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Vaccination

» Eradication or near-eradication of diseases such as smallpox and polio

»  Still no effective vaccine against many pathogens

» Main focus of today’s talk: Hepatitis C virus (HCV), SARS-CoV-2, and a bit about HIV

..and ...

How data analytics, modelling, and statistical inference can help?



PART 1:

Identifying escape-
resistant antibodies
for guiding HCV
vaccine design



Hepatitis C virus

million
HCV-infected
worldwide
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» Global public health problem

» Around 20-30% of infections are asymptomatic and resolve within 6 months

» Aleading cause of liver transplants and liver cancer

Millions with HCV

» Key challenges in HCV vaccine development:
High replication rate (~10'2 copies per day) (89
High mutation rate (~10-# mutations/nucleotide/replication cycle) Q

®

» Effective new drugs available, but problem still not fully solved

» Widespread vaccination would play a key role in eradicating HCV




Immune system evasion by HCV

Key Point: Mutations generally do not act independently
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High mutation rate of HCV results in immune

escape if the mutant virus has a high fithess

Additional complication

Compensation of deleterious effect of individual mutations



Problem statement

» E2-specific broadly neutralizing human monoclonal antibodies
(HmADbs) have been identified for HCV

Spontaneous clearance associated with their early appearance v

Escape mutations have been observed experimentally X

Key open question:
How “broadly-neutralizing” are the identified HmAbs?

_ o 7 Subtype 1b ‘[ﬂ Subtype 3
Which ones are the most difficult to escape? }aa Y
Proposed strategy: \./ Broadly- neutralizing HmAb

Use sequence data of E2, statistical modeling and inference to try to
identify escape-resistant HmADbs that can aid HCV vaccine development

Quadeer, Ahmed A. et al. “Identifying immunologically-vulnerable regions of the HCV E2 glycoprotein and broadly neutralizing antibodies that target them”, Nature Communications 10 (2019)



Within-host viral evolution model
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Mean residue entropy

E2 fitness landscape inference — Unsupervised ML approach
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Available E2 data

ASEEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
..ASDEGSFTNPARC...
.ASDEGSFTN{§ARC...

3,363 sequences of

363 residues long E2 protein extracted
from 1,298 HCV-infected individuals

(subtype 1a)

4 N~

Statistical model:

Challenge:
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E2 fitness landscape validation
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Within-host viral evolution model
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Repeat until “escape”: f; > 0.5
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Validation against experimental/clinical data
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Mapping the predicted escape times on HCV E2 structure

Mean escape time

o N 600

Protein data bank, https://www.rcsb.org/ (PDB ID: 4MWF)
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Escape resistance of HmADbs
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HIV gp160 (envelope) fitness landscape
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Louie, Raymond H. Y., et al. “Fitness landscape of the human immunodeficiency virus envelope protein that is targeted by antibodies ”, Proceedings of the National Academy of Sciences of the USA (PNAS), 115 (2018).



Part 1: Summary
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PART 2:
Finding vaccine
targets for COVID-19



SARS-CoV-2 and vaccine design

» Comparison of recent coronavirus infections in humans
SARS-CoV (2003 — 2004)'
Infections: 8,098; Deaths: 774; Case-fatality rate: 15%

MERS-CoV (2012 — )2
Infections: 2,494; Deaths: 858; Case-fatality rate: 34.4%

SARS-CoV-2 (2019 —)3
Infections* : >7,000,000; Deaths : >400,000; Case-fatality rate®: 1.4%

» Clear need for an effective vaccine
» Our goal: help guide vaccine design by presenting early vaccine target recommendations
» Seek to identify which parts of the virus may elicit a protective immune response?

» Challenged by a lack of knowledge of SARS-CoV-2

https://www.who.int/csr/sars/archive/2003 05 07a/en/
https://www.who.int/emergencies/mers-cov/en/
https://www.who.int/docs/default-source/coronaviruse/articles/coronavirus-(covid-19)-selected-bibliographic-references-18-02-2020-v1.pdf ?sfvrsn=c8b8baa5 0

ap N~

Image credit: NIH US

19


https://www.who.int/csr/sars/archive/2003_05_07a/en/
https://www.who.int/emergencies/mers-cov/en/
https://www.who.int/docs/default-source/coronaviruse/articles/coronavirus-(covid-19)-selected-bibliographic-references-18-02-2020-v1.pdf%3Fsfvrsn=c8b8baa5_0
https://www.arcgis.com/apps/opsdashboard/index.html
https://www.med.hku.hk/en/covid-19/articles/fatality-rate-of-covid-19

Providing SARS-CoV-2 vaccine target recommendations

SARS-CoV-2 sequences

COVID-19-infected patients (GISAID)
...ATTAAAGGTTTATA...
ARS-CoV-2 - -
......... SARS-Co TTAMCCTCIATA Number of SARS-CoV-2 sequences [GISAID] —

18,000 |:
...ATTACAGGTTTATG... 16,000
14,000
12,000
10,000
SARS-CoV epitopes 8,000
SARS infected patients (VIPR) 6000
GRLQSLQT 4000
SARS-CoV Experiments LLPAAD 2,000
Virus " 0

O AYANSVF EEEEEEE@?E;EEEHE???
%ﬁ & SR A S
Protein fragments of virus
targeted by immune cells
Percentage sequence identity with SARS-CoV-2
S protein N protein M protein E protein
SARS-CoV 76.0% 90.6% 90.1% 94.7%
MERS-CoV 29.4% 45.9% 39.2% 34.1%
20

Ahmed, Syed F. et al. “Preliminary identification of potential vaccine targets for the COVID-19 coronavirus (SARS-CoV-2) based on SARS-CoV immunological studies.” Viruses 12 (2020).



Providing SARS-CoV-2 vaccine target recommendations

SARS-CoV-2 sequences
(GISAID) ldea

;;;ﬁﬁmggﬂﬁlﬁ: Exploit immunological data for SARS-CoV

COVID-19-infected patients

SARS-CoV-2
& ;)\ ......... & Virus
Hg) [ By
SARS-CoV epitopes

SARS infected patients (VIPR)

to provide
vaccine target recommendations for SARS-CoV-2

...ATTACAGGTTTATG....

Approach
GRLQSLQT Search for SARS-CoV epitopes

SARS-CoV Experiments
;}\ ......... ;A Virus j v ¢ " with a close genetic match
By % ) AYANSVF in SARS-CoV-2 sequences

Protein fragments of virus

targeted by immune cells @ Output

Potentially immunogenic epitopes

21

Ahmed, Syed F. et al. “Preliminary identification of potential vaccine targets for the COVID-19 coronavirus (SARS-CoV-2) based on SARS-CoV immunological studies.” Viruses 12 (2020).



Results summary

B cell epitopes with an
identical genetic match in SARS-CoV-2

Percentage with identical genetic

SARS-CoV epitopes match in SARS-CoV-2
T cell epitopes 24%
B cell epitopes 16%
overall 20%

Identified set of T cell epitopes may provide broad population

coverage globally (96%) as well as in China (88%)

SARS-CoV spike protein
(PDB ID: 5XLR)

22

Ahmed, Syed F. et al. “Preliminary identification of potential vaccine targets for the COVID-19 coronavirus (SARS-CoV-2) based on SARS-CoV immunological studies.” Viruses 12 (2020).



Extension: COVIDep htips://covidep.ust.hk

» Increase in number of SARS-CoV-2
sequences

» 120 2> now over 25,000

» COVIDep: A web-based platform for
real-time reporting of vaccine target
recommendations for SARS-CoV-2

» Features:

»  ldentification of SARS-derived B-cell
and T-cell epitopes that provide
vaccine target recommendations for
SARS-CoV-2;

»  For T cell epitopes, it reports
estimated population coverage using
HLA/MHC statistical information;

»  Up-to-date reporting based on latest
sequence data available
(from GISAID).

COVIDep

Minimum conservation of
epitopes within SARS-CoV-2
sequences

095
X Identified B cell epitopes <
X Identified T cell epitopes <
‘&% Population coverage analysis

EB Observed mutations in
SARS-CoV-2 proteins

© How to use COVIDep
i About

1 Acknowledgements

Real-time reporting of vaccine target recommendations for the COVID-19 coronavirus (SARS-CoV-2)

4 Jun 2020 23409

Date of last update Number of SARS-CoV-2 sequences analyzed

Epitopes identified as potential SARS-CoV-2 vaccine targets

Click on the interactive figure to see distribution details. Proportion of SARS-CoV epitopes with high genetic match in SARS-CoV-2 sequences are indicated in green.

Ahmed, Syed F. et al. “COVIDep: A web-based platform for real-time reporting of vaccine target recommendations for SARS-CoV-2.” to appear in Nature Protocols (2020).
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Details of the identified B cell epitopes in the S protein
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Connections with COVID-19 T cell responses and preclinical
vaccine trials
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Using maximum entropy model to explore why the polio vaccine is so effective
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MPF-BML.: A standalone GUI-based package for maximum entropy model inference

» Standalone—no requirement of any pre-installed application;

»  Cross-platform—works for Windows, Linux, and mac OS;

» GUI-based—no knowledge of any programming language required;

»  Minimum input requirement—only sample data and sample weights (if available) required;

» Publication-quality figures output—all results are saved as vector graphics.
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Robust co-evolutionary analysis (RoCA) of prote
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Quadeer, Ahmed A. et al. “Co-evolution networks of HIV/HCV are modular with direct association to structure and function.” PLoS Computational Biology 14 (2018).
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RMT-based sparse PCA (SPCA)
Pioneer work — Diagonal thresholding [Johnstone 2009]
Augmented SPCA [Paul 2012]
Iterative thresholding SPCA (ITSPCA) Ma 2013]

Summary
+  Based on “orthogonal iteration method”
+  Estimates sparse subspace of the leading
eigenvectors
+  Steps involved:
. Projecting the correlation matrix on a
subspace
. Thresholding the columns of the resultant
matrix using a thresholding parameter
. Repeat until convergence

!

Robust Co-evolutionary Analysis (RoCA)

*  Adapted to work on correlation matrices

*  Adata-driven thresholding parameter
designed using ideas from random matrix
theory
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RocaNet: A standalone GUI-based package for robust co-evolutionary analysis of proteins
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Inferring fitness based on evolutionary histories
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Marginal path likelihood (MPL) estimate

—

» Evolutionary path X = {x(ty), x(t1), ..., x(tx)}
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Simulated data: 50-site system
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Results

Simulated data: 50-site system
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