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e u| A [cluf [ Jua]clulc]Al Nonsense-mediated mRNA decay (NMD) is a
v critical  post-transcriptional  surveillance
. We benchmarked embedding-only approaches. and mechanism that degrades transcripts with
observed that they underperform compared to simple ; ; At g : di
‘ rule-based baselines prema .ure errpma |9n codons, s§ eguz.ar ing
| transcriptome integrity and shaping disease
token embeddings | | phenotypes. However, accurately predicting
NMD efficiency remains challenging, as
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NMDEP combines optimized rules, sequence mutant MRNA

embeddings, and public annotations. -
EM escape NMD W
,L Optimized Rules Public Databases

Token Embeddings ‘ ‘ _ | — N~ X
: partial protein no protein
¢ R > 9 Y
- —— Methods & Results ~
Aggregator » Data: We used paired DNA and RNA
4’ ! sequencing data from The Cancer Genome
— — Atlas (TCGA) to quantify NMD efficiency for
r 4' ﬂv over 4,000 high-confidence stop-gain variants,
0, o 0. calculated as the negative log-ratio of RNA to
DNA variant allele frequencies.
Benchmarking: We benchmarked various
. - token-to-sequence embedding aggregation

N coature Selection strategies but found that embedding-only

models underperformed compared to simple

4' rule-based heuristics based on four binary
features.
NMDEP: To improve the predictive
NMDEP e L
performance, we optimized these heuristics
via a two-step grid search and curated a
comprehensive set of biological features.
Building on this, we developed NMDEP, a
. machine learning framework that integrates
""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" optimized rules, functional annotations, and
sequence embeddings.
Model MAE{ RMSE| R®f Spear Corr? Pear. Corr{ Interpretation: Using explainable Al, we
Baseline (4 rules) 0.8 1.07 0.35 0.67 0.6 identified both  known and  novel
4 rules optimized 0.75 0.98 0.41 0.71 0.66 determinants of NMD efficiency, enhancing
Best of embedding-only models  0.89 1.16 0.18 0.48 0.45 model interpretability and biological insight.
Features from Kim et al. (2024) 0.78 1.06 0.3 0.63 0.56 Application: By applying NMDEP to 2.9 million
NMDEP 0.67 0.89 0.51 0.76 0.73 simulated stop-gain variants, we enabled
large-scale transcript degradation
assessments and uncovered novel regulatory
NMDEP outperformed both rule-based and embedding-only models, achieving state- features driving NMD.
. of-the-art accuracy in predicting NMD efficiency. - 4
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