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Overview

* Integrated graph neural network to predict SARS-Cov-2 protein structures
* Builds upon cutting-edge research to practical solutions

* Utilizes research techniques, programming, and agile project management




Relevance

INDIA DISPATCH

(COVID-19)

Coronavirus N ‘This Is a Catastrophe.’ In India, Illness Is

Everywhere.

As India suffers the world’s worst coronavirus crisis, our New
Delhi bureau chief describes the fear of living amid a disease
spreading at such scale and speed.

EU pivots to Pfizer with world's biggest Covid-19 vaccine deal as it
sues AstraZeneca

By Angela Dewan, Stephanie Halasz and Chris Liakos, CNN Business

Updated 10:53 AM ET, Wed April 28, 2021

HEALTH AND SCIENCE

Pfizer’s new at-home pill to treat
Covid could be available by end of the
year, CEO hopes
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Problem

* Pressing need to disseminate information to researchers
* Slow process to obtain structure of complete proteins from experiments

* Knowing the protein structures aids to vaccine development
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SARS-Cov-2 proteins with unknown structures

2019-nCoV spike glycoprotein with C3 symmetry imposed

View EMD-21374 in EMDB

Publication Cryo-EM structure of the 2019-nCoV spike in the prefusion conformation.

Authors Wrapp D, Wang N, Corbett KS, Goldsmith JA, Hsieh CL, Abiona O, Graham BS, McLellan |S
Release Date 2020-02-26

Note: No available modeled structure

SARS-CoV-2 ORF3a with Emodin in a MSP1E3D! lipid nanodisc

View EMD-22139 in EMDB

Publication Cryo-EM structure of the SARS-CoV-2 3a ion channel in lipid nanodiscs.
Authors Kern DM, Sorum B, Hoel CM, Sridharan S, Remis |P, Toso DB, Brohawn SG
Release Date 2020-06-17

Note: No available modeled structure

SARS-CoV-2 Nsp15 H235A APO-state dataset i

View EMD-22613 in EMDB

Publication Cryo-EM structures of the SARS-CoV-2 endoribonuclease Nsp15 reveal insight into nuclea
Authors Pillon MC, Frazier MN, Dillard LB, Williams |G, Kocaman S, Krahn M, Perera L, Hayne CK, (
Release Date 2020-12-08

Note: No available moedeled structure




Solution

* Integrated graph neural network to predict atom-level structure of
SARS-Cov-2 protein from Cryo-EM Data

Amino acids

Primary protein structure

sequence of a chain of
Hidden layer Hidden layer animo acids

Regulatory particie
°
°

o—® \. *—®
Input = Rl Output J
4 b\

0\4. RelLU Pleated sheet —=——{ "  Alpha helix —= Secondary protein structure
$ ° ‘ hydrogen bonding of the peptide
& ° \ . \ backbone causes the amino
§ ° acids to fold into a repeating
pattern
° \
L ]
L 1 L]
°
o
: o \
by [/ " By By Tertiary protein structure
sunsrats o2 WS B o r_rm.% X ‘ﬂth,‘% three-dimensional folding
i o) (Gl B o pattern of a protein due to side
S f ;‘{@Qf”ﬂ&%&” chain interactions
X bstrate Eai ; Eg Eci2 Epiz

Quaternary protein structure
protein consisting of more
than one amino acid chain




Deep Tracer for atom identification

Tracer Jobs Datasets Coronavirusuut About Us
o Deep

Protein Complex Structure Prediction
from Cryo-EM Density Maps

Pre-Process
Density Map

!

Neural Network
Prediction

!

Multi-Chain
Backbone Tracing

4

Map Amino Acid
Sequences

4

Predict C, N, and O
Atoms
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https://deeptracer.uw.edu/home B TTT—— T

VSDLIQQFNQMIITMNGNEFQTGGPI. .. Atoms

=> Deep Tracer 1s a web application that
determines the structure of a protein
complex and allows the user to
recognize carbon-o atoms from
cryo-EM density map.




Deep Tracer for atom identification

- Resample Data Grid
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2020, : Starting new prediction step

2020, 2 Tracing 589 amino acids in 1 chain(s)

2020, 2 Tracing chain with 589 amino acids

2020, : Finished computing confidence matrix

2020, : Connected 589 amino acids to 39 chains

© Download [ Evaluat



Current Limitation for Deep Tracer

Blue: True structure
Red: Predicted structure by Deep Tracer

Good: Accurate prediction on Ca locations
Limit: local connections between Ca atoms are not always good

This points connection is incorrectly placed




Backbone tracing in Protein structure prediction

Cryo-EM Map

Atom identification by | _g,.
deep learning

=20

-10

Protein backbone Backbone tracing
algorithm

Ca atoms

Backbone




Similar problems in Computer Science

P a Not logge
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wikeepiA | Lravelling salesman problem
e SreeBrcychpedia From Wikipedia, the free encyclopedia
Main page The travelling salesman problem (also called the traveling salesperson problem!" or TSP) asks the following question: "Given a list of
Contents cities and the distances between each pair of cities, what is the shortest possible route that visits each city exactly once and returns to the
Cument events origin city?" It is an NP-hard problem in combinatorial optimization, important in theoretical computer science and operations research.

Randnm article

Ca atoms Cities \

Difference:
e Among cities, the distance between adjacent points
may differ

e Among Ca atoms, the distance between adjacent
residues is around 3.8




Introducing Traveling Salesman in a Graph Neural Network

Our goal/contribution:

* Algorithm for the connections between atoms
* Practicing traditional traveling salesman algorithm

* Generalize from 2D to 3D training

* Improve computational efficiency, and reduce running time

* Utilize deep learning to form connections

Graph
—> ConvNet ——>
Model

Nazari, Mohammadreza, et al. "Deep
Reinforcement Learning for Solving the
Vehicle Routing Problem." arXiv preprint
arXiv:1802.04240 (2018).

Input 2D graph Edge prediction heat-map



Data Formatting

Training sample

SN

ResId AA

O O < O E=

X
46.980000
46.825001
44.955002
47.201000

45.662998

y
39.907001

39.145000
36.115002
33.519001

31.371000

z
20.481001
16.837000
15.677000
14.235000

11.612000

N

- 4

< O

~/
True routes CA coordinates

Training set

Model pool | ,&f\:,) o LiSt Of 3D datﬂ pOiﬁtS
* Connections between point sets
* Implement changes into our previous network

22 - * Separate train, validation, and test data




How we use deep learning for TSP?

a 0

Create a training set
of data from known
protein structures

(332 proteins)
\ /

G‘ rain: Treat each protein \
structure as a graph, where
vertex is the Ca atom, edge is
the backbone routes
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distance in the

routes)

~

/

- The network acts a decoder network. Since the dataset is not in an
initial order, it directly embeds each batch.
- The saved optimized model from this point onward can be used on test
data without routes.



Graph neural network for link prediction
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Results from GNN

* 92% training accuracy

* Modest but noticeable improvement from last model

* 81% testing accuracy
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14
57
12
47
59
39

PDB_id Length

T0845_filtered.pdb
T0821_filtered.pdb
T0629_filtered.pdb
T0494_filtered.pdb
T0848_filtered.pdb
T0835_filtered.pdb

426
255
216
347
321

404

Predicted_Length
572.503174
326.697784
114.406349
686.485901
611.973633

882.363525

True_ Length
1690.935791
1046.697754
832.452148
1379.212646
1292.772949

1540.365479

Error
-1118.432617
-719.999969
-718.045799
-692.726746
-680.799316

-658.001953



Problem: Results on test set

Single particle reconstruction

EMDB > EM D"1 1207 2.9A resolution

Furin Cleaved Spike Protein of SARS-CoV-2 in Closed ;‘1"" Tmawes: 2020:07:
Contormation Last modified: 2020-09-
16

Source organism: Severe acute respiratory syndrome coronavirus 2 [2697049]
Fitted atomic model: 6zgi
Related EM entries by publication: EMD-11203, EMD-11204, EMD-11205, EMD-

3Dbionotes: available for this entry

Primary publication:

(1 SARS-CoV-2 and bat RaTG13 spike glycoprotein structures inform on virus evolution
and furin-cleavage effects.

Wrobel AG, Benton DJ, Xu P, Roustan C, Martin SR, Rosenthal PB, Skehel J]J, Gamblin SJ

Nat. Struct.Mol.Biol. 27 763-767 (2020)

PMID: 32647346




Problem: Results on Predicted Length from GNN

* 912 true length vs 1112 predicted length on single protein for example
* Next step, improve mode to match predictions on learned proteins

* This would require obtaining more training data to create a better estimated
model

e [t was faster
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Use SOM to solve TSP

® Given 2 dimensional input (coordinates)

® (reate a network with an adequate amount of neurons

® C(Choose a random city and calculate the winning neuron
(minimum euclidean distance)

o f(o,d) = "% (Neighborhood function)

¢ W= \Woldi +o - flo,d) + (x, - weld)

I

® Decay the learning rate

® Finally, calculate the distance of the route we just found

Neuron ring

Winning neuron

0.762 0.746
- Scaled coordinates

1 0.928

SOLVING TRAVELLING SALESMAN PROBLEM BY USE OF KOHONE
SELF-ORGANIZING MAP

http://acta.fih.upt.ro/pdf/2012-4/ ACTA-2012-4-01.pdf



L s s vy v
Coordinate of WDS Coordinate of WDS

WDS | latitude | longitude | WDS | latitude | longitude
A | 53214 | 19.155 K ] 52349 | 18.924
B | 53560 | 19.221 L | 49763 | 19.076
C | 53280 | 19167 | M | 52758 | 18.790
D | 531m | 19220 | N | 52988 | 18.920
E ]| 54200 | 19.210 0 | 53719 | 19.194
F | 54390 | 19.185 P | 53684 | 19.031
G | 53848 | 19079 | Q | 54.058 | 19.269
H | 53721 | 19.170 R ] 54076 | 19.399
| ] 53603 | 19.027 | S | 54390 | 19.399
J 153494 | 18.969 | T | 49763 | 18.790

. :.' - He. o °

¢) Final stage
Figure 4. Evolution of Kohonen’s SOM for TSP
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Demo of SOM in 2D data




How can we apply the existing algorithm to 3D protein
structure?

Input: Atom coordinates in protein structure

X y @z
277.552 4.354 23.629
24.179 4.807 21.907
21.218 2.742 20.697
20.409 2.806 16.978
17.867 5477 16.127

A~ N - O

346 16.970 3.518 33.655
347 14.622 1.905 36.176
348 14.865-1.931 36.779
349 12.787 -5.145 36.901
350 13.090 -7.723 39.782




Cryo-EM Map

D

Demo of SOM in 3D data

Predicted
structure
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Evaluation from Deliverable 2

* Given 351 alpha carbon coordinates

* True backbone length in protein structure: 1332.0114119494347
* Our result: 1547.749479666934




Subtour elimination in Deliverable 3

MIN C;; x;; (9)
sS.t

b S T i=1...N (10)
S xi; =1 j=1..N (1)
xii =0 i=1..N (12)
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Subtour elimination

Problem Visualization : solution Vl_SUa'lZaUOn solution Visualization
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Subtour elimination’s plot

immination

plot

S

SOM vs Subtour el



SOM vs Subtour elimination

Protein true length: 1332.0114119494347

Technique Result Accuracy Elapsed time
SOM 1547.749479666934 ~ 86% ~ 6 minutes
Subtour elimination 1356.8292035917223 ~ 98% ~ 1 hour and a half




SOM vs Subtour elimination (predicted

lengths)
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1513.010468
690.6663401

som2



Subtour elimination results vs Som's results

True lengths
— Som's predicted lengths
1484.45 1 —— Subtour-elimination's predicted lengths

1344.76 -
1205.06 -
1065.37 -
§, 925.678 -
§ 785.985 -
646.292 -
506.599 -
366.906 -

227.213 -
87.52 A

50 100 150 200 250 300 350 400
Number of coodinates




SOM vs Subtour elimination (run time)
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Subtour-elimination's runtime vs Som's runtime
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— Som's runtime
—— Subtour-elimination's runtime
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Subtour elimination

Coordinates

X ¥ z
27.552 4.354 23.629
24.179 4.807 21.907
21.218 2.742 20.697
20.409 2.806 16.978
17.867 5.477 16.127

B~ Lo — O

346 16.970 3.518 33.655
347 14.622 1.905 36.176
348 14.865-1.931 36.779
349 12.787 -5.145 36.901
350 13.090 -7.723 39.782

Distance matrix

0 1 2 .. 348
0 0.000000 3.814135 7.163430 ...
1 3.814135 0.000000 3.807341 ...
2 7.163430 3.807341 0.000000 ...
3 9.882032 6.520118 3.806513 ...
4

12.302047 8.584791 6.292402 ...

349 350

19.323139 22.008685 24.817792
18.797011 21.298826 24.484331
17.911679 19.896134 23.233980
21.101059 22.764868 26.161996
22.144877 23.878701 27.506704

.. 6.624349 10.152910 13.377392
347 18.182676 17.417296 16.846579 ...
348 19.323139 18.797011 17.911679 ...
349 22.008685 21.298826 19.896134 ...
350 24.817792 24.484331 23.233980 ...

3.890701 7.320885 10.394645
0.000000 3.829199 6.761353
3.829199 0.000000 3.877893
6.761353 3.877893 0.000000



Evaluation

* Given 351 alpha carbon coordinates
* 'True backbone length in protein structure: 1332.0114119494347
e QOur result; 1356.8292035917223




Next steps-Deliverable 4

* Incorporate SOM technique’s speed and subtour elimination technique’s accuracy
* Improve deep learning training using larger datasets

* Ewvaluate all algorithms on real coronavirus protein datasets

* Create an independent package for Deep Tracer to use

* Implement web-based front end for users to input data




Traveling salesman problem

* Tind the shortest route possible that
traverses all cities in a given map only once

* NP-complete

* O(nl)

* Consider methods to find sub-optimal

results




Existing algorithm

* Self Organizing Map as heuristic
* Uruguay, containing 734 cities with an optimal tour of 79114.

e 17351 iterations, 23.4s, length: 85072.35, only 7.5% longer than the optimal tour

Iterations = 100 Iterations = 6000 Iterations = 17000




Cryo-EM

* Cryogenic Electron Microscopy
* Flash freezes proteins for highly accuracy structures

* Data is stored as a density map ot the entire protein

=

F'—eeze ? CO"GC! data ;"A / ‘. :

— - —_——

V

Sample Grid Electron microscope 2D projections

//;dmmuw

: alo[ala
e > none
olo/mle
omale
3D model 3D map Particle alignment

and averaging







SOM vs Subtour elimination

SOM’s predicted structure Subtour elimination’s predicted structure




Graph Neural Networks for protein structure prediction

* GNN’s abstract tasks into vertices (amino acids) and edges (Ca connections)
* Widely-applied, especially useful for capturing the structural properties of a graph
* Our goal is to create a connected graph of carbon-a in protein backbone structure

The Alpha Carbon is the key

identifier for relational

Functional
. . ‘ Carbon Side chain
structures of amino acids /
@ Hydrogen
‘ Oxygen i
\
’ Nitrogen \\
/ \\
/ \
[ \
| \
\\ \|
|
|
. \\\ ] / .
Amino™\ ©F . a-Carbon 3 Q / Carboxylic
group S /' group

http://biocomp.chem.uw.edu.pl/tools/surpass



Our Objective

—> We hope to build off of this technology in our solution

=2 Goal: Improve Accuracy of their model and build tertiary protein structures.

X  Efficient backbone tracing (Connecting the backbone Ca atoms using GNN)
* Amino acids assignment (Mapping the amino acids from the protein sequences onto the backbone traces)

X Structure refinement (Reconstruct the missing regions, improve the model's stereochemical quality)




Solution

* Integrated graph neural network to predict Sars-Cov-2 protein structures
from Cryo-EM Data

Amino acids

Primary protein structure

sequence of a chain of
Hidden layer Hidden layer animo acids
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3D Visualization of Structures

* Our algorithm generates routes given a new set of points:
* Our algorithm is only 12% off
the true backbone structure when

gtven ample training (>20 epochs)

https://arxiv.org/abs/1802.04240




Next Steps

* Accumulate training and testing data for project development
* Design and implement backbone graph neural network to achieve our goals
* Solicit feedback to finetune and improve the method

e Create a web interface to interact with the method as a client




Accountability

* Weekly Team Meetings
* Weekly Reports

* Agile management and changing of stories and requirements (if
necessary)
* We recognize this 1s a research-based project, exempt from some standard Agile
practices

* Knowledge shares and literature reviews to further our understanding




