams, translating into persistence images for feature
vector representation, highlighting their correlation with
specific RNA-binding interfaces.

* Model Training: A random forest classifier™ (opti-
mized to 147 trees ) was trained on 240 complexes (80%
of the dataset) with hyperparameters optimized via grid
search nested cross-validation (outer 5-fold, inner 3-fold).
Random Forest was selected over alternatives like gra-
dient boosting machines (GBMs) and graph neural net-
works despite GBMs showing marginally better perfor-
mance (+1.5% accuracy) due to RF’s superior interpretabil-
ity—critical for validating topological feature relevance.
Comparative analysis with alternative models included lo-
gistic regression (77% accuracy), support vector machines
(82% accuracy), and gradient boosting (89.5% accuracy).
RFs provided better handling of our heterogeneous fea-
ture space and showed better robustness to the high di-
mensionality of persistence image representations, with
lower variance across different dataset partitions (+2.1%
vs. £3.7% for GBMs). Grid search explored 80 parameter
combinations including number of trees (50-500), maxi-
mum depth (3-20), minimum samples per leaf (1-10), and
feature subset size. The optimal configuration used 147
trees, maximum depth of 12, minimum samples per leaf of

3, and n_features as the feature subset size>Z.

» Testing and Validation: The held-out test set (60 com-
plexes) and five-fold cross-validation were used to assess
performance. Multiple random train-test splits (n=10) and
nested cross-validation were employed to ensure robust-
ness of model results and prevent data leakage. For external
validation, we tested our model on 50 recently published
RNA-protein complexes from CRISPR-Cas systems=> (not
present in training data), achieving 82% accuracy compared
to 74% for the conventional feature baseline. These com-
plexes were selected for their distinct structural character-
istics from our training data (mean TM-score 0.5740.11),
providing a rigorous test of generalizability®>. McNemar’s
test>* revealed that the TDA-informed model correctly clas-
sified 27 examples that the baseline model misclassified,
while only misclassifying 9 examples the baseline classi-
fied correctly (X?=8.53, p<0.01), providing strong statisti-
cal evidence of improvement54. Additionally, we evaluated
performance stratified by protein family, finding consistent
improvement across diverse structural classes, with the
largest gains observed for zinc finger proteins (+14% ac-
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curacy) and the smallest for RRM domains (+6%)—Ilikely
due to the already strong performance of sequence-based
methods for the latter=>.

Data Analysis

Statistical analysis was performed using scikit-learn in Python.
Feature importance was evaluated via Gini impurity and per-
mutation importance. Performance metrics (accuracy, precision,
recall, F1-score, AUC-ROC49) were calculated, with signifi-
cance assessed using paired t-tests (p<0.01). Precision-recall
curves were prioritized over ROC curves for imbalanced clas-
sification scenarios, with average precision (AP)29 ysed as the
primary metric of comparison between models. We stratified
our analysis across binding strength categories (high-affinity:
Kd<100nM; medium: 100nM<Kd<1uM; low: Kd>1uM)
based on experimental affinity data from the RNA Binding Pro-
tein Database”®, finding high-affinity complexes typically ex-
hibit more persistent second-order features while low-affinity
interactions show more transient first-order features. Statistical
significance was assessed using paired t-tests with Bonferroni
correction for multiple comparisons, and confidence intervals
were calculated using bootstrapping™Z with 1000 resamples.

Ethical Considerations

All data used were publicly available. No human or animal
subjects were involved.
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