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Modeling the Fitness Costs of 
Neoantigens



Modeling neoantigen driven evolution

Neoantigen:

– a novel, mutated peptide 
– presented by MHC I
– potentially “immunogenic” – recognized by T-cell receptors

2figure adapted from Schumacher & Schreiber, Science, 2015
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• These are physical interactions that support use of computationally 
intensive biophysics

• Physics “inspired” approaches can help – use of statistical physics in 
machine learning

• Other route (taken here) is to build minimal (“simple”) models informed by 
underlying biophysical processes and experimentally derived features to 
test hypotheses, make predictions, and design further experiments

How can we (and others) help?



Genomic correlates of response

What determines patient’s response to therapy?

- Highly mutated tumors respond better  [Snyder et al. 2014, Rizvi et al. 2015, Van 
Allen et al. 2015, Riaz et al. 2017]

- Tumor heterogeneity may have negative impact on therapy success 
[McGranahan et al., 2016] 

- Other markers such as information from the microenvironment

• Goal: Integrative mathematical framework reflecting these features

[Snyder et. al. NEJM 2014]



Fitness model predicts dominant influenza strain

• Clonal frequency predictions for WHO (example of prediction from February 2014)

• Vaccine strain selection

Prediction period: one year

model-based vaccine strains

WHO vaccine strains

Distance to the optimal vaccine strain

prediction

validation

prediction start date: Feb 28th 2014

Łuksza, Lässig, Nature, 2014



Different principles for checkpoint therapy 

Differences:

Physical fitness interaction: B-cells with known viral 
epitopes versus T-cells with putative neoantigens

Distribution of fitness effects over tree: Which clone will 
win competition versus can all clones be suppressed?

Influenza

time time

Cancer

(with Marta Łuksza, IAS)



Neoantigen driven tumor evolutionary dynamics
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Relative effective 
population size after
forward evolution

Initial clone frequency
(from phylogeny)

Fitness of clone 
(derived from model)

Łuksza, et al, Nature, 2017



Model construction: fitness of a clone
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Amplitude due to MHC presentation:
• From inferred affinities of wildtype 

and mutant peptides
• Should relate to discrimination

energy by class I HLA molecule
• Measure of peptide “selfness”

TCR recognition probability:
• Use pathogen epitope (IEDB) alignments 

as proxy for biophysical interactions
• Measure of cross-reactivity with 

database antigen
• Measure of peptide “non-selfness”

xA R

neoantigens

in clone a

Neoantigen fitness modelNeoantigens
in a clone:

Łuksza, et al, Nature, 2017



Proof of concept on current data & methods

Three immunotherapy datasets:
Van Allen, et al., Science, 2015: Melanoma, anti-CTLA4, 103 samples
Snyder, et al., NEJM, 2014: Melanoma, anti-CTLA4, 64 samples 
Rizvi, et al., Science, 2015: Lung, anti-PD1, 34 samples

Measurements:

– Exome sequencing

– Tumor and normal tissue

– Survival times

Processing:

– Somatic mutations: 4-caller variant pipeline for mutations (Chan Lab)

– Affinity prediction: NetMHC 3.4

– Nested clonal structure: Deshwar, PhyloWGS, 2015

9



Benchmarking on public datasets

Survival analysis: 

– Assumption: predicted effective tumor size          anti-correlated with survival 
– Split patient cohorts by median

10Łuksza et al, under revision, 2017 Łuksza, et al, Nature, 2017



Benchmarking on public datasets

Survival analysis: 

– Assumption: predicted effective tumor size          anti-correlated with survival 
– Split patient cohorts by median

All model components are informative and necessary for predictions:

11Łuksza, et al, Nature, 2017



Predictions for responders and non-responders

12Łuksza, et al, Nature, 2017



Consistency with underlying processes
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Results do not survive shuffling
patient HLA type

Typical discrimination length ~ TCR repertoire discrimination length

Łuksza, et al, Nature, 2017



Expandable framework can incorporate 
microenvironment
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Other variables can be incorporated as well

Łuksza, et al, Nature, 2017



Can we apply this framework in the 
nontherapy setting?
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Pancreatic cancer study: beyond 
immunotherapies

Less than 7% of PDAC patients survive 5 years after diagnosis

This study: A unique cohort of pancreatic cancer patients 
with extreme long-term survivors.
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Immune monitoring indicates T-cell infiltration 
associates with response
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Mutational burden + high T-cell is predictive
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Quality model recapitulates survival & monitoring
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Test in long-term cohort

20Balachandran, et al, Nature, 2017



Can we find TCRs?

21Balachandran, et al, Nature, 2017



Particularly striking case:

22Balachandran, et al, Nature, 2017



Summary

• Approaches from virus vaccine prediction may be relevant in predicting 
response to checkpoint blockade immunotherapy

• All neoantigen fitness model components are informative:
- Tumor heterogeneity
- MHC presentation of neoantigens
- TCR recognition of neoantigens

• The fitness model can be easily extended to capture other meaningful 
effects such as information about the tumor microenvironment
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