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{penSpeiceAl

SPLYXJM OpenSpliceAl is an open-source version of the SpliceAl program?, a
=ms mm ° Problem 1: Given a splice junction, is it a good splice junction? highly accurate splice site prediction system. OpenSpliceAl uses the

Genome Biology Search: Splam

o https://github.com/Kuanhao-Chao/splam

Introduction

I Retraining OpenSpliceAl on Mouse, Zebrafish, Honeybee, and Thale Cress
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* Problem 2: Gi DNA seq h the splice sites?
ro em * |Ve n a Se u e n Ce’ W e re a re e S I Ce SI es * Performance of OpenSpliceAl trained on species-specific genomes and annotation files (mouse, zebrafish, honeybee, thale cress) vs. SpliceAl- —&— SpliceAl
H H - Keras trained on the human genome and the MANE annotation. Orange curves show OpenSpliceAl metrics; blue curves show SpliceAl-Keras. OpenSpliceAl

. I OpenSpliceAl design & model training : 8 penSp ' P pensp

Each subplot covers Top-K accuracy and AUPRC for donor and acceptor sites.
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approach - - - I Transfer learning: Transfer OpenSpliceAl-MANE to four species
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