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Introduction
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Cost Savings: higher the affinity maturation, the more
Currently, alanine sampling is a very time consuming and expensive process. If we could of that specific antibody it will make.
predict the sites that are more likely to lead to a decrease in the stability of the protein, we —— Model predictions What is a deep mutational scan?
could cut costs. —1.54 —— Lab observed change in Delta Expression A deep mutational scan 1s where scientists try to simulate the process for somatic
This model 1s available for free, and and allows for the predictions on folded proteins. This Al hypermutation within a Iba setting, typically this process 1s for when they are looking

model 1s much cheaper to run than a full alanine sample.

Methodologies

The goal of this research 1s to be able to predict the change in Protein Expression of a real lab

Model predictions versus DMS Alanine Sampling data[4]
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Fig 1: This displays the model written versus the real observed delta expr from a allaine sampling. This shows how effective the
model 1s. As we can see the model 1s able to correctly predicts indexes that have a large difference in delta expr. This specific
model was achieved by using multiple K-fold validators. The use of K-Fold validation ensures that we are getting the correct and

real model performance.

K-Fold Cross-Validation: Actual vs. Predicted

Fig 2: This displays the accuracy of the
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for new proteins or new combinations. T

what contributes to the folding of the protein.

Protein Folding?
Upon their creation proteins will “fold”, this
1s where they will curl up into a final
“energetically stable shape”. Most of the
time this works, and the protein folds,
however sometimes the protein fails to fold
properly, causing it to unravel.

n1s process also helps us understand how and
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