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DEEP LEARNING-BASED CODON OPTIMIZATION WITH

LARGE-SCALE SYNONYMOUS VARIANT DATASETS ENABLES
GENERALIZED TUNABLE PROTEIN EXPRESSION

ABSTRACT SEQUENCES OPTIMIZED FOR NATURAL CODON USAGE
Increasing recombinant protein expression is of broad interest in industrial HAVE VARIABLE EXPRESSION
biotechnology, synthetic biology, and basic research. Codon optimization is an ol ] b 250000

important step in heterologous gene expression that can have dramatic effects on
protein expression level. Several codon optimization strategies have been
developed to enhance expression, but these are largely based on bulk usage of
highly frequent codons in the host genome and can produce unreliable results. —
Here, we develop deep contextual language models that learn the codon usage o — Random degenerate|
rules from natural protein coding sequences across members of the M -

Enterobacterales order. We then fine-tune these models with over 150,000 ' fﬁ\(\-\,ﬁ W 50000
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functional expression measurements of synonymous coding sequences from 0 W

three proteins to predict expression in E. coli. We find that our models recapitulate % 50 T S — Y s 5 5 €

natural context specific patterns of codon usage and can accurately predict S o 40 80 80 160 1o o s 8§ & = ¢ g

expression levels across synonymous sequences. Finally, we show that expression Codon index 3 ° i

predictions can generalize across proteins unseen during training, allowing for in Left: Two representative %MinMax codon usage profiles of CDSs in the holdout test
silico design of gene sequences for optimal expression. Our approach provides a set. The comparison is made across parental natural sequence (grey), CO-T5-
novel and reliable method for tuning gene expression with many potential model-generated sequence (black), and sequence of randomly sampled
applications in biotechnology and biomanufacturing. synonymous codons C%red). Right: Normalized fluorescence values for CO-T5-

generated GFP variants, sequences optimized with commercial tools, and random
synonymous sequences.
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MULTI-PROTEIN LEARNING TUNING EXPRESSION WITH MODEL-DESIGNED mCherry anti-SARS-CoV-2 VHH
Test dataset Training dataset Spearman p Pearson r DNA VARIANTS FOR UNSEEN PROTEINS 250000 4000
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