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The protein folding problem

Initial structure
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Structure provides insights on function
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Protein structure prediction

Amino acid sequence —_— @ 3D structure
Successful prediction algorithms Progress in recent CASPs
Machine Learning for
d molecular modeling —>
" p P W 2018
q NRUSECLLC CASP13
2 ‘ 60 - T ¥
E < 55 -
©
g 50 @
Ra pto go- o
"06 40 _ [ ] ©
n i )
= © 30 - ! 1
~-TASSER |
2 | 4 : v >
", Protein Structure & Function Predictions. = 20 - Coevolution-based
15 - } contact prediction
methods in literature
10

ALPI IAFOLD 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016
Year

From CASP13 evaluation by Abriata and Dal Peraro



Structure prediction




Current status: Protein structure prediction

Alignment of homologs
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Exploiting co-evolution for contact prediction

sequence: GEELFTGKGIDFLGDVNGSV..

Search homologous
sequences
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Learning couplings from protein alignment

Capture independent sites

P(x) = p1(x1)p2(x2) - - - pL(x1)

Amino acid i or equivalently
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Learning couplings from protein alignment

Capture pairwise interactions

Amino acid i Amino acid j

1
P(x) = — exp <Z ei(x;) + Z ENE XJ)>
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Learning with Markov Random Fields
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Balakrishnan, et al. Proteins 2008; Marks, et al. Plos one 2011; Morcos, et al PNAS, 2011; : :
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Jones, et al. Bioinformatics, 2011. Seemayer, et al. Bioinformatics 2014



Deep convolutional NNs recognize image patterns

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

Lecun, Bengio, Hinton. Nature 2015



Deep convolutional NNs recognize coevolutionary patterns

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

evolutionary couplings distance contact map

Liu, Palmedo, et al. Cell Systems 2018



DeepContact for contact prediction

Train on set of inferred couplings and known structures:

Learn
parameters

DeepContact convolutional neural network (CNN):
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Deep learning improves coevolution-based contact prediction
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Ranked at the top in CASP12 in 2016 in Z-score ranking
on par with two other deep-learning based methods
(RaptorX-Contact and (Deep) MetaPSICOV) on other metrics

# 5 g:de s :l;:me & Domains Count v ?;.I.I;-GZI)WC
1. 079 iFold_1 37 40.1644
2. 219 Deepfold-Contact 36 34,5989
3. 451 RaptorX-Contact 38 34.4778
4, 109 naive 36 27.8373
5. 431 Shen-Group 38 21.3752
6. 013 MetaPSICOV 38 17.6201
72 287 MULTICOM-CLUSTER 38 15.1225
8. 345 MULTICOM-NOVEL 38 14.1530
9. 236 MULTICOM-CONSTRUCT 38 12.3499
10. 320 raghavagps 38 11.4462



Why is deep learning effective?

2D projection of 1st layer filters using tSNE
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Recent developments go beyond contact prediction
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CASP14: DeepMind’s AlphaFold 2
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Function Prediction




Optimization of protein function

@2 Sequence — Function
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Antibody Fluorescent protein CRISPR/Cas9

Binding affinity Fluorescence Specificity



Sequence-to-function modeling
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Successful sequence-to-function models

_________________________________________________________________________
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Challenge: labeled data are expensive to get

ldea: unsupervised representation learning using
language models using unlabeled data
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Trained on Pfam / UniProt database with unlabeled data

Too general, not specific/sensitive to a single or few changes in the sequence

Rives, Goyal, et al. bioRxiv 2019; Rao, Bhattacharya, et al. NeurlPS 2019; Yang et al. Nature Methods 2019; Elnaggar, et al. arxiv 2020



Another idea: Learning from natural evolution

homologous sequences

Survived?

evolutionary selection

Not enough for fitting language models but enough for getting good features

Imaae adopted from Hoof et al. Nature Biotech 2017



Co-evolution correlates with function
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ECNet: integrating evolutionary contexts for protein function
prediction
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€ Unsupervised methods
Supervised methods
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Generalization to high-order mutations

Test on high-order (4~11) GFP variants
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Engineering of inhibitor-resistant TEM1 beta-lactamase

Variants construction &
fitness measurement
(ampicillin resistance)
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