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How do killer T cells know what to attack?

T cell
receptor
(TCR)
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Cc-by Reboul et al. Plos CB 2012



Defending against the unknown
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1. Generate cells with diverse 2. Amplify clones with useful
receptors through genetic receptor specificity dynamically

recombination



Diverse pathogens finding their match

* pPMHC diversity
# peptides — 2() #amino acids

k=9 - 10*? up to k=25- 1032
>10% HLA alleles

* TCR diversity

# Insertion prof”es = /] # insertions
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- Alpha : 25 VJins ~ 10% pathogens




Tracking Immune responses by TCRseq

Large diversity of receptors
- built-in “barcodes” for clones

Week 2: PCR+ for SARS-CoV-2
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Bottleneck: Decoding receptor specificity?

Match dynamic clones to TCRs of known specificity:
sort specific T cells for different epitopes
sequence their TCRs

But:
» ¥ % ¥ > 10%° pMHC

Individuals respond with
distinct TCRs to same epitope

3 L3 X 3% s >10% TCR




Degeneracy of the TCR sequence code

V5*01 CAEDDNARLMF 31701 V20-1")] CSARDRVGNGHTF J1-2701
V36101 CAFMIGAGGTSYGKLTF J52*01 V1902 CASSIGSYGYTF J1-2%01 > BMLE 1,50 HLA-A2
V5*01 CAEDNNPRLMF J31*01 V2(-[)] CSARDSTGNGYTF J1-2°01

J

Different TCRs bind the same pMHC target



Degeneracy of the genetic sequence code

GCT B

GCC :
GOA > Alanine
GCG

Different codons translate to the same amino acid



Learning the rules of the TCR binding code

Given sequence of two TCRs
Prob(TCR: and TCR; bind same ligand)?

Measuring correlation functions of selection factors on sequence space
Mayer, Callan PNAS 2023

Learning the right sequence space direction
Pyo, Henderson, Wingreen, Mayer, in preparation



PMHC-specific TCRs are enriched for
similar sequences

5% g — Distribution of off-diagonal entries:
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Detecting selection In sequence repertoires

Plo) (o) P(o)
Blood sample .
Q(o) Sorted for specificity
CASSWNGPTYEQYF
CSAPLGGGEQFF
CADPFRDRGSNQPQHF | - gASSASF},%Fg’gS'\\'(%TfF
CASSPGQGSYEQYF Selection CSARDGTGNGYTF
CAISGQGTGEKYQPQHF CSARDGTGNGYTE
CSARDGTGNGYTF -

CASSTIEGQGGRHTQYF

How can we tell that the specific sequences are selected?

as opposed to just being a random subsample
Mayer, Callan PNAS 2023



Why this statistics?

Population genetics approach to Here: selection on standing variation

detecting selection? _. coincidence counting
dN/dS — compare rates of non-synonymous ~ _
and synonymous changes pc = Prob(AA(NT) = AA(NT?))
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Mayer, Callan PNAS 2023



Why this statistics?

Population genetics approach to Here: selection on standing variation

detecting selection? _. coincidence counting
dN/dS — compare rates of non-synonymous ~ _
and synonymous changes pc = Prob(AA(NT.) = AA(NT?))
- NT Sequence pPc = Q‘E‘
— ldentical AA Sequence ¢ ‘V|(|V‘ — 1)
-.:. .y VH V. — o VH v
¢ -}QQ : > v
Vo v. Select random v oV
.__,V_H ._,V: = clonotypes —e
pc = 0.02 pc = 0.04
Mayer, Callan PNAS 2023



Theory of near coincidence counting

pc|CP|(A)

Near-coincidence ratios =

Do [P] (A) — (Q(U)Q(U;Zzgiz;A zgévuzﬂgection co-varies with
Selection for Pc [QP](A) __ DPc [QP](O)
specific binding: pc|[P](A) B pc[P](0)

Measuring autocorrelation function of selection factor on seguence space



Common signature across modalities
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— roughly exponential falloff by
factors of 10 for each substitution

Mayer, Callan PNAS 2023



Signature Is explained by simple
biophysical binding models

Modeling binding energies?
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Functional diversity of the Immune
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Predicting shared specificity?
CASSWNGPTYEQYF - HLA-A2-BMLF1,g) ==~ CASSANGPTYEQYF -HLA-A2-BMLF12g0 ?

So far:
d(TCR;, TCR;) - <P(TCR: binds X | TCR; binds X)

In what ways are pMHC-specific TCRs similar?

<P(TCR: binds X | TCR; binds X)> - d(TCRy, TCRy)

Pyo, Henderson, Wingreen, Mayer, in preparation



Decomposing selection into parts

8 T B
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Mayer, Callan PNAS 2023



Substitutions less disruptive than indels
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Pyo, Henderson, Wingreen, Mayer, in preparation



Generalized as metric learning problem

de(Y ’)‘ ) <de(Y ’ &)

Determine optimal 6 by gradient descent from training data

—> From sequences to biophysical features that represent specificity

Pyo, Henderson, Wingreen, Mayer, in preparation
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Learned biophysical rules predict binding

specificity
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Promise of Al for TCR — pMHC binding
prediction for iImmunology

* Unbiased profiling of T cell
responses at epitope level &

* reverse epitope discovery
Sample T cells /'
L % * Multiplexed biomarkers in
— Infectious disease, autoimmunity,
~ cancer
Sequence TCRs ™~

* Rational TCR engineering

Made with Biorender

* Predict crossreactivity



Our focus: Metric learning as a feasible
stepping stone

* Unbiased profiling of T cell
responses at epitope level

W

Sample T cells Ve
L % * Multiplexed biomarkers in
- Infectious disease, autoimmunity,
S cancer
Sequence TCRs

* Rational TCR optimization

Made with Biorender
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Come visit!

ARLHWAY

Hampstead
Heath

' -
g
%
[

< ACTRDGRS Y
g R |
ZSLLondngoo@ i“‘ 6@

The Regent's
Park

] W

I.\::“'--\I o

pal

jurni

The British Museum

SOHO

YW @andimscience Interested in joining the group? Reach out! WWW.dimmuno.com



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27

