Using Machine Learning to Predict Recombinant Protein Expression
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Abstract

The production of recombinant proteins is critical across several drug discovery stages. The process is costly and lengthy with a minimum of 6 weeks per construct to
expression screen campaign, involving multiple steps. We are developing a machine learning platform that uses the primary sequence of proteins represented
as physicochemical properties and structural features to support protein scientists by facilitating the design of protein constructs and highlighting sequences expressing at
different yield classes. The model is coupled to an in-silico screening procedure that systematically designs and assesses thousands of constructs in a high-throughput
manner. This method is currently being deployed in drug discovery projects and leads to the design of constructs expressing at a higher yield compared to those designed
using human knowledge only. Here we share our initial results and plans to improve and develop the techniques through integrative teamwork and additional resources.
We plan to do this by: (1) considering yield values instead of classes aided by GelClick, an automated gel image analysis tool, (2) incorporating deep learning features for
sequence representation, and (3) leveraging external public domain datasets. Limited data to train the model is a key blocker so we are putting together a proof-of-concept
and a pre-competitive consortium with academic and pharmaceutical industry partners to share data and models in collaboration with EMBL-EBI.
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2 — Our current model 3 — GelClick
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4 — Project case study and summary of results
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Consortium References

Model improvements Postdoc

1. Liu et al., Molecules, 23(10), 2535 (2018)
2. Jumper et al., Nature, 596, 583-589 (2021)
« Generate more vyield data, using * Improve end-to-end modelling * Championed by Lovisa Holmberg 3. Lazic S.E., PeerJ, 3:e1444 (2015)
GelClick, from future projects and approach in general e.g. augment Schiavone and Aurelie Bornot since 4. Thumuluri et al., Bioinformatics, 38(4), 941-946 (2022)
include within the model. internal data with publicly available 2021 in collaboration with EMBL-EBI. 5. Detlefsen et al., Nature Communications, 13, 1914 (2022)
. . resources. _ _
 Upgrade model using deep-learning  Bring pharma and academic partners
representations of protein sequences’. . Joint collaboration with the Leach together to (a) share pre-competitive Acknowledgements |
group at EMBL-EBI. orotein  production data and  (b) We thank the members of the Data Sciences and

collaborate on the development of Quantitative  Biology (QuBi) and Discovery Biology

Pre-training

departments in AstraZeneca for helpful inputs throughout the

Segg;gge reprelégﬁ%;tion Reconstruction predictive models. duration of the project and while creating this poster.
M| o ) .M « Some  discussions  have been
N gl 5 N 2l had within the EMBL-EBI industry
—>F Encoder | — . >  Decoder | .
E N P ¥ i, o AstraZeneca
g rr f EMBL-EBI ::::::::: < currently at proposal stage for proof-of- :
L L SEEES Concept study: What science can do

(Optional) fine-tuning \/



