ROSE: a deep learning based framework for predicting
ribosome stalling
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Abstract Robustness of ROSE
We present a deep learning based framework, called ROSE, to

accurately predict ribosome stalling events in translation elongation

from coding sequences based on high-throughput ribosome profiling o8 iy Young15
data. Our validation results demonstrate the superior performance €

of ROSE over conventional prediction models. ROSE provides an % 566

effective index to estimate the likelihood of translational pausing at §°'4“ [/ —gumenaar:ozdo

codon resolution and understand diverse putative regulatory factors o2y | — Stumpf13 8: 0.762

of ribosome stalling. Also, the ribosome stalling landscape computed ol | “vomgisoe

by ROSE can recover the functional interplay between ribosome 0 02 04 06 08 Brar12 1730

False positive rate

stalling and cotranslational events in protein biogenesis, including

protein targeting by the signal recognition particle (SRP) and protein The ROC curves and AUROC scores of the cross-study tests on

secondary structure formation. additional human (Stumpf13 G1, M and S) and yeast (Brarl2 and

R Youngl5) datasets, respectively. The Brarl2 non-overlapping dataset

ROSE pipeline and CNN model includes 1,748 genes with sufficient (over 60%) ribosome profiling
e P B coverage in the Brarl12 dataset but not in the Pop14 dataset.
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p(s) — sigm(concatizllzlg,(pooli(ReLUi(Convi(encode(S)))))) A comprehensive reexamination on the relations between diverse

putative regulatory factors and ribosome stalling using ROSE.
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under the corresponding ROC curve (AUROC) scores on the
human (Battlel5) and yeast (Popl4) test datasets, respectively.

"SROSE" and "eROSE" stand for the ROSE frameworks with one
(single) and 64 (ensemble) CNNs, respectively.
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