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Predictions were made using different methods

ELASPIC2 (EL2) — GBT model predicting the effect of mutations on
protein stability and protein binding affinity using embeddings from
ProteinSolver and ProtBERT and a ranking objective function.

ELASPIC3 (EL3) — GBT model predicting deleterious and benign
mutations using embeddings from ProteinSolver, ProtBERT, and AlphaFold.

ProteinSolver — Graph neural network trained to reconstruct masked
amino acids given the distagram describing the topology of the protein.

ProtBERT — Deep neural network trained to reconstruct masked amino acids
in millions of protein sequences.

Rosetta — Tool for macromolecular modeling which uses on a semi-
empirical energy function and MCMC sampling.



ELASPIC

Overview

Machine learning model to predict the
effect of mutations on protein folding and
protein-protein interaction.

Developed by Berliner et al. in 2015 and
inherited by me.

Integrates evolutionary and structural
information to improve the accuracy of
results.

One of the best-performing methods in the
CAGI 5 Frataxin challenge.
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ELASPIC2 (EL2)

Overview

e Predicting the effect of mutations on protein stability and protein binding
affinity using pretrained neural networks and a ranking objective function.

» Use embeddings output by ProteinSolver and ProtBERT instead of hand-
crafted features.

= Use a ranking objective function to leverage data obtained using different
modalities, including in vitro AAG measurements and deep mutation
scanning experiments.

e Strokach et al. (2021). ELASPIC2 (EL2): Combining Contextualized Language
Models and Graph Neural Networks to Predict Effects of Mutations.
https://doi.org/10.1016/j.jmb.2021.166810


https://doi.org/10.1016/j.jmb.2021.166810

ELASPIC3 (EL3)

Overview

e Predicting the effect of mutations on phenotype, i.e. whether a given mutation
is deleterious or benign, using pretrained neural networks.

» Use embeddings output by ProteinSolver, ProtBERT, and AlphaFold, instead
of hand-crafted features.

= Use the humsavar and CAGI6 Sherloc training datasets and AlphaFold
models of the human proteome.

» Achieved third place on the CAGI6 Sherloc challenge leaderboard, with an
AUC of 0.946 and a recall at 0.8 precision of 0.866.

e Code fortraining the model: https://github.com/elaspic/cagi6-submission.


https://github.com/elaspic/cagi6-submission
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AlphaFold (AUC = 0.93)
MSA statistics (AUC = 0.89)
ProtBERT (AUC = 0.89)
ProteinSolver (AUC = 0.85)
Rosetta AAG (AUC = 0.86)
Base (AUC = 0.70)

AlphaFold (AP = 0.88)
MSA statistics (AP = 0.82)
ProtBERT (AP = 0.82)
ProteinSolver (AP = 0.76)
Rosetta AAG (AP = 0.78)
Base (AP = 0.56)
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ELASPIC3 (EL3) (AUC = 0.94)

EL3 — AlphaFold (AUC = 0.92)
EL3 — MSA (AUC = 0.93)

EL3 — ProtBERT (AUC = 0.93)
EL3 — ProteinSolver (AUC = 0.94)
EL3 — Rosetta AAG (AUC = 0.93)

ELASPIC3 (EL3) (AP = 0.89)

EL3 — AlphaFold (AP = 0.87)
EL3 — MSA (AP = 0.89)

EL3 — ProtBERT (AP = 0.89)
EL3 — ProteinSolver (AP = 0.89)
EL3 — Rosetta AAG (AP = 0.89)



ProteinSolver

Overview

e Agraph neural network trained to
reconstruct masked amino acids given the
distagram describing the topology of the
protein.

e The model provides a probability and an
embedding for a given residue.

e Strokach et al. (2020). Fast and Flexible
Protein Design Using Deep Graph Neural
Networks.
https://doi.org/10.1016/j.cels.2020.08.016



https://doi.org/10.1016/j.cels.2020.08.016

ProtBERT
Overview

e ABERT language model trained on millions of protein sequences using a
masked language modeling objective.

e The model provides a probability and an embedding for a given residue in the
protein sequence.

e Elnaggar et al. (2020). ProtTrans: Towards Cracking the Language of Life’s Code
Through Self-Supervised Deep Learning and High Performance Computing.
https://doi.org/10.1101/2020.07.12.199554


https://doi.org/10.1101/2020.07.12.199554

Rosetta AAG

Overview

e Rosetta uses a semi-empirical energy function to evaluate the stability of the
wild type and the mutant proteins.

e We usethe cartesian ddg protocol to obtain energy terms that are
averaged over different protein conformations.

e Parketal. (2016). Simultaneous Optimization of Biomolecular Energy Functions
on Features from Small Molecules and Macromolecules.
https://doi.org/10.1021/acs.jctc.6b00819


https://doi.org/10.1021/acs.jctc.6b00819

Conclusions

Future directions
e Incorporate AlphaFold features into the ELASPIC2 model.

e Check if fine-tuning the neural networks using a ranking objective function
results in better accuracy than using LightGBM.

o Compare the performance of our submissions across all CAGI6 challenges and
check for patterns.

e Take inspiration and learn from all the other teams participating in CAGI6!
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