Great models demand great data
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In 2020, the prediction of protein structure from amino acid sequence was largely solved by Google AdditiOna[ Sequence Ques’f\ons

DeepMind’s machine learning (ML) model, AlphaFold.! Now, scientists are putting artificial intelligence
(Al) to the test on the hunt for the next holy grail: the de novo design of functional proteins.? Achieving
this goal promises to transform research by accelerating target discovery, optimizing candidate de-
sign, and reducing development time and cost.® Al/ML models will do so by helping unpick and predict

Through Biological Assays

sequence-function relationships, but this approach will require high-quality, purpose-built datasets to » Wet-lab data is required for ground truth, translating Al-proposed sequences - Deeper developability insight through stability, aggregation, specificity, and
train Al to design new candidates, predict sequence performance, and uncover novel therapeutic pos- » High sequence accuracy and customization to establish reliable links between ) into measured performance expression data
sibilities. Service providers that can provide solutions from DNA to data, such as Twist Bioscience, are sequence and function - . . . . .. . . L
needed to meet the Al community’s experimental needs wherever they are in the process. . ) _ . . _ - Traditional labs are not optimized for the scale, diversity, and structure of . Rgduceq wet-lab bot!:lenecks by combining Al-drl.ven. candidate prioritization
- Sufficient library depth to support effective model learning while matching assay datasets needed for Al/ML workflows with rapid DNA, protein production, and characterization
constraints
References « Specialized providers enable scale, synthesizing large sequence panels and - Earlier elimination of weak candidates using large, standardized,
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