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 47 
Checkpoint blockade immunotherapies enable the host immune system to 48 
recognize and destroy tumor cells1. Their clinical activity has been 49 
correlated with activated T-cell recognition of neoantigens, which are 50 
tumor-specific, mutated peptides presented on the surface of cancer 51 
cells2,3. Here, we present a fitness model for tumors based on immune 52 
interactions of neoantigens that predicts response to immunotherapy. Two 53 
main factors determine neoantigen fitness: its likelihood of presentation by 54 
the major histocompatibility complex (MHC) and its subsequent T-cell 55 
recognition. We estimate these two components using a neoantigen’s 56 
relative MHC binding affinity and a non-linear dependence on its sequence 57 
similarity to known antigens. To describe the evolution of a heterogeneous 58 
tumor, we evaluate its fitness as a weighted effect of dominant neoantigens 59 
in the tumor’s subclones. Our model predicts survival in anti-CTLA-4 60 
treated melanoma patients4,5 and anti-PD-1 treated lung cancer patients6. 61 
Importantly, low-fitness neoantigens identified by our method may be 62 
leveraged for developing novel immunotherapies. By using an immune 63 
fitness model to study immunotherapy, we reveal broad evolutionary 64 
similarities between cancers and fast-evolving pathogens7-9.  65 
 66 67 
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 68 
Although T-cell receptors are capable of recognizing and eliminating tumors, 69 
cancers evolve resistance mechanisms by display of checkpoint blockade 70 
molecules and disrupt the processes of immune recognition and attack. Clinical 71 
trials using immune checkpoint blocking antibodies, such as anti-cytotoxic T-72 
lymphocyte-associated protein 4 (anti-CTLA-4), or anti-programmed cell death 73 
protein-1 (anti-PD-1), have improved overall survival in many malignancies by 74 
inhibiting these immune checkpoints1. Though only a minority of patients 75 
achieves durable clinical benefit, multiple studies have shown genetic 76 
determinants of response.  De novo somatic mutations within coding regions can 77 
create neoantigens – novel protein epitopes specific to tumors, which MHC 78 
molecules present to the immune system and which may be recognized by T-79 
cells as non-self2,3. An elevated number of mutations or neoantigens has been 80 
linked to improved response to checkpoint blockade therapy in multiple 81 
malignancies4-6,10. Hence, inferred neoantigen burden is a coarse-grained proxy 82 
for whether a tumor is likely to respond. Other implicated biomarkers of response 83 
include T-cell receptor (TCR) repertoire profiles11, assays of checkpoint 84 
status12,13, immune microenvironment landscape4,14,15 and tumor heterogeneity16. 85 
Despite high overall mutational load, a heterogeneous tumor may have 86 
immunogenic neoantigens present only in certain subclones16. Therapies 87 
targeting a fraction of the tumor could disrupt clonal competitive balance and 88 
inadvertently stimulate growth of untargeted clones17,18. A mathematical model 89 
integrating genomic data has the advantage of broad consideration of neoantigen 90 
space. Worldwide efforts are being undertaken to model neoantigens and 91 
quantify neoantigen features from genomic data, and a predictive neoantigen-92 
based model for immunotherapy response is therefore a highly sought-after goal, 93 
complementing mass spectrometry-based validation of neoantigens19. 94 
 95 
We propose a fitness model of tumor-immune interactions as a general 96 
mathematical framework to describe the evolutionary dynamics of cancer cell 97 
populations under checkpoint-blockade immunotherapy (Fig. 1). Analogous 98 
fitness models based on immune interactions have been successfully applied to 99 
human influenza7, HIV8 and chronic viral infections9. We aim to introduce this 100 
approach to the study of immunotherapy and provide an initial proof of concept 101 
regarding its potential utility. Checkpoint blockade exposes cancer cells to strong 102 
immune pressure on their neoantigens and thereby reduces their reproductive 103 
success.  Our fitness model predicts the evolution of a cancer cell population 104 
under such pressure. We compute ݊(߬), the predicted future effective size of a 105 
cancer cell population in a tumor relative to its effective size at the start of 106 
therapy. This effective size is a weighted sum over tumor’s genetic clones (Fig. 107 
1a, Methods), 108 
 109 
 110 ݊(߬) = ෍ ܺఈ exp(ܨఈ߬)ఈ  (1)

 111 
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where ܨఈ  is the fitness, ܺఈ is the initial frequency of clone ߙ  and ߬  is a 112 
characteristic evolutionary time scale when the prediction is evaluated. The 113 
effective size estimates the relative number of cancer cells required to generate 114 
the observed population diversity but, as tumors may also include other cell 115 
types, it is not to be interpreted as a direct measure of physical tumor size. 116 
Patients with less immunologically fit tumors will have more significant effective 117 
size reductions and, presumably, improved overall survival after checkpoint 118 
blockade therapy. To reconstruct the clonal tree structure of a tumor from exome 119 
sequencing data, we use a likelihood scheme based on the allele frequencies of 120 
its mutations20. Unlike in previous approaches16, we learn the ancestral 121 
dependencies between clones, and these determine the mutations and 122 
neoantigens inherited by clones from their ancestors (Fig. 1a). Our fitness model 123 
assigns to subclones the same or lower fitness than their ancestral clones, 124 
depending on whether they acquired new dominant neoantigens.  125 
 126 
Our approach quantifies two essential factors in determining immunogenicity of    127 
a neoantigen: an amplitude,  determined by mutant and wildtype MHC-128 ,ܣ 
presentation, and an intrinsic TCR-recognition probability, ܴ  (both factors are 129 
defined below). We call the product of these two factors, ܣ × ܴ, a neoantigen’s 130 
recognition potential. We quantify total fitness for cancer cells in a clone by 131 
aggregating over the fitness effects due to immune recognition of its neoantigens 132 
(Fig 1b, Methods). Here, we model the fitness of a given clone ߙ  by the 133 
recognition potential of its dominant neoantigen, 134 
ఈܨ 135  = − max௜∈ Clone α (ܣ௜ × ܴ௜) (2)

 136 
where index ݅ runs over all neoantigens in clone α (we discuss other choices for 137 
aggregating neoantigen fitness effects in Methods).  138 
 139 
We utilize nonamer neoantigens inferred by a consistent identification pipeline 140 
with affinities, standing in for dissociation constants, for both mutant and wildtype 141 
peptides for a patient’s HLA type21 (SI), and define the amplitude ܣ using the 142 
relative MHC affinity between the wildtype and the mutant peptide (Methods). 143 
Unlike considering solely mutant or wildtype affinities, the amplitude has 144 
consistent predictive value within our model (Extended Data Table 1). A simple 145 
interpretation of this observation is that the amplitude is related to the quantity of 146 
TCRs available to recognize the neoantigen. That is, a neoantigen needs to have 147 
low dissociation constant (i.e. high binding affinity) to be presented and to 148 
generate a TCR response. However, if the wildtype peptide also has a low 149 
dissociation constant, tolerance mechanisms could have removed wildtype 150 
peptide specific TCRs. Due to cross-reactivity, the quantity of mutant specific 151 
TCRs could be reduced (see discussion in Methods). 152 
 153 
We model the probability of TCR-recognition of a neoantigen based on the 154 
strength of its alignments to positively recognized, class-I restricted T-cell 155 
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antigens from the Immune Epitope Database22 (IEDB). This approach does not 156 
assume preexisting host immunity due to this set of epitopes. Rather, we posit 157 
that the high scoring neoantigens are more “non-self”, their distribution possibly 158 
reflecting intrinsic biases in TCR generation probabilities23. Therefore, these 159 
neoantigens are also more likely to be immunogenic as TCRs have the ability to 160 
recognize large classes of homologous peptides via cross reactivity24. We use a 161 
thermodynamic model to estimate this recognition probability (Methods): for a 162 
neoantigen with peptide sequence ܛ  and IEDB epitope with sequence ܍ , the 163 
alignment score between ܛ  and ܍  is used as a proxy for the binding energy 164 
between this neoantigen and a TCR specific to epitope ܍. Under this assumption, 165 
each mutation that changes a residue in ܍ into a corresponding residue in ܛ in 166 
their alignment will increase the binding energy between ܛ  and a TCR 167 
recognizing epitope ܍, proportionally to the alignment mismatch cost. Importantly, 168 
the probability that a neoantigen is bound by a TCR is given by a nonlinear 169 
logistic dependence on sequence alignment scores to all IEDB epitopes 170 ܍ 
(Methods). Approximately 72% of the mutant neoantigen peptides are classified 171 
as TCR-recognizable according to this criterion (ܴ > 0.5, Extended Data Fig. 1) – 172 
those remaining are penalized in our model in equation (2). 173 
 174 
We apply this model to three datasets: two melanoma patient cohorts treated 175 
with anti-CTLA-44,5, and one lung tumor cohort treated with anti-PD-16. Our 176 
model’s efficacy is assessed by its ability to predict overall survival of patients 177 
from the time of beginning immunotherapy. Neoantigen amino-acid anchor 178 
positions 2 and 9, for the majority of HLA types, are constrained due to their 179 
molecular function and display a hydrophobic bias, as reflected by decreased 180 
amino-acid diversity at these positions25 (Extended Data Fig. 2). We observe 181 
computational predictions of MHC affinities for wildtype peptides with non-182 
hydrophobic anchor residues lead to non-informative amplitudes. Hence, 183 
neoantigens mutated on positions 2 and 9 where the wildtype peptide residue is 184 
non-hydrophobic are excluded from our model. Parameter ߬ , a characteristic 185 
evolutionary time scale for a patient cohort, is a finite value at which we expect 186 
cancer populations from responding tumors to have been affected by therapy. 187 
This is the time at which, following equation (1), tumor clones with neoantigens of 188 
amplitudes larger than 1/߬ will have been suppressed. The model has two other 189 
free parameters: the midpoint and steepness defining ܴ (Methods). For each 190 
cohort we infer the parameters by maximizing the survival log-rank test score on 191 
independent training data. In the survival analyses, we use the median value of 192 ݊(߬) to separate patients into high and low fitness groups.  193 
 194 
We use the Snyder melanoma cohort with 64 patients to train parameters for the 195 
Van Allen melanoma cohort with 103 metastatic patients and vice versa use Van 196 
Allen cohort to train parameters for the Snyder cohort; we use the total score of 197 
both melanoma cohorts to train parameters for the smaller lung cancer cohort 198 
from Rizvi et al. with 34 patients (Methods). For each cohort we obtain significant 199 
stratification of patients: log-rank test p-values are p=0.0049 for the Van Allen et 200 
al., p=0.0026 for Snyder et al., and p=0.0062 for Rizvi et al. (Extended Data 201 
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Table 1). The parameters we obtain with this procedure are consistent between 202 
the datasets and are mutually included within each other’s error bars (Extended 203 
Data Table 1, Methods).  Based on this result, we further perform a joint 204 
optimization of the cumulative log-rank test score of the three cohorts, obtaining 205 
a single set of parameters with predictions highly stable around these values (Fig 206 
2). The alignment threshold parameter of the binding function is consistently set 207 
to 26 (Extended Data Table 1), which in our datasets is obtained by alignments 208 
of average length of 6.8 amino-acids, just above the length of peptide motifs one 209 
would expect the TCR repertoire to discriminate (SI). The slope parameter of the 210 
binding function is set to 4.9 defining a strongly nonlinear dependence on the 211 
alignment score, with the probability of binding dropping below 0.01 for alignment 212 
score 25 and reaching probability above 0.99 at alignment score 27 (Extended 213 
Data Fig. 1a). The ߬  parameter is set to 0.09, meaning that clones with 214 
amplitudes larger than 11.1 are, on average, suppressed at prediction time. At 215 
these consistent parameters, separation of patients does not change for Van 216 
Allen and Rizvi (log-rank score increases by less than 1 unit, p=0.004 for Van 217 
Allen at al. and p=0.0062 for Rizvi et al.), and it improves to p=0.00026 for 218 
Snyder et al. (Fig. 3). Finally, the predicted evolutionary dynamics of tumors 219 
clearly separate therapy responders and non-responders, using patient 220 
classifications defined in the original studies4,5,6. In all datasets responders are 221 
predicted to have significantly faster decreasing relative population sizes ݊(߬), 222 
across a broad interval ߬  values (Fig. 4). The performance of the model 223 
deteriorates when we disrupt the biological relevance of the input data. When 224 
using the IEDB epitopes that are not supported by positive T-cell assays, the 225 
model looses the predictive ability in both melanoma cohorts (Methods, Extended 226 
Data Table 1 and Extended Data Fig. 3). Similarly, the model generally does not 227 
give significant patient separations when we perform the analysis with 228 
neoantigens derived with randomized HLA types of patients (Extended Data Fig. 229 
4, SI). 230 
 231 
The success of our model strongly depends on the joint contribution of two 232 
fitness components, ܣ  and ܴ , in equation (2). We deconstruct the model by 233 
removing each of the components one at a time and repeat the same training 234 
and validation procedure as for the full model (Fig 3, bottom panels and 235 
Extended Data Table 1). In all datasets, such partial models have lower log-rank 236 
scores than the full model and neither the ܣ-only nor the ܴ-only model result in 237 
significant segregation for any cohort. An alternative model, which assigns a 238 
uniform fitness cost to each neoantigen (hence the total clone fitness reflects the 239 
neoantigen load of the clone, Methods), does not separate patients in either 240 
cohort (Fig 3, Extended Data Table 1). It is important to assess the clonal 241 
structure of a tumor when trying to identify dominant neoantigens. We compare 242 
the performance of our model to one assuming homogenous structure of tumors 243 
(Methods). The homogenous model performs worse in all datasets, and does not 244 
show the predictive consistency of the heterogenous model. For other fitness 245 
models considered here the homogeneous structure versions occasionally 246 
outperform their heterogeneous counterparts (Fig 3, Extended Data Table 1), 247 
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though with either marginal or no statistical significance. We present additional 248 
model decompositions in Methods and in Extended Data Table 1. Our model is 249 
the only one to significantly segregate patients across all three datasets and it is 250 
predictive independent of other clinical correlates (Proportional Hazard model, 251 
Extended Data Table 2).  252 
 253 
The presented framework allows for straightforward incorporation of information 254 
about the tumor’s microenvironment. For the cohort from Van Allen et al., gene 255 
expression data is available on 40 patients and local cytolytic activity is 256 
significantly associated with benefit (p=0.04, Methods), as also observed in the 257 
original study by Van Allen et al5. As a proof of principle, we incorporated 258 
cytolytic score26 as an amplitude multiplying the T-cell recognition probability. Its 259 
inclusion improves predictions on these 40 patients, as assessed with survival 260 
analysis, (p=0.043 and p=0.0025 respectively, Extended Data Fig. 5).  261 
 262 
Immune interactions govern the evolutionary dynamics of cancers under 263 
checkpoint blockade immunotherapy and many fast-evolving pathogens; fitness 264 
models can predict these dynamics over limited periods, as recently shown for 265 
seasonal human influenza7. Yet while influenza evolution is determined by 266 
antigenic similarity with previous strains in the same lineage, cancer cells 267 
originate from normal cells and acquire somatic mutations in a large set of 268 
proteins. Hence, their immune interactions are distributed in a larger antigenic 269 
space. The fitness effects of these interactions have a specific interpretation: 270 
they capture neoantigen “non-selfness”. That is, our model provides a structure 271 
to formalize what makes a tumor immunologically different from its host, 272 
analogous to that for innate recognition of non-self nucleic acids27.  273 
The approach can be naturally extended to other fitness effects, such as positive 274 
selection due to acquisition of driver mutations, the impact of additional 275 
components in the microenvironment or the hypothesized role of the 276 
microbiome28,29. Further advances in predicting proteosomal processing30 and 277 
stability31 of neoantigen-MHC binding could improve predictions. Our 278 
evolutionary framework should be useful in studies of acquired resistance to 279 
therapy and may be crucial for understanding when cross-reactivity with self-280 
peptides may result in side effects32,33. As our fitness model is based on 281 
biophysical interactions underlying presentation and recognition of neoantigens, 282 
it may also inform the choice of therapeutic targets for tumor vaccine design.  283 284 
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 351 
Figures 352 
 353 

 354 
 355 
Figure 1 | Evolutionary tumor dynamics under strong immune selection and 356 
a neoantigen fitness model based on immune interactions. a, Clones are 357 
inferred from a tumor’s phylogentic tree. We predict ݊(߬), the future effective size 358 
of the cancer cell population, relative to its size at the start of therapy (equation 359 
(1)) by evolving clones forward under the fitness model over a fixed time-scale, ߬. 360 
Application of therapy can decrease fitness of tumor clones depending on their 361 
neoantigens. Tumors with strongly negative fitness have a greater loss of 362 
population size than more fit tumors. b, Our fitness model accounts for the 363 
presence of dominant neoantigens within a clone, ߙ,  by modeling the 364 
presentation and recognition of inferred neoantigens and assigning a fitness to a 365 
clone, ܨఈ. 366 
 367 
 368 
 369 
 370 
 371 
 372 
 373 
 374 
 375 
 376 
 377 
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 378 

 379 
 380 
Figure 2 | Survival landscape as a function of the TCR binding model 381 
parameters. The landscape of log-rank test scores is shown for the consistent 382 
choice of ߬ = 0.09, as the function of the parameters of the TCR binding model (ܽ 383 
and 1/݇), colors represent the significance level of the long-rank test. Similar 384 
regions of high log-rank scores exist for the full model across all three datasets. 385 
The point corresponding to consistent parameters (ܽ = 26 and ݇ = 4.9) is marked 386 
by a black dot in each plot.  387 
 388 389 
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 390 
 391 

 392 
Figure 3 | Neoantigen fitness model is predictive of patient survival after 393 
checkpoint blockade immunotherapy. a-c, Tumor fitness is calculated across 394 
two melanoma patient datasets treated with anti-CTLA-4 antibodies4,5 and one 395 
dataset of lung patients treated with anti-PD-1 antibodies6 (see main text). 396 
Kaplan-Meier curves of overall survival are displayed for each cohort, with 397 
samples split by the median value of their tumor’s relative population size ݊(߬) 398 
defined in equation (1). Error bars represent the standard error due to sample 399 
size. d-f, For comparison we show the log-rank test statistic for our full model 400 
and for models which account for removal of one feature of our model (bottom 401 
panels, higher score values indicate better patient segregation). We compare 402 
their values with a tumors’ neoantigen load, which is the total number of 403 
neoantigens found in a sequenced tumor clone (red). All models are computed 404 
both over a tumor’s clonal structure (heterogenous, left) and without taking 405 
heterogeneity into account (homogenous, right). All model scores are presented 406 
for parameters obtained on independent training data (Methods). The error bars 407 
are the standard deviation of the log-rank test score acquired from the survival 408 
analysis with one sample removed from the cohort at a time. Dashed lines on the 409 
bottom panels marks the score value corresponding to the log-rank test 410 
significance threshold of 5%; the full ܣ × ܴ model with heterogenous structure is 411 
the only model that gives scores that substantially exceed the threshold in all 412 
datasets, using a consistent set of parameters between all datasets (Extended 413 
Data Table 1). 414 
 415 
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 416 
 417 

 418 
 419 
 420 
Figure 4 | Evolutionary dynamics predictions in patient cohorts. a, Relative 421 
population size predictions for responders and non-responders at consistent 422 
parameters across the a, Van Allen et al.; b, Snyder et al.; and c, Rizvi et al. 423 
cohorts. Responder and nonresponder patient classifications were defined by 424 
those studies. Error bars are 95% confidence intervals around the population 425 
average. The dashed line indicates the consistent choice of ߬ = 0.09 used across 426 
all three datasets for patient survival predictions (Methods and Extended Data 427 
Fig. 3). The shading of the background represents the significance of separation 428 
of the two groups as computed with Kolmogorov-Smirnov test (**<0.01, 429 
***<0.001). 430 431 
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 432 
Extended Data Figures 433 
 434 
 435 

 436 
 437 
Extended Data Figure 1 | Alignments to IEDB epitopes. a, The TCR 438 
recognition probability for a neoantigen is a sigmoidal function of the 439 
neoantigen’s alignment scores with IEDB epitopes, here shown as evaluated for 440 
the set of neoantigens from Van Allen et al. cohort patients, using the set of 441 
consistent parameters. b, The fraction of neoantigens with a given value of ܴ. 442 443 
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 444 

 445 
 446 
Extended Data Figure 2 | Positions 2 and 9 have a subset of neoantigens 447 
with less predictive value. a, Neoantigens coming from mutations at position 2 448 
or 9 tend to have larger predicted affinities for their wildtype peptides. In 449 
particular this is magnified if the corresponding wildtype residue is non-450 
hydrophobic. b, The observed biases at these positions are reflected in a wider 451 
distribution of amplitudes for wildtype peptides with non-hydrophobic residues at 452 
positions 2 and 9. c, Shannon entropy of amino acid diversity at 9 positions in 453 
neoantigen sequence, shown for all distinct HLA-types. The entropies are 454 
computed based on all neoantigens across all three datasets. Positions 2 and 9 455 
have Shannon entropy lower than other residues. Other residue sites have the 456 
same entropy as the overall proteome25 and are therefore unconstrained. Five 457 
HLA with non-canonical entropy profiles are singled out in the plot. These HLA-458 
types contributed only 5 informative neoantigens with mutations on non-459 
canonical anchor positions across all datasets and they are not treated 460 
differentially in our model. 461 462 
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 463 
 464 
 465 
 466 

 467 
Extended Data Figure 3 | Effect of IEDB database sequence content on 468 
predictive power of neoantigen fitness model. Predictions were performed 469 
using subsampled IEDB epitope sequences, with subsampling rate varying 470 
between 0.1 and 0.9. For each subsampling rate 10000 iterations were 471 
performed to obtain a distribution of log-rank test scores. Solid black lines mark 472 
the log-rank test score of the prediction on the full set of epitope sequences, and 473 
gray thick lines mark the median scores on subsampled data. a-c, Subsampling 474 
of the original set of IEDB sequences, which are supported by positive T-cell 475 
assays, shows that the quality of predictions decreases with subsampling rate. 476 
The prediction quality is more robust in case of the Snyder et al. and Rizvi et al. 477 
datasets. d-f, Analogous subsampling procedure was repeated on IEDB 478 
sequences, which are not supported by positive T-cell assays. For the Van Allen 479 
et al. and Snyder et al. datasets the model performance is substantially lowered. 480 481 
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 482 

 483 
Extended Data Figure 4 | Reshuffling patient HLA-types reduces predictive 484 
power of the neoantigen fitness model. In each cohort, we performed 10 485 
iterations of reshuffling patient HLA-types, followed by computational neoantigen 486 
prediction, fitness model calculation and survival analysis. We report the 487 
distribution of log-rank test scores over the iterations, boxes mark 75% 488 
confidence intervals, and whiskers mark the range of scores. The score values 489 
for the model on the original data are marked with blue squares.  490 
 491 
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 492 
 493 

 494 
 495 
Extended Data Figure 5 | Inclusion of cytolytic score improves prediction 496 
quality. a, Survival plot is shown for our model applied to Van Allen et al. on the 497 
40 patient subset for which transcriptional data was available. b, An optimized 498 
model (Methods) for cytolytic score can significantly separate patients. c, 499 
Inclusion of cytolytic score in our model improves prediction on the 40 patient 500 
subset. In a and c we use consistent parameters trained on the three cohorts 501 
(Fig. 2); in b parameter ߬ is optimized. 502 
 503 504 
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 505 

506 
Extended Data Figure 6 | Word usage in the proteome is exhausted 507 
between 5 and 6 letter words.  Given the entropy of the genome from Ref. 25 508 
we calculate the expected number of words of a given length in the proteome as 509 
a function of word length. We compare that to the number of unique words in the 510 
proteome of a given length. Between 5 and 6 letters the two curves diverge due 511 
to the finite size of the genome. By the time one reaches 9 letter nonamers (the 512 
length of a neoantigen) this divergence is of several orders of magnitude. 513 514 
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 515 
Extended Data Table 1 | Ranking of fitness models. We compare survival 516 
prediction of our full fitness model (Methods, equation (9)) with alternative 517 
models described in Methods: (1) models that eliminate one of the features of the 518 
full model, namely the ܣ-only model (Methods, equation (12)) and the ܴ-only 519 
model (Methods, equation (13)); models without the wildtype dissociation 520 
constant (Methods, equation (14)) and without the mutant dissociation constant 521 
(Methods, equation (15)); simple neoantigen load model (Methods, equation 522 
(17)); an additive neoantigen fitness model (Methods, equation (15)), which 523 
uniformly summates fitness contributions of neoantigens in a clone as opposed 524 
to maximizing them as in our original model. Additionally, we compare the model 525 
in which alignments to IEDB epitopes are evaluated only on position 3-8, a model 526 
that does not implement any filtering of neoantigens on position 2&9, and a 527 
model where the ܴ  component is evaluated on IEDB assays without positive 528 
validation. Finally, we test an alternative predictive criterion and instead of ݊(߬), 529 
we use the average fitness over tumor clones (Methods, equation (18)) to 530 
separate patients in the survival analysis. (2) Above models evaluated without 531 
accounting for clonal structure structure of tumors. For each model, if applicable, 532 
we report the parameters used for predictions, and error bars for these 533 
parameters (Methods). We also report the predictive power of the models as the 534 
log-rank test score, and the log-rank test p-value for models with p-values less 535 
than 0.05. The models with significant separation are highlighted: yellow for a 536 
model that is significant in a single cohort, orange for a model that is significant 537 
across two cohorts and red for a model that is significant in all three cohorts.  538 539 
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 540 
Extended Data Table 2 | Multivariate analysis with a cox proportional 541 
hazards model. A multivariate analysis with a cox proportional hazards model, 542 
was performed to adjust for important clinical covariates, while assessing for the 543 
predictive value of our ݊(߬) values. In the melanoma data sets, we controlled for 544 
stage, gender, and age. Stage IIIC and IVa are combined together, as both of 545 
these stages had limited number of patients in either cohort. Stage IIIc/IVa serve 546 
as the reference in the table. In both the Snyder and Van Allen cohorts, ݊(߬) 547 
predictions are independently associated with overall survival after anti-CTLA4 548 
therapy. In the lung cancer cohort, all patients are Stage IV, so we correct for 549 
age, gender, and number of pack years smoked, and continued to find that ݊(߬), 550 
predictions are independently associated with overall survival after anti-PD1 551 
therapy. 552 553 
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Methods 589 
 590 
1. Evolutionary dynamics of a cancer cell population in a tumor 591 
 592 
The fitness of a cancer cell in a genetic clone ߙ is its expected replication rate, 593 
i.e.  594  595 ݀ ఈܰ݀߬ = ఈܨ ఈܰ (3) 596 
where ఈܰ  is the population size of clone ߙ  and ܨఈ  is that clone’s fitness. 597 
Checkpoint-blockade immunotherapy introduces a strong selection challenge, 598 
which we anticipate overshadows pre-therapy fitness effects in a productive 599 
response. For a given clone ߙ the dynamics of its absolute size are therefore 600 
given by ఈܰ(߬) = ఈܰ(0)exp(ܨఈ߬),  and the total cancer cell population size is 601 
computed as a sum over its clones  602  603 ܰ(߬) = ෍ ఈܰ(߬) =ఈ ෍ ఈܰ(0) exp(ܨఈ߬)ఈ . (4)  604 
The absolute size ܰ(߬) is an effective population size, the number of cells 605 
estimated to have generated the observed clonal diversity.  606 
  607 
As our measure of survival, we use the evolved relative effective population size 608 ݊(߬) = ܰ(߬)/ܰ(0), which compares the predicted future population size after a 609 
characteristic dimensionless time scale of evolution ߬ to the initial pretreatment 610 
effective size ܰ(0), the assumption being that successful responders to therapy 611 
will have their future effective cancer cell population size more strongly 612 
suppressed. We denote the initial frequency of clone ߙ  as ܺఈ = ఈܰ(0)/ܰ(0), 613 
these frequencies are inferred from bulk exome reads from a tumor sample, as 614 
described in the Supplementary Information. Hence, to compute ݊(߬) we only 615 
require estimates of the initial frequencies and fitness values for each clone, as 616 
shown in equation (1); the absolute population size estimates are not needed. 617 
We model the hypothesis that due to the unleashing of a T cell mediated immune 618 
response by checkpoint-blockade immunotherapy, the deleterious effects due to 619 
recognition of neoantigens are a dominant fitness effect, and tumors with the 620 
greatest degree of selective immune challenge are better responders to therapy. 621  622 
Clonal structure of a tumor and clone frequencies. Tumor clones are 623 
reconstructed using the PhyloWGS software package20 (SI). The trees estimate 624 
the nested clonal structure of the tumor and the frequency of each clone, ܺఈ. The 625 
differences between the high scoring trees are marginal on our data, concerning 626 
only peripheral clones and small differences in frequency estimates. We compute 627 
the predicted relative size of a cancer population, ݊(߬), as an averaged prediction 628 
over the 5 trees with the highest likelihood score, weighting their contribution 629 
proportionally to their likelihood. 630 
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 631 
2. Fitness model based on neoantigen recognition potential 632 
 633 
Neoantigen recognition based fitness cost for a tumor clone. Our model 634 
associates each neoantigen with a fitness cost, which we term the recognition 635 
potential of a neoantigen. The recognition potential of a neoantigen is the 636 
likelihood it is productively recognized by the TCR repertoire. It is defined by two 637 
components. The first is the amplitude ܣ, which is given by the relative probability 638 
that a neoantigen will be presented on class I MHC and the relative probability 639 
that its wildtype counterpart will not be presented. The second one is the 640 
probability ܴ  that a presented neoantigen will be recognized by the TCR 641 
repertoire. For a given neoantigen their product defines its recognition potential, 642 ܣ × ܴ. Both components are described in detail in the following paragraphs in this 643 
section. 644 
 645 
To assess the total fitness effect for a clone ߙ  with multiple neoantigens, we 646 
aggregate the individual neoantigen fitness effects as ܨఈ =  − max௜∈ Clone α (ܣ௜ ×647 ܴ௜), where ݅ is an index iterating over neoantigens in the clone. Therefore, the full 648 
form of the predicted relative cancer cell population size is given by 649  650 ݊(߬) = ෍ ܺఈ exp[ − max௜∈ Clone α (ܣ௜ × ܴ௜) ߬]ఈ . (5)  651 
One could use a more general model for aggregating neoantigen fitness effects 652 
within a clone,  653  ݊(߬, (ߚ = ෍ ܺఈ exp ൥ ෍ exp(−ߚ ௜݂)ܼ(ߚ)௜∈ Clone α ௜݂ ߬൩ఈ ,  

  (6) 
where ௜݂ = ௜ܣ− × ܴ௜  and ܼ(ߚ) = ∑ exp(−ߚ ௜݂)௜∈ Clone α .  In addition to equation (5), 654 
which corresponds to the limit ߚ → ∞, we show the case where ߚ = 0 (uniform 655 
summation over all neoantigens, Extended Data Table 1). In that sense equation 656 
(6) represents a general mathematical framework for weighting neoantigen 657 
contributions with weights reflecting the probability of their productive recognition. 658 
The choice of ߚ could be informed by additional data sources or defined in a 659 
clone specific manner, and it would then become an additional model parameter 660 
(or parameters). Taking the highest score within a clone as in equation (5) is 661 
consistent with notions of immunodominance – that a relatively small set of 662 
antigens drive the immune response.  663  664 
MHC-amplitude. The amplitude, ܣ, is the ratio of the relative probability that a 665 
neoantigen is bound on class I MHC times the relative probability that a 666 
neoantigen’s wildtype counterpart is not bound. The amplitude is defined as 667 ܣ = ( ௎ܲௐ்/ ஻ܲௐ்) × ( ஻ܲெ்/ ௎ܲெ்), where ஻ܲெ் is binding probability of a neoantigen, 668 ஻ܲௐ் is the binding probability of its wildtype counterpart, and ௎ܲௐ் = 1 − ஻ܲௐ் and 669 
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௎ܲெ் = 1 − ஻ܲெ் . As a result, the amplitude rewards cases where the 670 
discrimination energy between a mutant and wildtype peptide by the same class I 671 
MHC molecule (i.e. the same HLA allele) is large34, while the mutant binding 672 
energy is also low. The ߬  parameter effectively sets this energy scale for 673 
dominant neoantigens in a clone when ܴ = 1. Assuming similar concentrations 674 
for mutant and wildtype peptides, the amplitude is the ratio of wildtype to mutant 675 
dissociation constants, 676  ܣ = ௗெ்.  (6)ܭ/ௗௐ்ܭ
Negative thymic selection on TCRs is not absolute, but rather “prunes” the 677 
repertoire recognizing the self proteome35,36. We therefore use ܣ as a proxy for 678 
the availability of TCRs in the repertoire to recognize a neoantigen. Neoantigens 679 
differ from their wildtype peptides by only a single mutation. Given the 680 
uniqueness of nonamer sequences in the self-proteome due to finite genome 681 
size (Extended Data Fig. 6) it is highly improbable that the mutant peptide would 682 
have another 8-mer match in the human proteome, so we only account for the 683 
comparison with the respective wildtype peptides. We verified that the above is 684 
the case for 92% of all neoantigens, with the remainder largely emanating from 685 
gene families with many paralogs (SI). The amplitude can be interpreted as a 686 
multiplicity of receptors available to cross-reactively recognize a neoantigen. 687  688 
The MHC-binding probabilities are derived from the dissociation constants, which 689 
are themselves inferred from computationally predicted binding affinities, as 690 
justified below. Affinities are inferred for each peptide sequence and patient HLA 691 
type21; all mutant peptide sequences considered as neoantigens meet a standard 692 
500 nM cutoff for their affinities (SI). The software, which predicts affinities 693 
occasionally predicts affinities with very high values where accuracy may be 694 
limited, and creating small denominators that can inflate the amplitude. This is a 695 
possibility in cancers such as melanoma and lung, where a high mutational 696 
burden inflates the probability of such events. As a remedy, a pseudocount, ߝ, is 697 
introduced so that, for both mutant and wildtype peptides ௎ܲ/ ஻ܲ → ( ௎ܲ + )/(ߝ ஻ܲ  In this case the new dissociation constant divided by peptide concentration 699 .(ߝ 698+
becomes 700  701 ܭௗ/[ܮ] + 1)ߝ + 1([ܮ]/ௗܭ + 1)ߝ + ([ܮ]/ௗܭ ≈ 1[ܮ]/ௗܭ +  (7)  [ܮ]/ௗܭߝ
for small ߝ, where ܭௗ was the original dissociation constant and [ܮ] is the peptide 702 
concentration. Consequently 1/ߝ sets a scale at which dissociation constants are 703 
not reliable for large ܭௗ at a given concentration. To fix these scales, we note that 704 
assays to determine dissociation constants for peptide-MHC binding are typically 705 
performed at 0.1-1 nM where the ligand concentration is typically small compared 706 
to the dissociation constant37. In this regime, affinities can be interpreted as 707 
dissociation constants and 3687 nM is the outer range of predictability for the 708 



                                      Łuksza et al., confidential 

 25

assays upon which NetMHC is trained at no more that unit peptide 709 
concentrations. [ܮ]/ߝ is therefore chosen to be 0.0003≈1/3687 across datasets.  710  711 
As the affinity is always less than 500 nM for the mutant peptide this correction is 712 
only relevant for the wildtype peptides. The corrected amplitude then becomes 713  714 ܣ ≈ ௗெ்ܭௗௐ்ܭ ∙ 11 + ([ܮ]/ߝ) ∙ ௗௐ்.  (8)ܭ
The amplitude in this form, combined with the TCR-recognition term discussed 715 
below, has a high predictive value for patient survival predictions (Fig. 3), 716 
consistently over the three patient cohorts, which is not the case of either the 717 
mutant or wildtype dissociation constants on their own (Extended Data Table 1).  718  719 
TCR-recognition.  We model ܴ , the probability that a neoantigen will be 720 
recognized by the T-cell receptor repertoire by alignment with a set of epitopes 721 
given by the Immune Epitope Database and Analysis Resource22 (IEDB, 722 
described in the Supplementary Information). We restrict ourselves to IEDB 723 
epitopes that are positively recognized by T-cells after class I MHC presentation. 724 
In this approach, we assume that a neoantigen that predicted to cross-react with 725 
a TCR from this pool of immunogenic epitopes is a neoantigen more likely to be 726 
immunogenic itself, as members of the T-cell receptor repertoire both recognize 727 
a high number of presented antigens38,39 and have intrinsic biases in their 728 
generation probabilities23. 729  730 
We use a multistate thermodynamic model to define ܴ. In this model, we treat 731 
sequence similarities as a proxy for binding energies. To assess sequence 732 
similarity between a neoantigen with peptide sequence ܛ and an IEDB epitope 733 ,܍ 
we compute a gapless alignment between the two sequences with a BLOSUM62 734 
amino-acid similarity matrix40 and we denote their alignment scores as |ܛ, |܍ , 735 
Given these sequence similarities, for a given neoantigen with peptide sequence 736 ܛ, we compute the probability that it is bound by a TCR specific to some epitope 737 ܍ 
from the IEDB pool as 738  739 ܴ = ܼ(݇)ିଵ ෍ exp[܍∈୍୉ୈ୆ − ݇(ܽ − ,ܛ|  740 (9) ,[(|܍
where ܽ represents the horizontal displacement of the binding curve, ݇ sets the 741 
steepness of the curve at ܽ, and 742  743 ܼ(݇) = 1 + ෍ exp[܍∈୍୉ୈ୆ − ݇(ܽ − ,ܛ|  744 (10) [(|܍
is the partition function over the unbound state and all the bound states. In the 745 
model, ݇ functions as an inverse temperature and ܽ − ,ܛ|  functions as a binding 746 |܍
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energy. These parameters define the shape of the sigmoid function (Extended 747 
Data Fig. 1) and, along with the characteristic time scale ߬, are free parameters 748 
to be fit in our model (see below).  749 
 750 
The parameters which give consistently informative predictions across all three 751 
datasets are ܽ = 26 and ݇ = 4.9. The logistic function is therefore a strongly 752 
nonlinear function of the effective alignment score, log(∑ exp[܍∈୍୉ୈ୆ − ݇(ܽ ,ܛ| 753− ([(|܍ . The average alignment length corresponding to score 26 is 6.8 for 754 
neoantigens in our datasets, but the effective alignment score is occasionally 755 
increased by multiple contributions of shorter alignments. Under the 756 
interpretation where, for a sufficiently presented neoantigen, ܣ represents the 757 
multiplicity of available TCRs and ܴ  represents an intrinsic probability of 758 
recognition, ܣ × ܴ represents the effective size of the overall TCR response. We 759 
present it as a core quantity that can be modulated by additional environmental 760 
factors such as the T-cell infiltration (discussed below). 761 
 762 
IEDB sequences. The predictive value of ܴ depends on the input set of IEDB 763 
sequences. The set we used in our analysis contained 2552 unique epitopes. We 764 
tested how the predictions depend on the content and size of the dataset by 765 
performing iterative subsampling of IEDB sequences at frequencies varying from 766 
10% to 90% of the total set size. We repeated the survival analysis and log-rank 767 
test score evaluation (Extended Data Figure 3). For all three datasets removal of 768 
sequences has on average a negative impact on their predictive power, which 769 
monotonically decreases with the subsampling rate. In the Van Allen et al. cohort 770 
the median performance was below significance threshold already at 70% 771 
subsampling and lower, and for Snyder et al. and Rizvi et al. at 20% and lower. 772 
To investigate the biological input associated with the set of curated IEDB 773 
sequences that we use, we also evaluated the ܴ component using an alternative 774 
set of IEDB sequences, coming from T-cell assays that did not have a positive 775 
validation. This is a larger set of 4657 sequences. In the two melanoma datasets, 776 
the predictions have gotten worse, not giving significant separation of patients in 777 
the survival analysis. This effect was also not due to the different sequence set 778 
size – subsampling of sequences did not improve the outcome. While in the Rizvi 779 
et al. dataset the predictions were still significant, this significance was not 780 
supported by consistency between all three datasets which is observed on the 781 
canonical IEDB sequence set. 782 
 783 
Inclusion of microenvironment and proteosomal processing in fitness 784 
model. The role of the microenvironment in the likelihood of productive T-cell 785 
recognition of tumor neoantigens can be incorporated in a natural manner into 786 
our modeling framework. We utilize the cytolytic score (CYT), the geometric 787 
mean of the transcript per kilobase million of perforin and granzyme26. We do so 788 
for the 40 patients from the Van Allen, et al, anti-CTLA4 melanoma dataset, 789 
which have matched genome and transcriptome sequencing and where CYT had 790 
shown predictive value. For this set we also derive the CD8 T-cell fraction using 791 
CIBERSORT41. The two values have a Pearson correlation coefficient of 0.938. 792 
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Given their encapsulation of similar information we used CYT as it had previously 793 
been show to give significant segregation of patient benefit5. The score provides 794 
an additional amplitude ܣ஼௒்  and the recognition potential becomes ݂ = ஼௒்ܣ ܣ 795× × ܴ. Therefore, the cytolytic score amplifies the recognition potential by the 796 
degree of cytolytic activity. We attempted to include proteosomal processing into 797 
our model as an additional criterion, as evaluated with NetCHOP42. We tested 798 
this procedure on the Rizvi et al. cohort; however, the imposed stronger filtering 799 
of neoantigens lead to the loss of predictive power of the model. 800 
 801 
3. Model parameters 802 
 803 
Parameter selection. To choose model parameters ܽ and ݇ in equation (9) and 804 
the characteristic time ߬ at which the prediction is evaluated (equations (2) and 805 
(5)), we select the parameters that maximize log-rank-test scores of survival 806 
analysis on patient cohorts. The survival analysis is performed by splitting patient 807 
cohort by the median value of ݊(߬) into high and low fitness groups. For each 808 
cohort, we perform parameter training on independent data: we use the 809 
melanoma cohorts to train parameters for each other by using the maximal score 810 
of one to define parameters for the other, and we use both melanoma cohorts 811 
and maximization of their total log-rank test score to train parameters for the lung 812 
cohort. To infer consistent parameters between all datasets, we maximize the 813 
total log-rank test score over the three cohorts. 814  815 
For a given training set we compute the optimal parameters Θ෡ = [ܽ, ݇, ߬], as an 816 
average Θ෡ = 〈Θ〉௪ over a distribution ݓ(Θ)  defined by the log-rank test score 817 
landscape on this set 818 ݓ(Θ) = ܼିଵ(ߣ) exp[ߣ(ܵ୫ୟ୶ − ܵ(Θ)] ,  (11) 
where ܼ(ߣ) is the probability distribution normalization constant, ܵ(Θ) is the value 819 
of the log-rank test score with parameters Θ and ܵ୫ୟ୶ is the maximal score value 820 
obtained over all possible parameters. The weight parameter ߣ is chosen such 821 
that the total statistical weight of the suboptimal parameter region is less than 822 
0.01, the suboptimal scores are those less than max(3.841 , ܵ୫ୟ୶ − 2)  (where 823 
3.841 is the score value corresponding to 5% significance level of the log-rank 824 
test score). Using a smooth local neighborhood of parameters around the optimal 825 
values prevents overfitting on a potentially rugged score landscape. For each 826 
individual parameter, the error bars reported in Extended Data Table 1 are 827 
computed as standard deviation using marginalized probability distribution 828 ݓ(Θ) for this parameter.  829  830 
The survival score landscapes (Fig. 2, at ߬=0.09) are consistent between the 831 
datasets. The optimal value of parameter ܽ, the midpoint of the logistic binding 832 
function is around 26 and parameter ݇, the steepness of the logistic function lives 833 
on a trivial axis above value 4, suggesting strong nonlinear fitness dependence 834 
on the sequence alignment score. 835 
 836 
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4. Model selection 837 
 838 
Fitness models. We compare our full model in equation (5) to alternative 839 
models. We perform simple model decompositions, where only one component is 840 
used  841  ܨఈ = − max௜∈ Clone α ܣ௜, ఈܨ(12)   = − max௜∈ Clone α ܴ௜. (13)
We also further decompose the amplitude ܣ   = ௗௐ்ܭ × ଵ௄೏ಾ೅  and test various 842 
variants of the model, with and without the ܴ component,  843  844 ܨఈ = − max௜∈ Clone α ܭௗௐ்௜[× ܴ௜], (14) ܨఈ = − max௜∈ Clone α 1ܭௗெ்௜ [× ܴ௜]. (15) 845 
Further, we investigate how informative the alignments contributing to the ܴ௜ 846 
components are. We test a model where alignments are restricted to the 6 847 
residues in-between anchor positions, on positions 3-8. We also demonstrate the 848 
loss of predictive power of a model that does not implement any filtering of 849 
neoantigens mutated on position 2&9 (see discussion in section 2 of Methods 850 
and Extended Data Fig. 2).  851 
We can also reduce the problem of choosing the neoantigen aggregating 852 
function to that of model selection. Here we test a fitness model where the fitness 853 
is defined by the total effect of all neoantigens in the clone (which is the limit case 854 
of ߚ = 0 in equation (6)), 855  856 ܨఈ = − ෍ ௜ܣ × ܴ௜௜∈ Clone α .  (16) 857 
Finally, we formulate a simple fitness model that associates a constant fitness 858 
cost with each neoantigen, 859 ܨఈ =  ఈ, (17) 860ܮ−
where ܮఈ is the number of neoantigens in clone ߙ, referred to as the neoantigen 861 
load of clone 862  .ߙ 
 863 
Homogenous structure models. For each fitness model, we can define its 864 
homogenous structure equivalent, which assumes tumor is strictly clonal with all 865 
neoantigens in the same clone at frequency 1. In a homogenous model the 866 
population size is thus modeled by a simple exponential, 867 
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݊(߬) = exp[߬ܨ] , (18)
where ܨ is the fitness of the homogenous tumor. Since in this model tumors show 868 
a constant decay over time, the ranking of ݊(߬) values of patients is defined only 869 
by fitness, and does not depend on ߬. Therefore, ߬ is not a free parameter in 870 
these models when optimizing log-rank test score in survival analysis. 871 
 872 
Average fitness. We also investigate the average fitness of clones, 873  874 〈ܨ〉 = ෍ ܺఈܨఈ, ఈ  (19) 875 
as a predictive marker and an alternative to ݊(߬). The average fitness reflects 876 
short-term dynamics – how fast the population is decreasing in size at the 877 
beginning of therapy. This is a lower complexity model because it does not 878 
include parameter ߬. However, this model is less robust to outliers – small clones 879 
with very low fitness can dominate the average fitness, while the evolutionary 880 
projection in ݊(߬) naturally removes such effects. 881 
 882 
We assess the predictive power of all models with a survival analysis, by 883 
separating patients by the median value of ݊(߬) (or median value of the average 884 
fitness 〈ܨ〉 ) in each patient cohort and computing the log-rank test for such 885 
segregation. The results of this comparison are reported in Extended Data Table 886 
1. To assign error bars to fluctuations of the log-rank test score we perform a 887 
leave-one-out analysis. That is we repeat the survival analysis for each dataset 888 
after leaving out one sample in a cohort and compute standard deviation of the 889 
test statistic over all leave-one-out iterations. Our approach also assesses the 890 
degree to which scores are robust to outliers. We claim a model is predictive if it 891 
has highly significant scores in all datasets with the same consistent set of 892 
parameters. Only the full neoantigen model meets these criteria. The average 893 
model, which uses 〈ܨ〉  as a segregating criterion, marginally meets these 894 
requirements, but with less predictive power. 895  896  897  898 
5. Data availability 899 
 900 
Mutation data, inferred neoantigen peptide data for each dataset, and IEDB 901 
sequences are submitted as supplementary data. 902 
 903 
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