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ABSTRACT

Understanding RNA-binding proteins (RBPs) is crucial for elucidating the regulatory mechanisms
that control post-transcriptional gene expression and for identifying molecular pathways
implicated in development and disease. In this study, I trained and compared supervised and
unsupervised machine learning models to predict functional interactions involving RBPs using a
combination of curated features and CRISPR-Cas9 derived phenotypic screening data. Two
supervised models, Lasso and Random Forest, demonstrated strong classification performance on
known interaction datasets, with the Random Forest model achieving 84% accuracy and a ROC-
AUC of 0.90. In parallel, a Bayesian Latent Variable Model was employed to infer interaction
likelihoods in an unsupervised manner, capturing hidden structure in the data by modeling
uncertainty and leveraging prior knowledge.

The Bayesian model effectively identified latent signals associated with phenotypic similarity,
particularly those derived from CRISPR screens, and generalized these patterns to unlabeled gene
interaction pairs. Among 25,000 unverified pairs, 12 were identified with latent scores overlapping
those of known interactions, including BRD4 TWIST2 and COX4I1 COX6B2, which show
potential functional relevance based on existing literature. While posterior parameters convergence,
referring to the stabilization of key latent variables or interaction strength estimates, was limited
in some cases, particularly at lower training iterations or when key biological signals or features
were missing, the findings nonetheless underline the value of probabilistic models in uncovering
biologically meaningful patterns in sparse and noisy datasets.

These results highlight the critical role of CRISPR-Cas9 data in modeling RBP-related functions
and suggest that incorporating additional features from RBPs datasets and structural, sequence,
and pathway databases could further improve prediction accuracy. This integrative approach offers
a framework for prioritizing novel RBP interactions and supports their downstream validation

through experimental studies.
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RBDs | RNA binding domains
RBPs | RNA binding proteins
RBPDB | RNA-Binding Protein Database
RBS | Ribosome binding sites
RF | Random forest
RIP-seq | RNA Immunoprecipitation sequencing
RNAIi | RNA interference
RNPs | Ribonucleoprotein
ROC | Receiver Operating Characteristic
RRM | RNA recognition motifs
scaRNA | small Cajal body-specific RNA
sd | Standard deviation
se | Standard error
sgRNA | single-guide RNA
shRNA | small hairpin RNA
siRNA | Small interfering RNA
snoRNAs | small nucleolar RNA
TN | True negative
TP | True positive
TPR | True Positive Rate
Xbin | Binary variable
Xcont | Continuous variable

Z; | Latent score
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