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SUMMARY

T cell targeting of cancer cells alters the tumor antigen landscape in preclinical models. Here, we examined 

the impact of immunoediting on the antigenic landscape of primary, treatment-naive human tumors. Cuta

neous squamous cell carcinoma tumors from immunocompetent and immunosuppressed patients revealed 

consistent tumor mutational signatures; however, high-immune-infiltrate tumors from immunocompetent 

patients had lower overall mutational burdens and lower clonal mutational burdens compared with low-infil

trate tumors from immunocompetent patients and tumors from immunosuppressed patients. The lower 

clonal mutational burden in high-immune-infiltrate tumors from immunocompetent patients persisted after 

accounting for tumor purity and growth rate. Predicted neoantigen: major histocompatibility complex 

(MHC) class I binding affinity decreased with increasing variant allele frequency, demonstrating restriction 

of mutations encoding MHC-binding neoantigens. Neoantigens with features shared with validated immuno

genic neoantigens were decreased in clonal relative to subclonal cancer cell populations in high-immune- 

infiltrate tumors from immunocompetent patients. Thus, the immune system restricts cancer cells expressing 

immunogenic antigens from clonal populations in primary, treatment-naive human tumors.

INTRODUCTION

Immunoediting is the process by which the immune system tar

gets and removes cancer cells visible to the immune system, al

lowing the least-visible populations to persist. Immunoediting 

was defined in mouse models, where a number of studies 

observed increased tumor formation and growth in immunodefi

cient compared with immunocompetent mice.1–5 Furthermore, 

chemically induced sarcomas that form in immunocompetent 

mice grow when transplanted into immunocompetent mice, 

whereas sarcomas that develop in immunodeficient mice fail to 

grow in immunocompetent mice,6 demonstrating that tumors 

that form in immunodeficient mice fail to develop mechanisms 

to escape immune-mediated destruction. These mouse studies 

have provided the fundamental basis for our understanding of 

immunoediting in cancer. In human tumors, findings consistent 

with immunoediting have been found in (1) invasive cutaneous 

squamous cell carcinoma (cSCC) vs. precursor actinic kerato

ses,7 (2) late vs. early recurrent tumors,8 (3) tumors after vs. 

before immune checkpoint inhibition,9,10 (4) tumor regions with 

high immune infiltration and intact major histocompatibility com

plex (MHC) alleles vs. sparsely infiltrated regions,11 (5) observed 

vs. in silico mutational profiles,12 and (6) non-synonymous vs. 

synonymous mutations within the same tumor.13–15 However, 

the findings in human tumors that are consistent with immunoe

diting are associative in nature and have not been conclusively 

attributed to the immune system.

Additionally, the predominant effects of immunoediting on 

the neoantigen profile remain unclear. Within mouse models, 

evidence has been identified for complete loss of mutations 

encoding neoantigens at the DNA level,16 frequency-dependent 

elimination of neoantigens leading to a shift toward more 
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heterogeneous tumors,17 RNA-level loss of neoantigen expres

sion,18 and loss of antigen-processing and presentation machin

ery.18 A similar range of mechanisms has been explored in hu

man cancer. Although studies have suggested that there is an 

overall decrease in the proportion of immunogenic neoantigens 

compared with what would be expected in the absence of an 

intact immune response,13–15 another study demonstrated that 

there is no reduction in the expected proportion of immunogenic 

neoantigens when accounting for the mutational signature.19

Similar debates have occurred around loss of expression of neo

antigens, with some studies showing enrichment of neoantigens 

at low expression12 and others questioning whether this result is 

an underlying feature of the mutational signature.20 Therefore, 

the predominant effects of immunoediting on the neoantigen 

profile remain to be fully elucidated.

Here, we implemented three controls to isolate the effects of 

immunoediting in primary, treatment-naive human tumors. First, 

we compared the neoantigen profile in tumors from immuno

competent vs. immunosuppressed patients. We selected 

cSCC because immunosuppressed solid organ transplant recip

ients have a 65- to 253-fold higher risk of developing cSCC,21–25 

suggesting that cSCC is highly constrained by the immune sys

tem. Therefore, tumors from immunocompetent patients are ex

pected to have developed mechanisms of immune evasion that 

are absent in tumors from immunosuppressed patients. Second, 

we subdivided the cSCC tumors into high- and low-immune-infil

trate groups to demonstrate the impact of immune infiltration in 

shaping the neoantigen profile. Finally, we employed in silico 

mutational profiles as a patient-specific comparison of the ex

pected mutational profile, accounting for the mutational signa

ture, in the absence of immune-mediated effects. Overall, this 

study demonstrates alterations in the neoantigen landscape of 

primary cSCC that are attributable to the immune system.

RESULTS

Only a portion of cSCC tumors from immunocompetent 

patients have higher immune infiltration than tumors 

from immunosuppressed patients

First, we characterized the immune microenvironment of tumors 

from immunocompetent and immunosuppressed patients. 

Although analysis of the immune infiltrates estimated by xCell de

convolution26 demonstrated a difference in the degree of immune 

infiltration between tumors from immunocompetent and immuno

suppressed patients, there was a wide range in the quantity of 

immune infiltrate in tumors from immunocompetent patients. 

Therefore, we split the immunocompetent group into high- and 

low-immune-infiltrate groups using the ImmuneScore from xCell 

(Figure 1A). The resulting low-infiltrate tumors had no significant 

difference in immune infiltrate (ImmuneScore) compared with tu

mors from immunosuppressed patients, and the high-infiltrate 

group had significantly more immune infiltration (Figure 1A). Unsu

pervised hierarchical clustering of deconvoluted immune cell types 

from xCell demonstrated separation of the high- and low-infiltrate 

groups (Figure 1B). In particular, expression attributable to CD8+ 

T cells and T regulatory (Treg) cells distinguished high-infiltrate tu

mors from immunocompetent patients relative to tumors from im

munosuppressed patients. Low-infiltrate tumors from immuno

competent patients had immune infiltrates more similar to 

tumors from immunosuppressed patients (Figures 1C and 1D).

As confirmation, we performed immune cell deconvolution with 

two independent approaches (Figures S1A and S1B).27,28 The im

mune infiltration status identified by xCell was used as an annota

tion across all three heatmaps, demonstrating a high degree of 

concordance in the samples identified as having high immune 

infiltrates. An increase in CD8+ T cells and Treg cells in the high- 

infiltrate group was observed in the additional deconvolution ap

proaches, along with a higher level of Treg infiltration in the low- 

infiltrate tumors from immunocompetent patients compared with 

immunosuppressed patients (Figures S1C–S1E). The cytotoxicity 

score calculated by Microenvironment Cell Populations-counter 

(MCP-counter) was significantly increased in high-infiltrate tumors 

compared with tumors from immunosuppressed patients 

(Figure S1F), reflecting increased CD8+ T cell activity.

Additionally, we compared the expression of immune check

point molecules CD274 (encodes programmed death-ligand 1 

[PD-L1]), PDCD1, CTLA4, and LAG3 and markers of cytolytic ac

tivity GZMB and PRF1 (Figures 1E–1J; Table S1). Consistent 

with increased CD8+ T cell and Treg cell infiltration, high-infiltrate 

cSCC had increased expression of markers of cytotoxicity and 

exhaustion compared with low-infiltrate tumors from immunocom

petent patients and tumors from immunosuppressed patients. Im

mune checkpoint molecules CD274 and CTLA4 were significantly 

higher in the low-infiltrate tumors from immunocompetent patients 

compared with tumors from immunosuppressed patients, 

whereas no difference was observed in markers of cytotoxicity 

(Figures 1E–1J). The increase in T cell infiltration and markers of 

cytotoxicity and exhaustion supports the conclusion that high-infil

trate cSCC is under increased surveillance, whereas immune sur

veillance in low-infiltrate cSCC from immunocompetent patients is 

expected to be more similar to that in cSCC from immunosup

pressed patients.

Figure 1. Only a portion of cSCC tumors from immunocompetent patients have higher immune infiltration than tumors from immunosup

pressed patients 

(A–D) xCell immune cell deconvolution of all cSCC samples with available RNA-seq data (32 immunocompetent and 10 immunosuppressed). (A) Boxplots 

comparing xCell ImmuneScore in immunocompetent and immunosuppressed patients. Immunocompetent patients were divided into high- and low-infiltrate 

groups based on the mean ImmuneScore of the immunocompetent group (dashed red line). The xCell ImmuneScore is calculated as the sum of the estimated 

immune cell abundances (subtypes of B cells, T cells, dendritic cells, eosinophils, macrophages, monocytes, mast cells, neutrophils, and natural killer [NK] cells). 

(B) Heatmap illustrating the frequencies of immune cell types. Samples were arranged by hierarchical clustering. Cell types were included if they had a score of at 

least 0.05 in at least 10 samples. (C and D) Boxplots comparing infiltration of (C) CD8+ T cells and (D) Treg cells across immunocompetent and immunosup

pressed patients. 

(E–J) Boxplots comparing the expression of (E) CD274 (encodes programmed death-ligand 1 [PD-L1]), (F) PDCD1, (G) CTLA4, (H) LAG3, (I) GZMB, and (J) PRF1 in 

cSCC tumors from immunocompetent and immunosuppressed patients. A Kruskal-Wallis test with Dunn’s multiple comparisons test was used to examine 

differences in (A) and (C)–(J). 

See also Figure S1.
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To isolate the role of the immune system, we also compared 

the demographics across the high- and low-immune-infiltrate tu

mors from immunocompetent patients and the tumors from im

munosuppressed patients. The distribution of sex, stage, and 

metastatic status was equivalent for immunocompetent and im

munosuppressed patients; however, immunocompetent pa

tients were significantly older than immunosuppressed patients 

(Figures S1G–S1J; Table S2).

Lower clonal mutational burden in high-infiltrate tumors 

from immunocompetent patients

Next, we compared the overall mutational burden and signature 

across high- and low-infiltrate cSCC tumors from immunocompe

tent patients and cSCC tumors from immunosuppressed patients. 

We observed a wide range in the mutational burden of cSCC 

tumors (Figure 2A; Table S3), as previously reported.7,29–32 Tumors 

from immunosuppressed patients had a significantly larger 

number of overall mutations and missense mutations compared 

with high-infiltrate tumors from immunocompetent patients 

(Figures 2B and 2C), whereas low-infiltrate tumors from immuno

competent patients had an intermediate mutational burden. We 

then calculated the proportion of mutations in each tumor attribut

able to established mutational signatures (Figure 2A). Most tumors 

had a predominant signature of UV-induced mutations, consistent 

with the known etiology of skin cancer. The other predominant 

mutational signature, especially in low mutational burden tumors, 

was the ‘‘clock-like’’ signature (single-base substitutions (SBS) 1 

and SBS5), which consists of mutations known to accumulate in 

human cells at a steady rate over time.33 However, SBS1 is also 

the predominant signature of formalin-fixed, paraffin-embedded 

(FFPE)-induced mutations chemically corrected during the DNA 

extraction process.34 Therefore, filtering criteria were selected to 

Figure 2. Lower mutational burden and comparable mutational profile in high-infiltrate cSCC compared with tumors from immunosup

pressed patients 

Somatic mutations were identified, and missense mutations were annotated, in cSCC tumors (42 immunocompetent and 18 immunosuppressed). Tumors 

without RNA-seq data are indicated as having unknown infiltration. 

(A) Top: bar graph showing somatic and missense mutational burdens. Bottom: stacked bar graph showing the proportion of mutations in each tumor attributable 

to known COSMIC mutational signatures. 

(B–E) Comparison of (B) somatic mutations, (C) missense mutations, (D) proportion of mutations attributable to UV signature (single-base substitutions [SBS] 7a, 

b, and c), and (E) proportion of mutations attributable to SBS1, a putative FFPE signature, across tumors segregated by immune status. Differences in scale 

parameters for (B)–(E) were tested using a Kruskal-Wallis test with Dunn’s multiple comparisons test. 

See also Figure S2.
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minimize excess SBS1 signature (Figures S2A–S2C). After filtering, 

no significant difference was observed in the proportion of the 

signature attributable to UV exposure or the putative FFPE signa

ture between cSCC tumors from immunocompetent and immuno

suppressed patients (Figures 2D and 2E). Two out of four patients 

treated with azathioprine had a strong azathioprine signature, as 

expected.29,30 Overall, no significant differences were observed 

in the mutational signature in high- or low-infiltrate cSCC from 

immunocompetent patients and cSCC from immunosuppressed 

patients, supporting the conclusion that differences in neoantigen 

profile are unlikely to be attributable to underlying differences in 

mutational signature. The lower mutational burden in high-infiltrate 

tumors from immunocompetent patients in the context of a com

parable mutational signatures suggests the possibility of immu

noediting in tumors from immunocompetent patients.

In addition to a lower mutational burden, high-infiltrate cSCC tu

mors from immunocompetent patients had a significantly lower 

mean variant allele frequency (VAF; proportion of sequencing 

reads containing the variant) compared with low-infiltrate cSCC tu

mors from immunocompetent patients and cSCC tumors from im

munosuppressed patients (Figures 3A and 3B). To identify the 

cause of this difference, first tumor purity was evaluated. A 

decrease in purity would be expected to decrease the VAF distri

butions because fewer sequencing reads would be attributable 

to the tumor and able to contain the variant of interest. Although 

all tumors were reviewed by a dermatopathologist and annotated 

by a dermatologist to guide macrodissection of the tumor, high- 

infiltrate tumors from immunocompetent patients had decreased 

purity compared with low-infiltrate tumors from immunocompe

tent patients and tumors from immunosuppressed patients 

(Figure 3C). The difference in purity was inversely correlated with 

the immune cell infiltrate (Figure 3D), suggesting that the differ

ences in purity were attributable to differences in immune infiltra

tion in cSCC. As expected, the mean VAF was significantly asso

ciated with purity (Figure 3E); however, the differences in VAF 

distributions across immunosuppressed and immunocompetent 

Figure 3. Lower clonal mutational burden in high-infiltrate tumors from immunocompetent patients 

(A) VAF distributions for all mutations from each tumor with WES and RNA-seq (32 immunocompetent, 10 immunosuppressed). Each tumor is represented by a 

line indicating the mutation density at specific VAFs. 

(B) Mean VAF for each tumor, segregated by immune status. 

(C) Tumor purity estimates from RNA-seq gene signatures, segregated by immune status. 

(D) Sample purity vs. immune infiltration (xCell ImmuneScore), with a fitted linear regression (dashed line). 

(E) Mean VAF vs. sample purity. The dashed line indicates the expected relationship between purity and mean VAF, presuming only clonal mutations. The solid 

line indicates the observed relationship between purity and mean VAF. 

(F) Mean CCF (VAF adjusted for purity and copy number) for each tumor, segregated by immune status. 

(G) CCF distributions for all mutations from each tumor. Each tumor is represented by a line indicating the mutation density at specific CCFs. The red line indicates 

the cut point used to define clonal and subclonal mutations. 

(H) Mean CCF vs. immune infiltration (xCell ImmuneScore), with a fitted linear regression (dashed line). 

(I) Proportion of clonal mutations (CCF > 0.75) out of all observed somatic mutations, segregated by immune status. 

(J) Proportion of subclonal mutations out of all observed mutations, segregated by immune status. Subclonal mutations here are defined as mutations that were 

significantly lower than a purity-adjusted threshold for clonality using a one-sided binomial test. Elsewhere in the manuscript, ‘‘clonal’’ and ‘‘subclonal’’ are 

defined by a CCF threshold of 0.75. Differences in scale parameters for (B), (C), (F), (I), and (J) were tested using a Kruskal-Wallis test with Dunn’s multiple 

comparisons test.
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patients could not be attributed to purity alone. If only clonal muta

tions were detectable, then the expected mean VAF would equal 

half the empirically measured purity (Figure 3E). Thus, a higher 

number of subclonal mutations must have been present in high- 

infiltrate tumors from immunocompetent patients to explain the 

significantly lower mean VAF compared with tumors from immuno

suppressed patients.

To adjust for tumor purity, we calculated the cancer cell frac

tion (CCF; VAF adjusted for purity and copy number) and found a 

significant decrease in the mean CCF of high-infiltrate tumors 

from immunocompetent patients compared with tumors from 

immunosuppressed patients, with low-infiltrate tumors from 

immunocompetent patients showing an intermediate mean 

CCF (Figures 3F and 3G). There was also an inverse association 

of immune infiltration with the mean CCF, where the mean CCF 

increased with lower immune infiltrate (Figure 3H). Furthermore, 

high-infiltrate cSCC had a lower proportion of clonal mutations 

relative to the overall mutational burden compared with cSCC 

from immunosuppressed patients; low-infiltrate tumors from 

immunocompetent patients had an intermediate proportion of 

clonal mutations (Figure 3I). This finding was confirmed by an in

crease in the proportion of subclonal mutations in high-infiltrate 

tumors from immunocompetent patients, calculated by a sec

ond method of assigning clonality (Figure 3J). Together, these re

sults demonstrate a substantial difference in the observed clonal 

and subclonal mutational profiles in tumors from immunocom

petent and immunosuppressed patients.

Two additional factors that may influence the distribution of 

clonal mutations in the tumor are (1) the growth rate of the tumor 

and (2) immune selective pressure. Assuming neutral evolution, 

rapidly growing tumors acquire more subclonal mutations that 

remain at a very low allele frequency compared with slower- 

growing tumors or tumors with constant population size. Conse

quently, in simulated VAF distributions, most variants remain 

unique to a small proportion of cells and are predicted to be unde

tectable by standard variant-calling pipelines, resulting in a single 

peak of clonal mutations with a frequency equal to half the empir

ically measured purity (Figure 4A). In contrast, we expect a higher 

number of detectable subclonal mutations for tumors that are 

slowly growing or have a constant population size, leading to a 

lower mean VAF (Figure 4B). The second factor that may influence 

the distribution of clonal and subclonal mutations is immune se

lective pressure. Studies have demonstrated that the immune 

system is more apt to recognize and target neoantigens at higher 

frequencies in the tumor.17,35–37 If the immune system selectively 

targets neoantigens, this would drive down the VAF and CCF dis

tributions. To account for the potential effects of both growth rate 

and targeting of neoantigens by the immune system on individual 

patient VAF distributions, we used an approximate Bayesian 

computation (ABC) approach for parameter estimation.38 VAF dis

tributions were simulated across a range of growth rates and ra

tios of clonal:subclonal mutations, using patient-specific purities 

(Figure 3C) and coverage distributions (Figure 4C), to find the 

values of both parameters that best explain the observed VAFs 

(agreement between the estimated and observed distributions 

within each patient is visualized in Figures 4D, 4E, and S3). The 

most likely parameter fits for the observed VAF distributions 

showed no significant difference in growth rates (Figure 4F) and 

a significantly lower ratio of clonal:subclonal mutations in high- 

infiltrate tumors from immunocompetent patients compared 

with tumors from immunosuppressed patients, with low-infiltrate 

tumors from immunocompetent patients occupying an intermedi

ate level (Figure 4G). Qualitative results were consistent across as

sumptions of the number of cells, the use of relative vs. absolute 

mutation counts, and the ranges of parameters simulated. These 

results suggest that immune selective pressure restricts clonal 

mutations in tumors with high immune infiltrate relative to tumors 

from immunosuppressed patients.

Lower clonal mutational burden in tumors from 

immunocompetent patients confirmed in an 

independent dataset

To increase the sample size, we sequenced 17 additional tu

mors, 14 from immunosuppressed patients and 3 from immuno

competent patients (Table S2). Sampling was preferentially 

skewed toward tumors from immunosuppressed patients to 

adjust for the previous imbalance in the data. Because differ

ences in the sequencing technology prevented comparisons 

across the datasets, we independently compared the character

istics of the mutational burden and VAFs in the new data. Consis

tent with the original dataset, tumors from immunocompetent 

patients had lower mutational burdens (Figures 5A and 5B), 

though the difference did not reach statistical significance. Tu

mors from immunocompetent patients had significantly lower 

VAF distributions (Figures 5C and 5D) and significantly lower pu

rity (Figure 5E) compared with tumors from immunosuppressed 

patients. After adjustment for purity, a significant difference in 

the CCF persisted (Figure 5F), and a significantly lower propor

tion of clonal mutations was observed in tumors from immuno

competent patients (Figure 5G). These results provide indepen

dent evidence corroborating the restriction of clonal neoantigens 

in tumors from immunocompetent patients.

Given that purity estimates are central to determining the ac

curacy of the CCF distributions, we employed an independent 

approach to corroborate the purity estimates. A random set of 

samples across the original and new cohorts were analyzed us

ing machine learning on dermatologist-annotated whole-slide 

images. The percentage of neoplastic cells was calculated and 

compared with the RNA-based purity estimates. The indepen

dent estimates showed a significant association, and both esti

mates ranged between 40% and 80% (Figure S4A). Critically, 

the RNA estimates were lower for most samples than the ma

chine learning estimates, suggesting that our interpretation of 

the CCF shifts may be conservative. Examples of cell annota

tions in a high-, medium-, and low-purity sample are included 

(Figures S4B–S4D). Overall, these independent, pathology- 

based estimates corroborate the accuracy of the RNA-based es

timates and further demonstrate that purity alone does not 

explain the prominent shift in the VAF and CCF distributions 

observed between high-infiltrate tumors and tumors from immu

nosuppressed patients.

Immunoediting at the DNA level selectively occurs in 

high-infiltrate tumors from immunocompetent patients

To control for non-neoantigen-based immune escape mecha

nisms, we evaluated the tumors for loss of heterozygosity of hu

man leukocyte antigen (HLA) alleles and mutations in B2M 

(a subunit of MHC class I, loss of which has been implicated in 
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immune evasion).39 For this and all subsequent analyses, the old 

and new datasets were combined because the comparisons 

were either neutral to the sequencing platform or normalized to 

within-patient metrics. HLA alleles were identified in both the tu

mor and normal samples to assess for loss of heterozygosity of 

HLA alleles within the tumor, as reported.11 Homozygosity of at 

least one HLA allele unique to the tumor sample, suggesting 

loss of heterozygosity, was observed in 5/17 high-infiltrate tu

mors from immunocompetent patients, 4/18 low-infiltrate tu

mors from immunocompetent patients, and 7/24 tumors from 

immunosuppressed patients. There was no significant differ

ence in the proportion of tumors with loss of heterozygosity 

across the groups (p = 0.94, Fisher’s exact test; Table S4). No 

mutations in B2M were identified that passed the coverage 

and allele count filters. Therefore, all patients were considered 

subject to neoantigen-based immunoediting, but prediction of 

Figure 4. ABC approach to estimate growth rate and clonal:subclonal ratio reveals lower ratio of clonal:subclonal mutations in high-infiltrate 

cSCC tumors from immunocompetent patients 

(A and B) Simulated VAFs with varying growth rates in (A) an exponentially growing population and (B) a constant population size. The remaining simulation 

parameters are constant in the two scenarios. The total number of mutations is the same in the two scenarios, but in (A), most variants remain undetectable at very 

low frequency, whereas in (B), most detected mutations are subclonal. 

(C) Mean sequencing coverage across all variants, segregated by immune status. 

(D–G) ABC was implemented to select the simulated VAFs that had the best chi-square goodness-of-fit statistic between the observed and estimated distri

butions. VAF distributions were simulated across a range of growth rates and ratios of clonal:subclonal mutations to find the values of both parameters that best 

explain the observed VAFs. 

(D) Representative examples of histograms comparing the VAF distributions estimated by the posterior distributions from the implementation of ABC to the 

observed VAF distributions in specific patient tumors. 

(E) Comparison of the observed mean VAF to the estimated mean VAF from the models selected using ABC methods. The dotted line indicates the 1:1 cor

respondence between observed and estimated mean VAFs. 

(F) Optimized growth rates from the estimated VAF distribution results. 

(G) Optimized estimate of the underlying clonal:subclonal ratio from the estimated VAF distribution results (includes both observed subclonal mutations and 

subclonal mutations below the limits of detection for variant calling). Differences in scale parameters for (C), (F), and (G) were tested using a Kruskal-Wallis test 

with Dunn’s multiple comparisons test. 

See also Figure S3.
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binding neoantigens was restricted to HLA alleles maintained in 

the tumor because neoantigens specific to lost HLA alleles 

should not be subject to the same immune-mediated selective 

pressure.

To further characterize the role of the immune system in 

shaping the mutational profile, we compared the predicted 

neoantigen:MHC class I binding affinity, as MHC binding has 

consistently been identified as a key characteristic of neoantigen 

immunogenicity.8,40–44 For simplicity, all mutated peptides 

examined are referred to as ‘‘neoantigens,’’ although only a 

portion will be recognized by the immune system. Two hypothe

ses for the impact of the immune system on the neoantigen pro

file are (1) that MHC class I-binding neoantigens are recognized 

and eliminated in the setting of an intact immune system, leading 

to a decrease in the proportion of binding neoantigens in immu

nocompetent patients, or (2) that the immune response restricts 

MHC class I-binding neoantigens to lower VAF within the tumor. 

As each patient has a different set of HLA alleles and some indi

viduals have fewer alleles due to homozygosity, we compared 

100 in silico mutational profiles for each patient to assess for 

overall loss of binding neoantigens. In silico mutational profiles 

were generated using the trinucleotide-aware mutation spec

trum and the inferred mutability of each gene based on the den

sity of synonymous mutations (Figures S5A–S5D). No significant 

differences in the proportion of neoantigens predicted to bind 

MHC class I were identified between the in silico and observed 

mutations for either immunocompetent or immunosuppressed 

patients (Figure 6A), suggesting that binding neoantigens were 

not completely eliminated from the tumor.

There appears to be a slight increase in the proportion of bind

ing neoantigens in high-infiltrate tumors from immunocompetent 

patients compared with low-infiltrate tumors in immunocompe

tent patients and tumors from immunosuppressed patients. 

Although this difference is non-significant, it is striking given 

that the direction of change is opposite to what would be ex

pected if the proportions of binding neoantigens were influenced 

by immunoediting. Additionally, the difference is conserved 

across both the observed and expected proportions of binding 

neoantigens. Because the in silico mutational profiles were 

generated using a mutational signature that was held constant 

Figure 5. Lower clonal mutational burden in tumors from immunocompetent patients confirmed in an independent dataset 

Characteristics of the mutational burden of tumors (3 immunocompetent and 14 immunosuppressed). 

(A and B) Comparison of (A) somatic mutations and (B) missense mutations in tumors, segregated by immune status. 

(C) VAF distributions for all mutations from each tumor. Each line represents a tumor, with the peak height indicating mutation density at specific VAFs. 

(D) Mean VAF for each tumor, segregated by immune status. 

(E) Tumor purity estimates from RNA-seq gene signatures, segregated by immune status. 

(F) Mean CCF (VAF adjusted for purity and copy number) for each tumor, segregated by immune status. 

(G) The proportion of clonal mutations (CCF > 0.75) out of all observed mutations, segregated by immune status. Differences in scale parameters for (A), (B), and 

(D)–(G) were tested using a Wilcoxon rank-sum test. 

See also Figure S4.
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across all three groups (high infiltrate, low infiltrate, and immuno

suppressed), the only parameter that differed between the 

groups was the HLA alleles. Therefore, we further characterized 

the HLA profiles across the three groups. Although no individual 

HLA allele is significantly different between the groups, the over

all HLA profiles differ substantially (Figures S5E–S5G). Given the 

differences in the overall HLA profiles, we restricted all subse

quent analyses of neoantigen characteristics to intra-patient 

metrics.

To test for restriction of binding neoantigens to low VAF, we 

adapted previous methods45 and performed linear regression 

analyses comparing the MHC class I dissociation constant (KD) 

of the optimal neoantigen (minimum KD) and the VAF of the 

variant within each patient and tracked the coefficients 

(Figure 6B). As lower KD indicates higher binding affinity, a pos

itive coefficient between VAF and KD indicates worse binding of 

neoantigens at higher VAF. High-infiltrate tumors from immuno

competent patients had significantly higher VAF:MHC class I KD 

coefficients compared with low-infiltrate tumors from immuno

competent patients and tumors from immunosuppressed pa

tients (Figure 6C). All high-infiltrate tumors from immunocompe

tent patients showed positive associations between VAF and 

MHC class I KD, suggesting that binding neoantigens are 

restricted to lower VAF in tumors with an intact immune 

response. When immune infiltration was used as a continuous 

variable, there was a significant association of higher 

VAF:MHC class I KD coefficients with increased immune infiltra

tion (Figure 6D). Overall, although there is no net decrease in 

binding neoantigens in high-infiltrate tumors from immunocom

petent patients, the binding neoantigens present are at lower 

relative VAF, supporting the role of the immune system in 

shaping the neoantigen profile in the tumor.

One potential mechanism for the decrease in high-frequency 

mutations resulting in binding neoantigens would be the loss of 

clonal mutations or duplication of the non-mutated allele through 

copy-number alterations. Therefore, we tested the proportion 

of binding neoantigens in regions with and without copy-number 

alterations and found no significant difference in either immuno

competent or immunosuppressed patients (Figure S5H). 

These results suggest that a change in copy number is not a pre

dominant mechanism for the loss of high-frequency binding 

neoantigens.

Figure 6. MHC class I-binding neoantigens are restricted to a lower VAF in an immune-dependent manner 

(A) Comparison of the observed proportion of binding neoantigens (KD < 500 nM) to the expected proportion of binding neoantigens, calculated as the average 

proportion of binding neoantigens from 100 iterations of in silico mutations. 

(B) Schematic of the analysis performed in (C) and (D). 

(C) Comparison of the VAF:MHC class I KD coefficients, segregated by immune status. 

(D) Linear regression of VAF:MHC class I KD coefficients vs. the ImmuneScore xCell. A one-way ANOVA with a post hoc Tukey HSD test was used to examine 

differences in (C) due to the homogeneity of variances across the groups. 

See also Figure S5.
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In addition to accumulation of binding neoantigens at low fre

quency, previous work has suggested that neoantigens can accu

mulate in low-expressing regions of the genome as a mechanism 

of immune escape, either through downregulation of genes with 

neoantigens or preferential elimination of cells with high expres

sion of neoantigens.11,12,18,46 Therefore, we modified a prior 

approach12 to test whether neoantigens were enriched at low 

expression compared with what would be expected from the in sil

ico mutations. As expected,12 positive enrichment scores were 

observed across the majority of the tumors, indicating enrichment 

of binding neoantigens at low expression (Figure S5I). However, 

the observed enrichment was not significantly different than the 

expected enrichment given the mutational landscape alone 

(Figure S5I). Additionally, there was no significant difference in 

the enrichment scores for immunocompetent and immunosup

pressed patients. This observation is consistent with a prior report 

that the trinucleotide mutational context derived from UV exposure 

biases toward more binding mutations in lowly expressed 

genes.19,20 Overall, we did not detect RNA-level immunoediting 

in cSCC tumors from immunocompetent patients.

Neoantigen characteristics shared with validated 

immunogenic neoantigens are decreased in clonal 

relative to subclonal populations in high-infiltrate 

tumors from immunocompetent patients

We next sought to identify characteristics of neoantigens that are 

preferentially targeted through immunoediting. Because our pre

vious analyses demonstrated that immunoediting in cSCC pri

marily affected the clonality of neoantigens rather than elimi

nating them from the tumor, we compared neoantigen 

characteristics between the clonal and subclonal neoantigen 

populations. Intra-patient comparisons between the clonal and 

subclonal populations have the further advantage of controlling 

for the HLA allele profiles between the groups.

First, all neoantigens were annotated with characteristics 

involved in antigen processing, presentation, and T cell receptor 

(TCR) recognition (Table S5). For processing and presentation, 

the mRNA-level expression of the gene encoding the peptide, 

the proteasomal cleavage potential of the peptide, and the trans

porter associated with antigen processing (TAP) transport po

tential of the peptide were considered.47 For binding, the 

KD
42,48 and stability49 of neoantigen:MHC class I were consid

ered, as each has been shown to provide distinct and comple

mentary information for prioritizing immunogenic neoantigens.40

Finally, for TCR recognition, peptides must differ from the normal 

peptide in either their binding to MHC class I or their interaction 

with the TCR. The difference in MHC binding was calculated as 

the differential agretopic index (DAI; ratio of the KD of the wild- 

type to the mutant peptide).50,51 For differences in the interaction 

with the TCR, the cross-reactivity distance was calculated, 

which quantifies the likelihood that a T cell would be able to 

discriminate the mutated from the wild-type peptide based on 

the position of the amino acid change and the change in the 

size and hydrophobicity of the amino acid.8

Next, we used k-means clustering to identify clusters of neoan

tigens with similar characteristics (Figure 7A). The optimal number 

of clusters was determined as the number that resulted in a local 

maximum in the gap statistic (Figure S6A), which compares the 

intra-cluster variation (sum of squares) at each number of clusters 

to the sum of squares under the null reference distribution (e.g., 

uniform distribution).52 The fraction of neoantigens attributable 

to each cluster was compared across the clonal and subclonal 

neoantigens in high- and low-infiltrate tumors from immunocom

petent patients and tumors from immunosuppressed patients. 

Cluster 6, which is defined by low KD (high binding affinity), high 

stability, and high expression (Figures 7A and S6B–S6D), repre

sented a lower proportion of clonal neoantigens relative to subclo

nal neoantigens in high-infiltrate tumors from immunocompetent 

patients (Figure 7B). The lower proportion of cluster 6 neoantigens 

in the clonal compared with subclonal populations suggests re

striction of cluster 6 neoantigens from the clonal population. Crit

ically, no comparable change was observed between clonal and 

subclonal neoantigens in low-infiltrate tumors from immunocom

petent patients or tumors from immunosuppressed patients 

(Figure 7B), supporting the conclusion that the lower proportion 

of cluster 6 neoantigens in the clonal population in high-infiltrate 

tumors is immune mediated.

By contrast, cluster 7 had a similar range of KD and stability but 

low expression values (Figures 7A and S6B–S6D) and showed no 

difference in proportion between clonal and subclonal neoanti

gens in high-infiltrate cSCC from immunocompetent patients 

(Figure 7C), supporting that immune targeting of immunogenic 

neoantigens requires sufficient levels of expression. The majority 

of neoantigens had relatively high TAP and cleavage scores, with 

the exception of cluster 2 (Figures S6E and S6F). Cluster 6 was 

not defined by changes in the DAI or cross-reactivity distance 

(Figures S6G and S6H), and the clusters defined by DAI and 

cross-reactivity distance (clusters 1 and 5, respectively) did not 

have a difference in proportion between clonal and subclonal 

neoantigens (Figures S6I and S6J). The high DAI group (cluster 

1) had lower binding affinity than cluster 6 (p < 2.2 × 10− 16, Wil

coxon rank-sum test), suggesting that many of the cluster 1 neo

antigens may be insufficiently presented on MHC class I to elicit 

an immune response. Of the characteristics evaluated, a combi

nation of high binding affinity and high stability of the pepti

de:MHC complex, along with high expression of the mutated 

gene, defined the neoantigens with a lower proportion in the 

clonal relative to the subclonal population in high-infiltrate tu

mors from immunocompetent patients.

To substantiate the finding that the decrease in cluster 6 neo

antigens in the clonal population is attributable to an immune 

response, we tested whether this cluster was enriched in vali

dated immunogenic neoantigens. We obtained validated immu

nogenic neoantigens from three available datasets.43,53,54 We 

then annotated these neoantigens with the same set of charac

teristics and assigned them to the closest matched cluster from 

Figure 7A (Figures 7D and S6K). We found that the distributions 

of the cluster assignments differed significantly between immu

nogenic and non-immunogenic neoantigens (Figure 7E). These 

results remained largely stable when analyzed separately across 

the three datasets (Figure S6L). Strikingly, 52.3% of immuno

genic neoantigens were assigned to cluster 6, whereas only 

13.2% of non-immunogenic neoantigens were assigned to clus

ter 6 (Figure 7E). This reflected an increase from 3.8% of all neo

antigens validated as immunogenic to 13.6% of cluster 6 neoan

tigens validated as immunogenic. The cluster with the next 

largest proportion of immunogenic neoantigens was cluster 1, 

defined by high DAI. Cluster 1 contained 19.9% of validated 
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Figure 7. Neoantigen characteristics shared with validated immunogenic neoantigens are decreased in clonal relative to subclonal popula

tions in high-infiltrate tumors from immunocompetent patients 

(A) Clustering analysis across characteristics for all neoantigens from tumors with WES and RNA-seq (35 immunocompetent, 24 immunosuppressed). 

(B and C) Proportion of (B) cluster 6 neoantigens and (C) cluster 7 neoantigens in the clonal and subclonal populations, segregated by immune status. Differences 

in scale were tested using the signed-rank test statistic for intra-patient comparisons. 

(D) Schematic of the analysis applying the identified clusters to three sets of validated immunogenic neoantigens. 

(E) Comparison of immunogenic neoantigens in each cluster out of all immunogenic neoantigens, and non-immunogenic neoantigens in each cluster out of all 

non-immunogenic neoantigens. Fisher’s exact test statistic was used to compare the counts of immunogenic and non-immunogenic neoantigens in each cluster, 

with the reference being all other clusters combined; all p values were adjusted using a Bonferroni correction. NS, non-significant; NA, not applicable, included for 

the comparison with zero in one group. 

See also Figure S6.
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immunogenic neoantigens and 9.2% of non-immunogenic neo

antigens, consistent with studies suggesting that DAI is a char

acteristic of at least a subset of neoantigens.8,41,43,51 Overall, 

these findings demonstrate that neoantigens with a lower pro

portion in the clonal compared with subclonal populations in 

high-infiltrate tumors from immunocompetent patients are those 

most likely to be recognized by the immune system.

DISCUSSION

Although evidence consistent with immunoediting has been 

demonstrated in multiple associative studies, a central challenge 

in the field has been determining to what extent changes in the 

neoantigen profile are attributable to immune-mediated selec

tion. This is the first study, to our knowledge, to use a compari

son between tumors from immunocompetent and immunosup

pressed patients to evaluate the role of the immune system in 

sculpting the neoantigen profile. Compared with low-infiltrate tu

mors from immunocompetent patients and tumors from immu

nosuppressed patients, high-infiltrate tumors from immunocom

petent patients demonstrated (1) a lower proportion of clonal 

neoantigens that was not explained by purity or growth rate 

alone, (2) an association of increased binding to MHC class I 

with lower VAFs, and (3) lower proportions of neoantigens from 

the clonal population with characteristics defining immunogenic 

neoantigens. These findings provide robust evidence that the 

immune system sculpts the neoantigen profile.

In addition to providing evidence that immunoediting occurs, 

this study demonstrates the predominant effects of immunoedit

ing on the neoantigen profile. Previous studies of immunoediting 

have examined whether the immune system decreases the pro

portion of MHC class I-binding neoantigens compared with what 

is expected by random chance.11,13,19 Consistent with previous 

work,19 we demonstrated that the overall proportion of binding 

neoantigens is equivalent to what is expected given the muta

tional signature of the tumor. However, there is a shift in the neo

antigens most likely to be immunogenic toward lower frequency 

in the tumor. Restriction of clonal neoantigens is also supported 

by a shift toward lower CCF distributions in autochthonous tu

mors from immunocompetent compared with immunocompro

mised mice.17 One study of the response to immune checkpoint 

inhibition also demonstrated a decrease in frequency of immu

nogenic neoantigens,10 suggesting that restriction of clonal neo

antigens is an escape mechanism that continues to predominate 

through tumor treatment. Supporting previous work,20 we 

demonstrated that observed enrichment of immunogenic neo

antigens at low expression is consistent with what is expected 

based on the underlying mutational signature. Together, these 

results suggest that the predominant impact of the immune sys

tem on the neoantigen profile of cSCC is the restriction of immu

nogenic neoantigens to a low frequency.

The difference in the proportion of cluster 6 neoantigens be

tween the clonal and subclonal populations is significant but not 

large in magnitude, raising the question of whether the effect of 

immunoediting is relatively weak. However, the magnitude of 

the shift observed in cluster 6 neoantigens likely underestimates 

the impact of immunoediting, as a large proportion of that cluster 

is still expected to be non-immunogenic. Despite the observation 

that 52.3% of validated immunogenic neoantigens are assigned 

to cluster 6, only 13.6% of cluster 6 neoantigens are immunogenic 

due to the abundance of non-immunogenic neoantigens 

(comprising 96.2% of the starting population). The low overall fre

quency of immunogenic neoantigens within cluster 6 may reflect 

one of many things: (1) error in predicting each of the neoantigen 

characteristics, (2) characteristics of immunogenic neoantigens 

that have not yet been determined, (3) a need for smaller clusters 

to further refine the characteristics of immunogenic neoantigens 

(which would likely require a larger sample size), or (4) immuno

logic ignorance, where a neoantigen has the potential to elicit an 

immune response but has not for reasons not explored in this 

study (such as immunodominance hierarchies or insufficient prim

ing and cross-presentation). Therefore, the ability to detect the in

fluence of immunoediting despite our imperfect understanding of 

neoantigen immunogenicity demonstrates a central role for the 

immune system in sculpting the neoantigen profile.

One question arising from these findings is how the immune 

system restricts clonal neoantigens in immunocompetent pa

tients. The first hypothesis is that there is immunoediting before 

tumorigenesis, leading to a survivorship bias. Under this hypoth

esis, if a tumor driver mutation occurs in a cell with many binding 

neoantigens, all its descendants will be eliminated by the im

mune system. Therefore, the only tumors that become clinically 

detectable are those with a lower clonal mutational burden that is 

less recognizable to the immune system. This hypothesis is 

consistent with the lower number of clonal mutations in high-infil

trate tumors and the mutational signature of the tumors, which is 

predominantly attributable to UV exposure (and therefore likely 

to accumulate over time). Second, immunoediting could occur 

on new mutations after tumorigenesis, preventing them from 

reaching a high frequency in the tumor. In this case, a binding 

neoantigen that arose after tumorigenesis would be prevented 

from becoming high frequency through an active immune 

response, restricting clonal binding neoantigens. To explain 

the lower number of clonal mutations under this hypothesis, a 

significant number of clonal (or apparently clonal) mutations 

must have occurred after tumorigenesis. Importantly, these 

mechanisms are not mutually exclusive; therefore, we consider 

it most likely that the immunoediting observed is attributable to 

a combination of survivorship bias and restriction of new muta

tions from becoming clonal. Finally, previously clonal mutations 

might be targeted by the immune system and partially removed, 

leaving a remnant in the subclonal population. Although this is 

consistent with a shift of binding neoantigens toward lower 

VAF, the change from a clonal mutation to a subclonal mutation 

would require either back-mutation or changes in copy number 

of an allele, both of which are unlikely to occur at high frequency. 

Additionally, there was no increase in the proportion of binding 

neoantigens in regions with copy-number alterations, as would 

be expected if this were a dominant mechanism. Although this 

mechanism could contribute, it is unlikely to be a dominant 

cause of the immunoediting observed.

Finally, a methodologic advance provided by this study is the 

conceptualization of clusters of neoantigens. We propose 

that the clustering analysis provides a unique approach to charac

terizing the overall neoantigen profile. Although previous ap

proaches from our group and others have provided 

prediction tools for the immunogenicity of individual neoanti

gens,8,40,41,43,44 it is consistently a challenge to summarize the 

ll
Article 

12 Immunity 59, 1–16, July 14, 2026 

Please cite this article in press as: Borden et al., Immunoediting restricts clonal neoantigens in primary, treatment-naive human tumors, Immunity 

(2026), https://doi.org/10.1016/j.immuni.2026.05.005



neoantigen landscape of the whole tumor. Although the exact clus

ters may be refined and expanded with additional data and char

acteristics, the ability to map new neoantigens onto the same set 

of clusters enables comparison of the neoantigen landscape 

across tumors. We envision that this may have significant utility 

in comparing the neoantigen landscape across cancer types as 

well as in detecting shifts in the neoantigen profile in other clinical 

scenarios, including in response to treatment with immune check

point inhibition or personalized neoantigen vaccines.

Overall, this work provides evidence that the immune system 

shapes the neoantigen profile in primary, treatment-naive human 

tumors by restricting clonal immunogenic neoantigens. A critical 

application of this work is the need to target multiple, clonal neo

antigens when designing personalized vaccine strategies to pre

vent immune escape through increased heterogeneity. We 

further demonstrate that the immune infiltrate in the tumor signif

icantly impacts the available neoantigen targets, suggesting that 

the immune microenvironment should be considered in deter

mining the optimal treatment for an individual tumor. Previous 

studies have demonstrated an association of the clonal muta

tional burden with the response to immune checkpoint inhibi

tion.35–37,55 In combination with results showing that immunoe

diting restricts the clonal neoantigen burden, these findings 

suggest that low-immune-infiltrate tumors may have a more 

target-rich environment. However, effectively targeting the avail

able clonal neoantigens in low-infiltrate tumors may require a 

combination approach with strategies aimed at modulating the 

underlying immune microenvironment, as recently reviewed.56

These findings advance our understanding of the impact of the 

immune system on shaping tumor evolution and provide a foun

dation for further studies into the impact of these changes on 

individualized therapeutic approaches.

Limitations of the study

This study has several limitations that delineate opportunities for 

future investigation. To further elucidate the mechanisms of re

striction of clonal neoantigens, future work should consider 

multi-regional sampling over time to allow for examination of 

temporal and spatial impacts on the clonal dynamics of primary 

human tumors. Additionally, although we demonstrate that the 

cluster with a lower proportion of clonal neoantigens is enriched 

in validated immunogenic neoantigens, we were not able to test 

the immunogenicity of the neoantigens identified in this study. 

Another open question is how the enrichment of immunogenic 

neoantigens in the subclonal population may influence the over

all T cell response. Immunodominance hierarchies have various 

effects in determining T cell phenotypes.57 Comparing the neo

antigen profiles to T cell phenotypes may further our understand

ing of the impact of immunogenic neoantigens in the subclonal 

population. Finally, this study focused on MHC class I neoanti

gens, and additional studies are needed to examine the impact 

of the immune system on MHC class II neoantigens.
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METHOD DETAILS

cSCC samples

This study analyzed WES and RNA-Seq data previously obtained by our team from 60 patients with cSCC (42 immunocompetent and 

18 immunosuppressed).58 Samples with only RNA-Seq data were excluded from the study. An additional set of WES and RNA-Seq 

data was generated from 17 patients with cSCC (3 immunocompetent and 14 immunosuppressed). Immunosuppressed patients 

were included if they were solid organ transplant recipients or had been treated with systemic azathioprine, tacrolimus, prednisone, 

methylprednisone, sirolimus, mycophenolate mofetil, methotrexate, cyclosporin, or a combination of the aforementioned medica

tions. One patient considered immunosuppressed in the prior study58 was excluded because the treatment inhibited only the Th2 

response (dupilumab for Crohn’s disease). The resulting sample sizes and full demographic data are provided in Table S2. For 

skin site annotated throughout, head/neck includes ear, cheek, forehead, jaw, lip, temple, and scalp; trunk includes back; upper ex

tremity (UE) includes arm and hand; and lower extremity (LE) includes leg and foot.

Primary tumors and normal tissue controls were manually macrodissected from serial sections, guided by the annotations of a 

board-certified dermatologist. A GeneRead formalin-fixed paraffin-embedded (FFPE) kit was used to isolate DNA from the FFPE tis

sues and chemically correct FFPE-induced mutations following the manufacturer’s recommendations (Qiagen). For the second set of 

samples, the QIAmp Advanced DNA FFPE kit was used due to the discontinuation of the GeneRead FFPE kit; the only difference 

noted in the protocols was the double-lyse protocol included in the QIAmp Advanced DNA FFPE kit. RNA was isolated using the 

RNAeasy FFPE kit (Qiagen). Specimens were prepared for sequencing as described.58 All exome libraries were prepared using 

the Agilent SureSelectXT Low Input prep reagents and the SureSelectXT Human All Exon v5 + UTR capture reagents. WES was per

formed with an average coverage of approximately 80x and RNA-Seq with approximately 60 million reads per sample. The WES sam

ples had a read length of 100 bp for the majority of the existing data, with a read length of 150 bp for a subset of the existing data and 

all of the new data. All of the existing data (60 cSCC samples) were sequenced on the Illumina HiSeq 4000, while the new data were 

sequenced on the Illumina NovaSeq X due to the discontinuation of support for the Illumina HiSeq 4000.

Read count quantification

RNA FASTQ files were visualized for quality with FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). RNA-Seq 

data were aligned to the GRCh38 reference genome using STAR.59,74 Gene-level read count quantification was performed with Sub

read featureCounts function to obtain raw reads (Table S1).60,75 Read counts were transformed to transcripts per million (TPM) for 

downstream analyses.

Immune cell deconvolution

Immune cell deconvolution was performed across all samples using quanTIseq,28 xCell,26 and MCP-counter,27 applied using the im

munedeconv (v.2.1.0) package in R.72 For clear visualization, results were scaled by row for heatmap visualization. High and low infil

tration groups were split on the mean immune infiltration calculated by xCell. Infiltration group was used as an annotation across the 

results from quanTIseq, xCell, and MCP-counter to demonstrate the consistency of high infiltration in these tumors, estimated by 

multiple approaches. xCell estimates the prevalence of the following cell types: B cells (naive, plasma, memory, and class-switched 

memory), CD4+ T cells (non-regulatory, central memory, effector memory, memory, naive, Th1, Th2, Tregs), CD8+ T cells (central 

memory, effector memory, naive, gamma delta, and NK), common lymphoid progenitor cells, common myeloid progenitor cells, 

granulocyte-monocyte progenitor cells, hematopoietic stem cells, dendritic cells (myeloid, myeloid activated, and plasmacytoid), eo

sinophils, macrophages (M1 and M2), monocytes, mast cells, neutrophils, and NK cells, cancer associated fibroblasts, endothelial 

cells. The ImmuneScore is calculated as a sum of the estimates of immune cell abundances from xCell.

Mutational burden and signature

WES FASTQ files were visualized for quality with FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). WES 

FASTQ files were trimmed using bbduk (sourceforge.net/projects/bbmap/) with a quality-trim to Q30 using the Phred algorithm, a 

minimum length of 75 base pairs, and a minimum average quality of at least 20 for the read. Subsequently, quality was revisualized 

after trimming and showed mean quality scores above 30 for the full length of the reads as anticipated. Read mapping to the GRCh38 

genome from 1000 genomes76 was performed with bwa-mem (v0.7.17).61 Bam files were converted to sam files with SAMtools, and 

mate coordinates were corrected with fixmates from SAMtools.62 Duplicates were marked with Picard MarkDuplicates.63 Somatic 

variants were identified with a combination of Mutect2 (v4.1.8.1)63 and Strelka2(v2.9.2).64,77 GATK Mutect2 variants were analyzed 

Continued
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for read biases using LearnReadOrientationModel, and these biases were incorporated into the GATK Mutect2 filtering. Consistent 

with previous work,40 only variants identified by both GATK Mutect2 and Strelka2 were kept, to ensure high-fidelity calls. Subse

quently, variants were further filtered for those with a minimum read depth of at least 10 total reads and at least 5 reads supporting 

the alternative allele (Table S3). Mutations were annotated using the Variant Effects Predictor (VEP) from Ensmebl with cache version 

109.65 The Downstream plugin was applied for VEP to account for any downstream effects of frameshift variants on the protein 

sequence. VEP-annotated variant call files were converted to MAF files with MAF tools for efficient downstream mutational ana

lyses.66 Mutational signatures were deconvoluted using the Sigminer (v.2.3.1) package from R.67

Clonality and heterogeneity

VAFs were obtained from GATK Mutect2 during the identification of somatic variants. To better compare the heterogeneity of the 

tumors, CCFs were calculated from the VAF using the following equation:

CCF =
VAF

P
x (CNt ∗ P + CNn ∗ (1 − P)):

Where P is the purity, calculated from the RNA-Seq data with Puree,69 the CNt is the copy number of the allele in the tumor calcu

lated with CNVkit, and CNn is the normal copy number.68 Somatic variants with a CCF greater than 1 were set to 1 to more accurately 

reflect the percentage of the tumor containing a given mutation. The number of clonal neoantigens was quantified as the number of 

neoantigens with a CCF > 0.75, consistent with a prior study.46 Given the uncertainty involved in defining neoantigens as subclonal or 

clonal based on a CCF cutoff, we performed additional testing to support that the subclonal and clonal neoantigens are correctly 

assigned. A one-sided binomial test was performed to assign neoantigens as subclonal only if they had a VAF significantly lower 

than the purity-adjusted VAF threshold for clonality.

Inference of growth rate and clonal ratio

We lack analytical expectations for the shape of the VAF under different models of tumor growth. Fortunately, we have analytical 

expectations for a closely related summary statistic, well-known in population genetics, the site frequency spectrum (SFS). The 

SFS is a histogram showing the distribution of allele frequencies among loci within a sample. It summarizes the frequencies of derived 

alleles across the sequenced haplotypes.78 Under the standard neutral model (SNM), that is, a model of constant population size with 

no selection,79 the SFS decays as 1/x 1̂, where x is the number of haplotype copies in a sample of size of n haplotypes (x ranges from 

1, mutations present only in one haplotype, to n, mutations present in all haplotypes copies in the sample). In contrast, under expo

nential growth, the SFS decays as 1/x 2̂.80,81 This results in a faster decay of the SFS under population expansion and an excess of 

low-frequency variants relative to the SNM. To illustrate the expected differences in the SFS based on the tumor growth rate, we 

performed two simulations holding all parameters equal aside from the growth rate (Figures 4A and 4B). The remaining simulation 

parameters are as follows: the number of sequenced cells (150,000), the ratio of clonal:subclonal mutations in the sequenced sample 

(0.05), the number of mutations per cell (10), tumor purity (100%), the number of required alternative reads to call a mutation (2), and 

the mean coverage (80) and variance (15) of the sequencing reads.

Unlike the SFS, the sample size or number of sequenced haplotypes (or cells/individuals) per locus in a given VAF is not visually 

readily apparent. To generate a VAF, a large pool or sample of diploid cells (at least 1,667 cells in this study) is used, rather than 

sequencing a predefined number of individuals/cells as in the construction of an SFS. However, the average sequencing coverage 

(∼80X in this study) is substantially smaller than the pool or sample size. This is equivalent to subsampling with replacement from a 

large SFS to a more modest sample size. The coverage also varies across different sites, adding more uncertainty to the recovered 

allele frequency distribution. The VAF is therefore a noisy version of the SFS, and it is particularly underpowered for the detection of 

low-frequency mutations. Moreover, in tumor VAFs, mutations tend to occur only once in a chromosome copy, so the highest achiev

able allele frequency in the sample is not n but n/2. To circumvent these peculiarities, we simulate the entire sequencing-calling- 

filtering process used to generate our tumor VAFs under the SNM and a model of an exponentially growing population. To account 

for intermediate ‘‘growth rates’’, we allow the exponent to vary between 1 and 2 (see below).

Three simulation parameters were held constant across patients:

• Number of sequenced cells present in the sample (n = 1,667). The sequencing protocol requires 10 nanograms to 1 microgram 

of DNA. Since a diploid human cell contains about 6 picograms (pg) of DNA, this is the lower limit of sequenced cells. This lower 

limit is more than an order of magnitude larger than the average coverage (∼80X), making it unlikely, but not impossible, that the 

same piece of chromosome will be sequenced more than once.

• The number of mutated sites per cell (μ > 10). The exact value of μ is not critical, provided that the total number of mutations in 

the theoretically large sample of cells (n = 1,667) is sufficiently large to generously populate all SFS frequency bins. Note that we 

use normalized VAF counts as summary statistics rather than absolute VAF counts. This normalization allows our inference to 

remain independent of the underlying mutation rate and reduces the optimization to just two parameters (see below).

• The number of required alternative reads to call a mutation (ri = 5). This number is extracted from our mutation calling protocols. 

This filter removes sequencing errors, but also all true singletons found in SFS and many other low-frequency variants.
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Finally, patient-tailored VAF distributions were simulated using patient-specific coverage distributions (with mean coverage across 

patients ∼80X, Figure 4C) and estimated RNA purities (Figure 3C). Then, 5,151 simulations were performed per patient across a range 

of values for two parameters:

• The ‘‘growth rate’’ (simulated range [1, 2] in 0.01 steps). Analytical expectations were used to vary the exponent in the SFS 

decay, which we interpret as a proxy for the ‘‘growth rate’’.

• Ratio of clonal:subclonal mutations, C (simulated range [0, 0.5] in 0.01 steps). The normalized SFS is a mixture of the (1-C) times 

the original normalized SFS plus C times an SFS with weight only at frequency n/2.

The results of each simulated VAF were stored as the normalized number of mutations observed in binned intervals (ranging from 

0 to 1 with a bin size of 0.01), summing to one. This is our vector of summary statistics, which is compared to the patient normalized 

VAF with the same binned intervals. Approximate Bayesian Computation (ABC) was used to approximate the posterior probabilities 

that estimate the growth rates and ratios of clonal:subclonal mutations from the normalized VAF simulations. The rejection method 

used a tolerance of 0.001; all analyses were performed with the abc package implemented in R.80 We subsequently evaluated the 

mean of the parameters from the accepted simulations.

In silico mutations

We developed a null mutation model that integrates mutation rate variation at two genomic scales: the trinucleotide context (using the 

96-type pyrimidine-oriented mutation spectrum) and the gene level. Note that this model is not strand-oriented. To capture DNA 

sequence context-dependent mutability, we aggregated all single-nucleotide somatic coding mutations across patients into two, 

not independent, pan-cancer substitution rate vectors per trinucleotide context—one for synonymous (putatively neutral) mutations 

in all genes (drivers+passengers) and another for coding mutations in passenger genes. Hereafter, we refer to these as the synon

ymous and passenger mutation spectra, respectively. We confirmed that the mutation spectra for both immunosuppressed and 

immunocompetent patients are remarkably similar (Pearson correlation coefficient = 0.99, p < 0.0005, Figure S5A).

To account for the variation in mutability across genes, we first estimated the expected number of synonymous mutations per 

gene. This expected number for a given gene i (ξs,i) is calculated by multiplying the number of synonymous mutation opportunities 

per gene (Ls,i), which is determined by the gene’s 3-mer composition and length, and by the synonymous mutation spectrum. Next, 

we calculated the expected synonymous substitution rate per site (λs,i) for each gene by dividing ξs,i by Ls,i. It is important to note 

that λs,i varies between genes due to differences in their 3-mer composition for synonymous mutation opportunities. For instance, 

a gene with more synonymous CpG>TpG opportunities than the average gene will have a higher λs,i on average.

Subsequently, for each gene, we modeled the distribution of ξs,i using a Poisson distribution (dpois() function in R) with the 

gene’s λs,i and Ls,i values. We then assessed how the observed number of synonymous mutations in gene i (Os,i) compares to this 

distribution. If Os,i matches the mean of the distribution of ξs,i, the gene’s mutability (us,i) is one, indicating that the gene mutates 

as expected given its length and 3-mer composition. However, this is not typically the case, as some genes will mutate more or 

less than expected due to variations in regional mutation rate covariates, such as replication time or expression levels. To adjust 

for these factors, we define a corrected version of λs,i, which accounts for gene mutability (λs,i
′ = λs,i × us,i). We again use a Poisson 

distribution and maximum likelihood estimation to find the value of λs,i
′ that best explains Os,i. Figure S5B displays the distribution of 

inferred us,i across genes. To validate the usefulness of including inferred gene mutabilities in our null mutation model, we compared 

the fit between the expected number of nonsynonymous mutations per gene (calculated using the passenger mutation spectrum and 

the gene’s nonsynonymous mutation opportunities) and the observed number of nonsynonymous mutations per gene across all pa

tients (Figure S5C). Although the correlation is strong (R2 = 65%, p < 0.0005), it becomes even stronger (R2 = 74%, p < 0.0005) when 

we use the inferred gene mutability to calculate the expected number of nonsynonymous mutations per gene, particularly for long 

genes (Figure S5D). This result suggests that incorporating gene mutability using synonymous mutation density is a reasonable 

choice.

To generate in silico mutations, we begin by computing a large mutation probability vector that spans all coding sequences in hu

man autosomes. This vector is constructed by concatenating substitution rate vectors for each site in a gene, which are determined 

by the passenger mutation spectrum and the gene’s 3-mer composition (for both synonymous and nonsynonymous mutation oppor

tunities). However, simply concatenating these substitution rate vectors does not account for the known significant variability in gene 

mutability (Figure S5B). To address this, we adjust each gene’s substitution rate vector by multiplying it by the corresponding gene’s 

mutability vector. The resulting large vector is then normalized to ensure its sum equals one. Finally, we apply a hypergeometric dis

tribution (rhyper() function in R), using the observed number of coding mutations in a patient’s genome and the large normalized mu

tation probability vector, to generate 100 replicates per patient. Each replicate contains the same number of coding mutations as 

observed in the original patient. The null mutation model itself is not patient-specific. What is patient-specific, however, is the mu

tation burden within coding sequences and the individual’s HLA alleles. The proportion of neoantigens expected to bind MHC class 

I was calculated for each set of in silico mutations and averaged across 100 iterations.

Machine learning estimates of tumor purities

We estimate tumor purity of the cSCC whole slide images using a two-step pipeline. First, an experienced, board-certified derma

tologist manually annotated all tumor regions in each whole slide image that corresponded to sections used for downstream genomic 
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sequencing. These annotations were used to generate binary masks delineating tumor-containing regions, which served as input for 

nuclei segmentation. Next, we employed CellViT,70 a Vision Transformer-based deep learning model, to perform nuclei segmentation 

and classification within the identified tumor regions based on binary masks. CellViT was pretrained on over 104 million histopathol

ogy image patches spanning 19 cancer types. The model classifies individual nuclei into five phenotypic categories: neoplastic, in

flammatory, epithelial, dead, and connective. Tumor purity was computed as the proportion of neoplastic nuclei relative to the total 

number of nuclei detected within the annotated tumor region. The machine learning estimates of purity were then compared to the 

RNA estimates of purity, and examples of the cell annotations are provided to demonstrate the accuracy of the nuclei assignments.

HLA alleles and B2M mutations

Patient-specific HLA alleles were identified in both tumor and normal samples using Polysolver (Table S4).71,82 Variant call files were 

queried for mutations in B2M. A comparison of the HLA alleles identified in tumor and normal samples was used to determine the 

frequency of loss of heterozygosity within the tumors. HLA alleles identified in the tumor samples were utilized for binding predictions 

to ensure that the predicted neoantigens could be presented within the tumor cells. For the comparison of the HLA allele distributions, 

we used a χ2 test statistic for proportions for each allele.

Comparison of neoantigen characteristics with VAF distributions

VEP-annotated mutations were processed into 21mer amino acid sequences using pVAC-Seq tools version 3.0.5.73 A set of char

acteristics was calculated for each neoantigen from every patient (Table S5). mRNA expression of each neoantigen was calculated at 

the gene level and quantified as TPM. The MHC class I:neoantigen dissociation constant (Kd) was then predicted for every 9 and 

10mer sequence to each patient allele and non-patient allele with netMHCpan4.0.42,48 TAP transport and proteasomal cleavage po

tential were predicted with NetCTLpan1.1.47 Neoantigen:MHC class I binding stability was calculated with NetMHCstab1.0.49 DAI 

was calculated as the ratio of the dissociation constant for the wild-type peptide compared to the neoantigen as described.40,41

Cross-reactivity was calculated using the methods and code previously described.8 Since the previous model was trained only 

on 9mer sequences, the position factor for position 10 was presumed to be equivalent to that calculated for position 9. Dissociation 

constants were also predicted for every in silico mutation from each of the 100 iterations for each patient-specific HLA allele. Sub

sequently, we calculated the average proportion of binding neoantigens across the 100 iterations of in silico mutations and compared 

this expected proportion to the observed proportion in the true patient mutations. A linear regression was then fitted between the Kd 

and the VAF for each patient, and the coefficient of the model was tracked. The coefficients were subsequently compared across 

high and low infiltrate tumors from immunocompetent patients and tumors from immunosuppressed patients. Finally, we compared 

the proportion of binding neoantigens out of all neoantigens in regions with copy number alterations compared to the proportion of 

binding neoantigens out of all neoantigens in regions without copy number alterations.

Enrichment of neoantigens at low expression

Enrichment of predicted binding neoantigens at low expression was calculated with a method similar to what has been previously 

described.12 All neoantigens were ranked in order from lowest to highest expression. Then, each neoantigen was assigned a 

rank, with neoantigens at the same expression level assigned to the same rank. The ranks for all binding neoantigens and non-binding 

neoantigens were summed and divided by the total number of neoantigens in that category. Then, the result for all binding neoanti

gens was subtracted from that for the non-binding neoantigens. Overall, the enrichment score was calculated as:

Enrichment =

∑i = nnb

i = 1

ri

nnb

−

∑i = nb

i = 1

ri

nb

:

Where ri is the rank of a given neoantigen, nnb is the number of non-binding neoantigens, and nb is the number of binding neoan

tigens. In this way, lower expression for the binding neoantigens leads to a lower adjusted rank score for the binding neoantigens, and 

a higher enrichment score when this value is subtracted from the adjusted rank score for the non-binding neoantigens. The same 

process was repeated for all 100 iterations of in silico mutations, and the average expected enrichment score was calculated for 

each patient.

Clustering analysis

A set of characteristics was calculated for each neoantigen from every patient as described above. mRNA expression, dissociation 

constant, MHC class I:neoantigen binding stability, and DAI were all normalized on a log 10 scale, and all characteristics were scaled 

and centered on zero. Clustering was performed with K-means clustering. The optimal number of clusters was determined by calcu

lating the gap statistic at a range of clusters from 1 to 10 using the clusGap package from R (Figure S6A).52

Validation of clustering analysis

Validated immunogenic neoantigens were obtained from the data curated by Müller et al.54 This included neoantigens validated by 

Müller et al. (HiTide)54 as well as those from Wells et al. (TESLA)43 and Gartner et al. (NCI).53 We subset the available data with the 

following inclusion criteria: 1) peptides directly tested for an immune response, 2) peptides that were 9 or 10 amino acids in length, 3) 
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peptides mapped uniquely to a single optimal HLA allele, and 4) peptides with a maximum of one nucleotide difference between the 

mutant and wild-type peptides. Because of the exceptionally large number of non-immunogenic neoantigens in the dataset from 

Gartner et al., we subset a random 2,000 non-immunogenic neoantigens. The final neoantigen counts were 30 immunogenic and 

1,201 non-immunogenic neoantigens from HiTide, 60 immunogenic and 2000 randomly-selected non-immunogenic neoantigens 

from NCI, and 31 immunogenic and 587 non-immunogenic neoantigens from TESLA. The mRNA expression (in units of TPM), cleav

age scores, and TAP scores were provided by Müller et al. We calculated the MHC class I binding for mutant and wild-type, the DAI, 

and the cross-reactivity distance for each of the peptides as described above. All data was normalized and scaled as described 

above. We then calculated the distance of each new neoantigen to the kmean centers previously determined, and assigned the neo

antigen to the cluster with the minimal distance from the kmean center. This analysis was performed using the flexclust package in R 

statistical software. Finally, we compared the proportion of immunogenic and non-immunogenic neoantigens assigned to each 

cluster.

QUANTIFICATION AND STATISTICAL ANALYSES

Statistical analyses were performed in R. Statistical tests are indicated in all figure legends or the text. Non-parametric tests were 

used when assumptions for parametric tests were violated (e.g., homogeneity of variance), as well as when the primary comparison 

included density functions between groups or simulations/hypothesized distributions. The sample size for each comparison is noted 

in the text or in the figure legends, where relevant. The threshold for significance was set to p < 0.05. For all boxplots, the bold line 

indicates the median, and the upper and lower limits of the boxes indicate the 75th and 25th percentiles, respectively. The lower and 

upper whiskers indicate the minimum and maximum after excluding outliers. Dots outside of the box and whiskers indicate outliers.
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