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Introduction

The challenge in designing effective antisense oligonucleotide (ASO) therapeutics lies

in the rapidly expanding combinatorial space of candidate binding sites, chemical -
modifications, and backbone configurations, making exhaustive experimental Genome-WIde
screening impractical. Prioritizing candidates demands evaluating them against Analysis

complex sequence, thermodynamic, and specificity constraints. Kinetic Modeling

of Unintended

Variant Coverage Gene Knockdown

To address this, we present ASOKkai, an open-source Python framework for systematic
ASO design and evaluation. ASOkai integrates a growing suite of complementary
analysis modules, covering sequence features, off-target risk, target accessibility, and
beyond, into a unified, reproducible, and automation-ready workflow.
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