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Analysis of immune receptor repertoires 
Part 2



Probabilistic VDJ recombination annotation V D J

combinatorics + randomness → diversity 
sequence generation:

~� - receptor DNA sequence
V39V1 V2 D1 D1a J1 J2D2 J5

V D J

insertions deletions

insertions deletions

212 3

TAGGACCTCGGAAACCTCTTCTGCTGGCGCAGAGATACAGGGCTGAGTCTTCTT!
TATCTGCCGATGTCGCGAAGGCCCTCCCGCTAAGATCACTGGTGGCACAGAAGT!
TAGGGAGAGGTGCCTAACTGCTGGCACAGAAGTACAGAGAGGTCTGGTTGGGGT!
TCCGCCGCTAGTCCCTGAAACTACTGGCACAGAGATAGAAAGCTGTCGGGTTCT!
CGAAACTGCTGGCACAGAAGTACACAGATGTTTGGGAGGGAGCAGCCGACTCCA!
TCTTGGCCGCTAGTCCGAGAAACTGCTGGCACAGAAGTACACAGATGTTTGGGA!
TTGTAGGAGCCGGACCGGCCCCCTGTCCCCTTGGCTGCTGGCGCAGAGATACAG!
TCATTTAACGTGCGGCCCGCCTGGCACAGAAGTAAAGAGCTGTCTGGTTGTGGT!
TAGTAACTCCGCTTCACTGCTGGCACAGAAGTACACAGATGTCTGGGAGGGAGC!
TCCCTCCGGTTTGAAGGGTCTGCTGGCACAGAAGTACACAGATGTTTGGGAGGG!
CCGGTGTTCGCACAGCCCTGGGGACCCTGGCGCAAACCCCGCTTCCCTCGAGGA!
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Receptor sharing

• quantify using selection factors
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human beta TCR data from Robins lab 



•  clonotypes can be shared  
    - for functional reasons (common antigen) 
    - by chance (convergent recombination)

•  can we tell the difference using the model?

•  large cohort association studies to find condition-specific TCRs

•  re-analysis without negative cohort

Condition specific TCRs



Condition specific TCRs
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•  clonotypes can be shared  
    - for functional reasons (common antigen) 
    - by chance (convergent recombination)

•  can we tell the difference using the model?

•  large cohort association studies to find condition-specific TCRs

•  re-analysis without negative cohort

Condition specific TCRs

Emerson,…, Robins, Nat. Gen. 2017 Seay ,…, Brusko, JCI Insight 2016
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Condition specific TCRs

P
data

⇡ number of donors with conditionP
donors

number of clonotypes



Vaccine response

•  flu vaccine

•  yellow fever vaccine



Vaccine response
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→ characterize noise model

→ probabilistic inference of response

• experimental noise → calibrate noise model at same time point



number of cells 

number of reads

M cells total

for each clone, (unknown) frequency f

rM reads total

Likelihood

Noise model
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Expansion model

expansion by s

prior: a fraction α of clones expands by typical effect

→ identify expanded clones
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Yellow fever vaccine response

• identify expanding clonotypes above 
background

• twins share more expanded 
clonotypes 

• large CD4 and CD8 expansion but 
different dynamics



Yellow fever vaccine response

• validation with IFN𝛾 secretion assay (CD4 stimulation) 
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Different immune strategies
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Other immune strategies
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Optimal immunity
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D•  match environment statistics

•  ensure long term population growth

→ immunity as adaptation to pathogen statistics 

•  consider different strategies

•  optimize long term population growth



Population growth
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Population growth
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The environment

0.0 0.2 0.4 0.6 0.8 1.0
frequency πenv

0.1

1.0

10 .0
pe

rs
ist
en

ce
tim

e
τ e

nv

adaptive
proto-

adaptive innate

innate
bet hedging

mixed

CRISPR-like

Ø

α

β

Stochastic environment

Maximize long term growth rate

⇤(strategy, environment) = lim

T!1

1

T

X

t=0

log(Zt)

e�⌧env = 1� ↵� �

⇡env = ↵/(↵+ �)

ch
ar

ac
te

ris
tic

 ti
m

e



0.0 0.2 0.4 0.6 0.8 1.0
frequency πenv

0.1

1.0

10 .0
pe

rs
ist
en

ce
tim

e
τ e

nv

Optimal strategies

always there!
q = 0

q > 0

heritability

ch
ar

ac
te

ris
tic

 ti
m

e



0.0 0.2 0.4 0.6 0.8 1.0
frequency πenv

0.1

1.0

10 .0
pe

rs
ist
en

ce
tim

e
τ e

nv

Optimal strategies

adaptability

maximally 
regulated 
response

regulated 
response

constitutive 
response

constitutive 
response

cconstitutive
=!

cdefense

cconstitutive
=!

min cconstitutive
<!

cdefense

ch
ar

ac
te

ris
tic

 ti
m

e



0.0 0.2 0.4 0.6 0.8 1.0
frequency πenv

0.1

1.0

10 .0
pe

rs
ist
en

ce
tim

e
τ e

nv

Optimal strategies

acquisition

maximally 
regulated 
response

regulated 
response constitutive 

response

mixed

active 
uptake

passive 
uptake

puptake>0

p>0

ch
ar

ac
te

ris
tic

 ti
m

e



Three strategy axes 
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Optimal immune systems
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Optimal immune systems
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response:
"

• identify responding clonotypes	

• observe selection on standing variation	

optimal immunity:	

• known immunity from evolutionary constraints 	

• depends on environment statistic


