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Viruses & Viral Escape

Viruses are biological agents that consist of
genetic material and a protective protein shell[?3]

Bacteriophage Helical Polyhedral Spherical

Adapted from [4,5]




Viruses & Viral Escape

They are characterized by their hijacking and exploitation
of host cells for reproduction and protein synthesis!®’]
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Viruses & Viral Escape

The “success” of a virus is tied to its capacity to
evade detection by host immune systems!® 10

Cleavage of HA ! o
by host proteases | CX\ d)
\ Immune response
to released virus
progeny (HA and NA)

Release of incoming

-, virus through NA | &Pl internal viral

@NP | proteins shielded

activity
mm1 | fromimmune system
e Viral egress V’ """""""""""""""
= Immune response ®) .
to HA and NA Y
Sialylated Immune response to
host cell R — HA, NA and M2 proteins 3 &
receptor Attachment J M2 NA HA “3 EO
000 TTTRReR ¥ k -
N ©
\ >
\, | Immune
\ | response to NP |

Potential
patches of NP
at cell surface

\ Post-translational
| | processing

Immune response

I NP | : 3
Protein @il | to all viral proteins
| translation proteins
NS1, NEP
+ and
mRNA accessory

o proteins

Release of
viral genome T o ‘.

S0
= S\ NN e
lT cRNA (+) |

Fusion and ; L
uncoating 7 Dead cell or
v v cell debris

B [

From [11]

6



Viruses & Viral Escape

Viruses have thus evolved intricate strategies for this purposel®

DNA-based Viruses

Camouflage
Wrap payload in host membrane

Sabotage
Interfere with host immune system

RNA-based Viruses

Speed
rwhelm host immune system through rapid replicat

Transformation/Shape Change
Accumulate mutations that prevent detection
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Viruses & Viral Escape

The capacity of a virus to elude immune defenses has thwarted the
development of effective vaccines and treatments for viral infections

Train immune _ ,
system to Vn_'us X
recognize “A” proliferates

Genetic Mutations




Viruses & Viral Escape

Against this backdrop, understanding which mutations are
likely to promote viral escape is critically important




Experimental Escape Modeling

The standard approach to viral escape modeling involves enumerating
single-residue mutations and measuring virus survival in vitrol1?13]

Examine survival
rates

Enumerate single-
residue mutations

xpose to antibodi
in human serum

ynthesize viruse
with mutations

Mutants that survive are likely to exhibit viral escape in vivo

This setup produces informative results,
but it is arduous and does not scale well




Computational Escape Modeling

Accordingly, computational methods have been developed
to model viral escape through protein evolution in silico

Fitness Functional/Semantic Similarity

Determine natural likelihood
of amino acid sequences
OR
Likelihood = Biological Fitness

Might it be helpful to consider both
fitness and functional/semantic similarity?

Generate vector
representations of proteins

asure similarity between mu
nd wild-type representatio
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Analogy to Language Modeling

To motivate their to approach this task, Hie et al. draw an analogy
between natural language modeling and viral escape modeling

Natural Language Modeling

Sentences are sequences of words

Sentence alterations may significantly
change the meaning of a sentence

But these alterations must be
mmatical to preserve linguistic vali

Viral Escape Modeling

eins are sequences of amino a

Viral mutations must significantly
change a virus to promote escape

But these mutations must obey
logical rules to preserve fitne

If this analogy holds, then language models
may be effective at modeling viral escape!
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Overview of Approach

The central hypothesis of this project is as follows:

The viral mutations likely to cause viral escape are those that:
@ “Preserve viral infectivity”

@ “Cause a virus to look different to the immune system”

This is analogous to sentence alterations that:
@ “Preserve a sentence’s grammaticality”
@ “Change [a sentence’s] meaning”

The viral analogs of grammaticality and semantic meaning can
be estimated with a language model trained on viral sequence data
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Overview of Approach

To test this hypothesis, Hie et al. adopt the following approach:
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Viral Protein Language Model

To understand the viral protein language model,
let’s first formulate the problem it solves here

Given the amino acid sequence of a viral protein x = [x4, ..., x,,]:

1. Find a semantic embedding z = f;(x), where f (x) maps
“semantically similar” proteins to similar K-dimensional coordinates

2. Determine the “grammaticality” of x

“Semantic Meaning” of Asp-His-...-Ser

Viral Protein

Asp-His-...-S
SP-HIS e Language Model

“Grammaticality”/Fitness of Asp-His-...-Ser




Viral Protein Language Model

Stripping away the abstraction, a bidirectional
LSTM is employed to achieve these functionalities

Viral protein language model
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Objective: Masked Amino Acid Prediction
Predict each masked amino acid based
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Semantic Embedding
z; = [LSTM;(gf (x4, s Xi1) T,  LSTM, (g7 (Xigq, oo, X)) ]

Grammaticality: Likelihood
P(x;|z;)

Probability distribution over all possible amino
acids for position i given prior and future context

Correlated with grammaticality in natural language
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Viral Escape Prediction

How the semantic embedding and grammaticality of the viral protein
sequence are utilized for escape prediction requires elaboration
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Suppose a mutation x; occurs at position i,
resulting in the amino acid sequence x[x;] = [..., X}, ... ]

1. Semantic Change
i. Compute z = f,(x) and Z = f (x[X;])
ii. Compute Az[x;] = ||z — Z||

2. Grammaticality
i. Compute P(Xilx[N]\{i})

3. Constrained Semantic Change Search
i. Compute a(%;x) = Az[%;] + B P(x;|X[n)\(i3)s
where B € [0, o]
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Viral Escape Prediction

Constrained Semantic Change Search Example: Natural Language

Original: australian dead in bali Original: winegrowers revel in good season
CSCS: australian ballet in bali CSCS: winegrowers revel in flu season

Original: nauru bans transhipments to tackle overfishing
CSCS: nauru bans continue to tackle overfishing

Figure 2: Example CSCS-proposed mutations to news headlines show large changes to the headline
meaning or to the syntactic part-of-speech structure.




Experiments & Implementation

This pipeline is validated through experiments on three
viral surface proteins that are pathologically important

Influenza A HIV-1 Envelope SARS CoV-2 Spike
hemagglutinin Glycoprotein Glycoprotein
(HA) (Env)
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Experiments & Implementation

For each viral protein, the following steps are performed:

S LM ou.t puf redict viral escap
tness/grammaticali

alidate embedding
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Train LM on
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Experiments & Implementation

A separate bidirectional LSTM is trained on real-world amino acid
sequences corresponding to each viral protein of interest

Train bidirectional LSTM for next amino acid prediction task on:

HA: 44,851 unique amino acid sequences
Train LM on

viral sequences Env: 57,730 unique amino acid sequences

Spike: 4,172 unique amino acid sequences
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Semantic Embedding Clustering

To ensure that viral protein language model captures
semantic information, clustering analysis is performed

pm—

1. Construct KNN graph for sequence embeddings

2. Perform unsupervised clustering with Louvain community detection
i. Evaluate cluster purity w.r.t sequence metadata labels

alidate embeddings

) H o =
(semantics) O 80% Avian, ..., 6% Feline

10% Subtype A, ..., 10% Subtype J

‘ 10% Avian, ..., 10% Feline
90% Subtype A, ..., 10% Subtype J

Helps identify semantic information
Er encoded in clustered representations
om [17]
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Semantic Embedding Clustering

The semantic embeddings of viral protein sequences
encode subtype and host species information

Influenza HA subtype
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Semantic Embedding Clustering

The semantic embeddings of viral protein sequences
encode subtype and host species information
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Experiments & Implementation

To assess viral fitness/grammaticality, the correlation is determined
between the computed grammaticality and experimental metrics

1. Acquire datasets measuring:
i. Replication fitness of single-residue mutations for HA and Env
ii. Binding affinity between Spike mutants and human ACE2

Validate LM output
ithess/grammaticalit

—

2. Compute Spearman correlation between computed grammaticality of
mutant sequences and experimental measures
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Semantics & Grammaticality

Grammaticality and fithess are positively correlated;
semantic change and fithess are negatively correlated
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Experiments & Implementation

To assess viral fitness/grammaticality, the correlation is determined
between the computed grammaticality and experimental metrics

1. Acquire experimental escape modeling datasets that indicate which
mutations promote viral escape

Predict viral escape | — 2. Perform CSCS to rank all possible mutations

3. Plot the top n CSCS mutants on x-axis and the number of these n
mutants that were causal escape mutants; measure AUC

i. What fraction of the top n CSCS mutants are causal escape mutants?




Escape Prediction Performance

CSCS outperforms other methods for viral escape prediction
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Escape Prediction Performance

Indeed, mutant sequences with high semantic change and
high grammaticality are likely to promote viral escape
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Structural Localization of Escape

Visualizing the escape potential across the viral protein structures
reveals interesting patterns consistent with experimental findings

A Influenza H1

Head Ji%
Escape enrichment, paEsugis
P<1x10° G

Stalk
Escape depletion, S
P<1x105_y‘

Predicted
escape potential

-+

32



Outline

1. Background 2. Methodology
1. Viruses & Viral Escape 1. Overview of Approach
2. Experimental Escape Modeling 2. Viral Protein Language Model
3. Computational Escape Modeling 3. Viral Escape Prediction
4. Ana|ogy to Language Mode"ng 4, Experiments & Implementation
3. Results 4. Discussion
1. Semantic Embedding Clustering 1. Key Findings & Takeaways
2. Semantics & Grammaticality 2. Strengths & Limitations
3. Escape Prediction Performance 3. Future Directions
4. Structural Localization of Escape 4. Concluding Remarks




® OO

Key Findings & Takeaways

There exists a strong, exploitable analogy between
natural language and viral amino acid sequences

Mutations that significantly change viral “semantics” but
preserve viral “grammaticality” cause viral escape

Estimates of viral “semantics” and “grammaticality” can be
combined in a simple formula to assess escape likelihood




Strengths & Limitations

The strengths and limitations reflect the standard tensions between
computational and experimental methods in biomedicine

Strengths Limitations

Correlational and suggestive
ather than causal and definitive

Highly scalable

Self-supervised

ly considers substitutions; does n

Strong conceptual contribution, with ively consider insertions or deleti

each component empirically validated
Requires experimentally-derived

dily handles combinatorial mutati ino acid sequences for traini




Future Directions

@ Apply pipeline & CSCS to other instances of natural selection

@ Validate in the context of vaccine design

@ Incorporate information about post-translational changes

@ Explore alternative sequence modeling architectures




Concluding Remarks

Relating open problems in one domain to solved problems in another
is a viable strategy for making scientific discoveries & progress

Language models learn surprisingly rich representations that can be
harnessed in creative ways to solve hard downstream problems

Selecting the right variables greatly simplifies the task of modeling
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