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VAEProp: Best of both worlds

Two schools of sequence design

While integrating data with models presents a huge opportunity for improving AAV capsid properties, designing

optimized variants for translational applications can be costly and difficult to measure accurately. Property
estimate

In vitro studies can recapitulate critical aspects of the AAV delivery problem and enable more rapid development of 4

machine learning (ML) approaches due to faster feedback cycles and lower measurement noise. Figure 5. Sequence design using VAEProp.

VAEProp allows the user to take risks between
designing variants that are similar to those in the
data or venturing deeper into the sequence

Here, we validate an advanced approach to sequence generation that is also tunable, demonstrating the power of a
coupled experimental and in silico platform and illustrating our improved ability to engineer AAV capsids for
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characterization in non-human primates (NHPs) and eventual translation to human medicines. space for potentially higher gains. We consider
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Edit Distance to WT
Figure 3. Packaging data. (A) VAEProp designs sequences at various edit distances while the VAE is biased towards the edit distance distribution of
4% the training data and Regression-based explorers are biased towards high edit distance sequences. (B) VAEProp designed sequences that package at

translates to designed sequences with higher edit distance to wildtype. (B) Transduction rates for high risk sequences are harder to
predict (y-axis) and result in fewer packaged variants (x-axis). (C) High-risk sequences have higher transduction upside on the tail of the
distribution despite lower predictive accuracy.
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a similar rate to sequences designed by generative modeling and at a higher rate than sequences designed by Regression-based explorers.
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Figure 1. Fast feedback loop with in vitro design. (A) Experimental validation of machine learning using fast in Figure 4. In vitro transduction data. We apply VAEProp to optimize the transduction of HEK293T cells in culture by designing variants of wild-type - Gomez-Bombarelli, Rafael, et al. "Automatic chemical design using a data-driven continuous representation of molecules."
vitro cycles. We use HEK293T cells in culture as a surrogate model to evaluate our machine learning methods. This AAV9 in an area comprising of the VR-IV and VR-V loops of the VP3 region. Sequences designed by VAEProp have a higher transduction rate than ACS central science 4.2 (2018): 268-276.
surrogate enables rapid iteration of our machine learning design methods. (B) In-vivo validation. We design novel sequences designed by a VAE or a Regression-based explorer. Each method received a budget of 8k variants. - Bryant, Drew H., et al. "Deep diversification of an AAV capsid protein by machine learning." Nature Biotechnology 39.6 (2021): 691-696.
capsids for in vivo studies using our best machine learning design methods, which are first de-risked in the in vitro - Ogden, Pierce J., et al. "Comprehensive AAV capsid fitness landscape reveals a viral gene and enables machine-guided design."

setting. Science 366.6469 (2019): 1139-1143.



