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Figure 1. Hapster algorithm and validation
(A) Simplified overview of the Hapster algorithm. For each gene, Hapster infers optimal reference sequences from normal sequencing data, realigns to these

personalized references, and calls mutations. For a complete description, see STAR Methods.

(B) Germline variants identified from 69WES samples from the 1000Genomes Project relative to either the standard referenceGRCh38 or to dynamically selected

references using 8 different haplotypers. A perfect reference sequence should produce 0 apparent germline variants.

(C) Fraction of simulated insertions or deletions (indels) and SNVs that were either called and passed all filters, were called and filtered by either Hapster or

Mutect2, or were never called. Shown here are mutations simulated at a VAF of 0.45 and a coverage of �1003.

(D) QQ plot for observed RNA seq read support for HLA variants, assuming read support is only due to sequencing error according to a beta binomial model.

Variants were identified by Hapster alone (red) or by both Hapster and Polysolver (blue) fromWES data. A comparison is shown to randomly generated alternate

bases (gray), which are only supported by noisy reads and follow the null model (diagonal black line).

(E) Boxplot showing the number of private germline variants observed per tumor in those caseswith or without somaticMHCmutations.Wilcoxon rank sum test p

values with BH correction.

(legend continued on next page)
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RESULTS

Hapster allows for more sensitive and specific somatic
mutation calls in MHC genes
Hapster is a complete mutation calling pipeline that (1) selects

personalized reference haplotype sequences, (2) prunes

contaminant and misaligned reads, and (3) detects26,27 and fil-

ters variants (Figure 1A). For the first function, in principle, any

existing human leukocyte antigen (HLA) haplotyper28–34 could

be used to identify HLA haplotype sequences. However, in prac-

tice, existing haplotypers often report HLA types for which only

the sequences for exons 2 and 3 are known35 (Figure S1A).

This is insufficient for somaticmutation calling where a full-length

sequence is needed to call variants in all exons/introns. We

therefore developed a generalized haplotyping algorithm to re-

turn full-length sequences for MHC class I and class II genes.

For the second and third functions, we developed MHC-specific

strategies for pruning of contaminant and misaligned reads orig-

inating from other MHC genes and pseudogenes, as well as for

the identification of false positive somatic mutation calls. A

detailed overview of the Hapster pipeline is included (STAR

Methods).

To benchmark the haplotype inference portion, we used a set

of 69 whole-exome sequencing (WES) samples from the 1000

Genomes Project with reported haplotype calls.33,36 To compare

Hapster with other methods, we called germline variants in WES

data relative to each haplotyper’s inferred haplotype for each in-

dividual. Using sequencing data as ground truth, a perfectly

identified reference would lead to no germline variants being

identified. We observe that, relative to the standard GRCh38

reference, there is a median of 17–38 germline variants observed

per allele. All tested haplotypers improve upon this, with each

having a median of 0 and a mean of <0.5 observed germline mu-

tation per allele (Figure 1B), similar to the genome-wide average

of �1 variant per kilobase.37 In a larger population of 10,001

normal tissue samples from TCGA, Hapster identified 0–3 germ-

line variants per allele (Table S1).

To assess Hapster’s sensitivity, we simulated 200 synthetic

MHC haplotypes with a randommutation, followed by simulated

WES at depths ranging from 53 to 1003 and variant allele frac-

tions (VAFs) of 0.025–0.45. Of the 200 simulated mutations, 94%

(187/200) were successfully identified (Figure 1C) at 1003

coverage and a VAF of 0.45. Following filtering, 18 of these calls

were removed by either Hapster’s or Mutect2’s filters, giving a

final sensitivity of 85% (169/200) for high-coverage clonal vari-

ants. Inspection of the 13 variants that failed to be called showed

that 12 were in regions of low coverage following probe capture

(Table S2). As such, they are false negatives due to the capture

kit design rather than to Hapster’s algorithm. When looking at re-

sults over the range of coverages and VAFs, we see that as

coverage and VAF decrease, sensitivity decreases as expected

due to lower read support for variants (Figure S1D). A compari-

son of simulated vs. observed VAFs for eachmutation call shows

that at most simulated VAFs, Hapster produces calls with slightly

lower observed VAFs, likely due to a slight loss of reads following

read filtering (Figure S1E).

To assess specificity, we called somatic mutations in all 450

samples from the TCGA head and neck squamous cell carci-

noma (HNSC) cohort with tumor and normal labels swapped

such that no somatic variants should be identified. In 9 cases,

an apparent somatic variant was identified that passed all filters.

Assuming all 9 calls are false positives gives a specificity of 98%

(441/450).

To assess Hapster’s accuracy using an orthogonal

sequencing technology, we used Hapster to call somatic muta-

tions in WES data and then determined if these same mutations

were supported by paired RNA sequencing (RNA-seq) data. Es-

tablished RNA-seq validation methods are not ideal, as they rely

on alignment of reads to a reference, which would be inappro-

priate in validating Hapster. We therefore developed an orthog-

onal alignment-free kmer-based approach to determine if the

reads support variants in the RNA based on a beta-binomial

model of sequencer error (STAR Methods), avoiding reference

selection or alignment biases. Of the 80 variants in the WES

data, 72 had high enough coverage in the RNA-seq data to un-

dergo validation. Of these, 63 variants (88%) had read support

significantly exceeding the null model (p < 0.05 [Benjamini-

Hochberg adjusted (BH-adj.)], Figure 1D), and 4 (5%) were trun-

cating with evidence of nonsense-mediated decay (Figure S1B).

This leaves only 5 variants (7%) without RNA evidence, poten-

tially due to the limitations of our model, low tumor cellularity,

loss of heterozygosity (LOH), or transcriptional silencing.38

For a second orthogonal validation, we performed Sanger

sequencing on tumors from MI-ONCOSEQ39 with sufficient

DNA or tissue samples. All 14 candidate variants called by Hap-

ster were detected in the Sanger chromatograms from tumor

specimens while being absent in traces from patient-matched

normal tissues (Figure S1C). Addressing the possibility of germ-

line variants being miscalled as somatic due to poor reference

selections, we found no evidence of enrichment of somatic mu-

tations in cases with higher numbers of private germline variants

(Figure 1E).

Finally, we applied Hapster to a larger set of 7,746 samples

from TCGA that have previously reported mutations called by

both the Broad Genomic Data Analysis Center (GDAC) standard

reference-based pipeline and the Polysolver personalized pipe-

line.34,40We found that when callingmutations in theMHC class I

genes, Hapster detected over twice as many non-synonymous

mutations as the GDAC pipeline and 36% more than Polysolver

(Table S3; Figures 1F and S2A). Next we examined variant allele

frequency (VAF) distributions. Hapster tended to report slightly

higher VAFs (Figure S2B) due to preserving more variant reads

(F) Comparison of non synonymous mutation calls for the MHC class I genes between the GDAC pipeline, Polysolver, and Hapster across various cancer types

from TCGA. Lightly shaded bars represent possible false positives.

(G) Comparison of mutational consequences for variants called by the standard GDAC pipeline, Polysolver, or Hapster in the MHC genes vs. oncogenes, tumor

suppressors, and neutral genemutations from TCGA. Oncogenes (OGs): KRAS, PIK3CA, IDH1, CTNNB1, FOXA1, BRAF, AKT1, EGFR. Tumor suppressors (TSs):

TP53, RB1, PTEN, APC, BRCA2, VHL. Neutral genes: all others.

See also Figures S1 and S2 and Tables S1, S2, and S3.
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(Figure S2C) rather than failing to call low VAF mutations.

Conversely, variants exclusive to Hapster tended to be low

VAF mutations, supporting its higher sensitivity (Figure S2D).

We next performed an exhaustive search for potential false pos-

itives resulting from misalignment of sequencing reads origi-

nating from other homologous MHC genes or pseudogenes.

We found that only 6% of Hapster’s non-synonymous

calls matched known sequences in any other MHC gene, a

rate significantly lower than that of Polysolver (15%, Fisher’s

exact test p < 1e 10, BH-adj.) but similar to the GDAC pipeline

(4%, Fisher’s exact test p = 1, BH-adj.) (Figures 1F and S2E;

Table S3). An analysis of synonymous mutation calls shows

the apparently recurrent synonymous variants p.T214T and

p.A269A, which are identified as somatic mutations by Poly-

solver (Figure S2F). These mutations are unlikely to be under

extreme positive selection but have sequences exactly matching

non-classical MHC class I genes, i.e., are likely due to alignment

errors from HLA-E, HLA-F, or HLA pseudogenes. We next

compared the distribution of functional consequences of HLA

mutations called by each of the approaches. For both Hapster

and the GDAC pipeline, synonymous mutation calls were under-

represented when compared to neutral genes, consistent with

what would be expected for a potential driver gene (Figure 1G).

In contrast, we found that Polysolver had an over-representation

of synonymous calls, many of which can likely be attributed to

misaligned reads originating from non-classical MHC class I

genes (Figure S2F; Table S3).

Pan-cancer compendium of MHC class I and class II
mutations
To comprehensively characterize MHC class I and class II muta-

tion rates in human cancer, we analyzed 10,001 tumors across

35 cancer types from TCGA and 2,199 tumors across 24 cancer

types from MI-ONCOSEQ39 (Table S4), for a total compendium

of 2,069 MHC class I and class II mutations (Figure 2A;

Table S5). Samples from TCGA are mainly primary tumors, with

the exception of the melanoma cohort (skin cutaneous melanoma

[SKCM]),which consists onlyofmetastatic samples.Microsatellite

unstable (MSI) tumors are immunologically distinct due to their

significantly higher neoantigen burden,41 and we have therefore

separated themfromtheirmicrosatellite stable (MSS)counterparts

within the colon (colon adenocarcinoma [COAD]), stomach (stom-

ach adenocarcinoma [STAD]), and endometrial (uterine corpus

endometrial carcinoma [UCEC]) TCGA cohorts. While some other

cancers also have distinct subtypes, such as breast cancer

(BRCA) estrogen receptor (ER)+/� and HNSC human papilloma-

virus (HPV)+/�, no significant difference in MHC mutation rates

was observed between subtypes (BH-adj. chi-squared p = 0.27–

1). These cohorts were therefore not subdivided for further ana-

lyses. Samples from MI-ONCOSEQ are metastatic/refractory

and represent a significantly more advanced form of disease

compared with the corresponding TCGA cohorts, with cases

generally having receivedmultiple forms of prior systemic therapy

for their primarycancer, andoneormore roundsof therapy for their

metastatic cancer.

Mutations were in general distributed uniformly across the gene

body but occasionally concentrated within prominent hotspots

(Figures 2A and S3A). We found that for MHC class I, HLA-A and

HLA-B contained significantly more mutations than HLA-C, and

that for MHC class II, HLA-DRA contained significantly more mu-

tations than all other MHC class II genes except for HLA-DQB1

(Figure 2B). Within each HLA gene, no allele was found to bear

an excess of mutations. In primary tumors, we noted substantial

variation in both mutational frequency and functional conse-

quences across tumor types and MHC gene classes (Figure 2C).

We found non-synonymous MHC class I and class II mutations

in 10.5% of primary tumors (ranging from 2.7% to 72.5% across

cancer types) (Figure S3B), with 5.6% (range: 0.2%–62.3%) of pa-

tients harboring an MHC class I and 5.7% (range: 1.1%–21.7%)

harboring an MHC class II somatic variant. Consistent with previ-

ous reports that MSI tumors are under strong pressure to lose

MHC function,42,43 the COAD-MSI, STAD-MSI, and UCEC-MSI

cohorts make up 3 of the top 4 cohorts for MHC class I mutations

(Figures 2D and S3B), with the majority of variants being loss-of-

function (LOF) frameshifts or stop gains. MHC class II mutations

were also most prevalent in cancers with high mutation burden

including MSI tumors and melanoma (Figure 2E). However, LOF

mutations in the top-mutated cohorts were less frequent and the

variation in mutation rates across cancer types was lower

compared with MHC class I (Figures 2E and S3B). Interestingly,

there was a slight pan-cancer association between both MHC

class I and class II mutations and immune cell infiltration after

adjusting for tumor purity (Figure S3C), but further cohort-level

analysis showed that no individual cancer type had a significant

association after multiple testing correction.

Prevalence of MHC class I and class II mutations in
primary vs. metastatic tumors
The prevalence of MHC mutations in metastatic tumors is un-

known, a critical gap in knowledge considering the predominant

use of immunotherapies in this setting and the immunological

differences between the primary and metastatic tumor microen-

vironment (TME).39,44–47 Overall, we observed non-synonymous

MHCclass I and class II mutations in 7.6% (range: 3.3%–20%) of

metastatic/refractory patients, with substantial variation inmuta-

tional frequency and functional consequences between cancer

types (Figures 2F, 2G, and S3D). To directly compare mutation

rates between primary and metastatic cancers, we created a

set of pairings to match TCGA cohorts to MI-ONCOSEQ cohorts

(Table S6). For 15/17 pairings (88%), there were no significant

changes in primary vs. metastatic MHC class I or class II muta-

tion rates. However, for prostate and breast cancers, we

observed a significant increase in MHC class I mutations in met-

astatic cancers compared with primary cancers (Figure S3E;

prostate: F(1, 909) = 9.35, p = 0.03; breast: F(1, 1140) = 12.8,

p = 0.01, BH-adj.). No significant differences were seen in

MHC class II mutations.

Overall, these data provide a comprehensive look at MHC

class I and class II mutations pan-cancer, across both primary

and metastatic tumors. We find that somatic mutations of

HLA-A and HLA-B are most common, while HLA-C and MHC

class II genes are less frequentlymutated.While some significant

differences in MHCmutation rate between primary andmetasta-

tic tumors are noted, the majority of MHC mutations in metasta-

tic tumors are expected to be already present in the primary

tumor.
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Positive selection of non-synonymous MHC somatic
mutations
To identify positive selection of functional mutations within the

MHC genes, we applied CBaSE48 to each primary and metasta-

tic cohort from TCGA andMI-ONCOSEQ. HLA genes and haplo-

types are codominant, and each allele presents a largely unique

set of neoantigens.49 Additionally, specific T cell responses are

often immunodominant and mounted against only a few of

the presented neoantigens such that the mutation of a single

HLA allele may result in the complete inability to present an

Figure 2. Compendium of MHC class I and class II mutations in primary and metastatic tumors

(A) Distribution of all observed mutations in both primary and metastatic cancers across the coding region of the MHC genes. Binding pocket secondary

structures are noted above.

(B) Significant differences in the prevalence of non synonymous mutations and indels of individual MHC class I and class II genes. *p < 0.05; **p < 0.01;

***p < 0.001; ****p < 0.0001, BH adj. Fisher’s exact test.

(C) Cohort specific mutation rates for MHC class I and class II genes across all primary and metastatic cancers. Values are scaled to the number of individuals

within each cohort. Colors represent the fraction of cancers with non synonymous/indel mutations.

(D G) Cohort summaries of coding region mutations in MHC class I (D and F) and class II (E and G) genes in primary (D and E) and metastatic (F and G) cancers.

Values are scaled by the number of individuals within each cohort.

See also Figure S3 and Tables S4 and S5.
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immunodominant neoantigen. Given this, we treat all MHC class

I genes (and separately, all MHC class II genes) as one functional

unit, analogous to multiple genes of a protein complex,50 taking

into account the increased genomic length of this combined set

of genes. In primary cancers, CBaSE identified 6 cohorts (COAD-

MSI, STAD-MSI, diffuse large B cell lymphoma [DLBC], cervical

squamous cell carcinoma [CESC], HNSC, LUSC) with statisti-

cally significant evidence for positive selection of non-synony-

mous variants in the MHC class I genes and 3 cohorts

(cholangiocarcinoma [CHOL], kidney chromophobe [KICH],

uveal melanoma [UVM]) for the MHC class II genes (Figure 3A).

By this measure, the MHC class I genes are tied for 7th and

the MHC class II genes are tied for the 17th most recurrent driver

genes pan-cancer as determined by applying CBaSE to all pro-

tein-coding genes across primary cancers. A similar trend was

identified in metastatic and refractory cancers with the MHC

class I genes being mutated in two lymphoma cohorts

(M-DLBC, M-LYM), making them tied for 6th most recurrent

pan-cancer driver gene by number of cohorts significantly

mutated (Figure 3B). As an alternative measure of positive selec-

tion, we used Fisher’s method to create a combined score (Fpos)

for the strength of selection across all cohorts (Figures 3C and

3D). We found that in both primary and metastatic cancers, the

MHC class I genes scored in the top 0.1% of all protein-coding

genes according to this metric of positive selection (Figures 3C

and 3D), and in primary cancers, the MHC class II genes scored

in the top 0.5% (Figure 3C). Due to the exclusion of MHC class II

genes from the sequencing panel in a subset of MI-ONCOSEQ

samples, we were not statistically powered to investigate selec-

tion of MHC class II genes in metastatic cohorts.

We next looked at the clonality of mutations within the 6 TCGA

cohorts (COAD-MSI, STAD-MSI, DLBC, CESC, HNSC, LUSC)

reported to be significantly mutated by CBaSE. We show that

the majority of mutations in HLA-A (111/164, 68%) and HLA-B

(132/179, 74%) within these cohorts have a cancer cell fraction

(CCF) >0.7, consistent with the variants providing a survival

advantage followed by a clonal sweep (Figure 3E). In tumors

with multiple hits, we see that in each of these cohorts, the ma-

jority (63%–100%) of cases have at least one clonal variant

(Figures S4A and S4B). When there is at least one leading clonal

mutation, we see that co-occurring MHC class I mutations are

also primarily clonal in the DLBC (80%) and HNSC (88%) co-

horts, while in the remaining cohorts, we observe a mix of clonal

and subclonal mutations (Figures S4A and S4C). In cohorts

showing no evidence of positive selection, the proportion of

clonal mutations were significantly lower in both HLA-A and

HLA-B (Figure 3E), consistent with these being mostly subclonal

passenger mutations. In both groups,HLA-C is primarily subclo-

nal, indicating that mutations in this gene may not provide as

much survival benefit, consistent with our earlier finding that

HLA-C is less frequently mutated than HLA-A and HLA-B

(Figure 2B).

Impact of tumor mutation burden on MHC class I and
class II mutation frequency
To investigate the association between tumor mutational burden

(TMB) and MHC mutations, we compared the local TMB within

the MHC genes to the genome-wide TMB for each cancer

cohort. As TMB increases, we expect the number of passenger

mutations in a gene to increase stochastically. However, as TMB

increases, neoantigen burden also increases, and we would

expect increased selective pressures for LOF MHC mutations.

We therefore expect all cancer types to show a positive associ-

ation between TMB and MHCmutations, but in cohorts with sig-

nificant evidence of positive selection, this increase should be

elevated due to the added effect of both TMB- and neoanti-

gen-induced selective pressures. We show this to be the case,

with significantly mutated cohorts having a higher local TMB

within the MHC genes than other cohorts of similar global TMB

(Figure S4D).

We originally hypothesized that somatic loss of MHC class II

should mirror that of MHC class I given that both have been

shown to promote anti-tumor immune responses. However,

there was no association at the cohort level between MHC class

I mutations and MHC class II mutations after controlling for TMB

(Figures S4E–S4G). While MHC class I mutations appeared to be

most prevalent in cancer types with high TMB, MHC class II mu-

tations were frequently increased in low-TMB cancers with few

MHC class I mutations.

Functional consequences of MHC class I and class II
mutations
We next characterized the distributions of mutation functional

consequences in cohorts with and without evidence of positive

selection. We constructed an approximately neutral model by

looking at the distribution of functional consequences across

2.6 million mutations called from the entirety of the TCGA, the

overwhelming majority of which are known to be passengers51

(Figure 3F, ‘‘TCGA’’). MHC class I mutations within cohorts

showing no evidence of positive selection showed a conse-

quence distribution nearly identical to that of the neutral model

(Figure 3F, ‘‘unselected’’), suggesting that these mutations are

primarily passengers. However, in each of the 8 cancer types

that did showpositive selection, therewasasignificant difference

in consequence distributions when compared to the TCGA-

derived neutral model (chi-squared tests, p < 1e 3 to 1e 16,

BH-adj.). Consistent with the MHC’s role as a tumor suppressor,

this deviationwas caused by an increase in truncatingmutations,

which accounted for more than 40% of mutations in most co-

horts, as compared with the expected neutral rate of �12%.

The DLBC, CESC, and HNSC cohorts all have a high proportion

of stop gains (46%, 32%, and 28%, respectively) within the

MHC class I genes, accounting for 56% (60/108) of all observed

stop gains despite only comprising 8% (792/10,001) of TCGApa-

tients (Figure S4H). Notably, frameshift mutations in MHC class II

were rare even in MSI tumors but were unexpectedly common in

someMSS tumors including glioblastoma (GBM), ovarian cancer

(OV), and liver hepatocellular carcinoma (LIHC). These cohorts

were also depleted of synonymous mutations (Figure 3G).

Similar to the TCGA DLBC cohort, the refractory M-DLBC

cohort showed both a high mutation rate and a bias toward trun-

cating mutations in the MHC class I genes (35%). Other non-

DLBC refractory lymphomas (M-LYM) had a lower MHC class I

mutation rate but still had a bias toward truncating mutations

(65%) (Figures 3F and S4I). The lymphomas alone account for

52% of stop gains observed across all MI-ONCOSEQ cohorts
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Figure 3. Evidence for strong positive selection and deleteriousness of MHC somatic mutations

(A and B) Top 30 genes showing evidence of positive selection in primary (A) or metastatic (B) cancers by CBaSE by number of cohorts with significant evidence.

(C and D) Comparison of the number of cohorts significantly mutated vs. pan cancer metastatic Fpos for protein coding genes in primary (C) or metastatic

(D) cancers as measured by CBaSE. Vertical dashed lines show the cutoff for the top 0.5% of genes by Fpos.

(E) Cancer cell fraction (CCF) of MHC class I variants in TCGA cohorts showing significant evidence of positive selection compared with all other cohorts. Vertical

line shows 70% CCF, above which mutations are considered clonal. ***p < 0.001, Wilcoxon rank sum test after BH correction.

(F) Proportion of functional consequences observed in various groups: ‘‘TCGA,’’ 2,600,654 pan cancer mutations from TCGA an approx. neutral model; ‘‘un

selected,’’ cohorts showing no evidence of positive selection; others, cohorts showing evidence of positive selection (n = 21 96 mutations within positively

selected cohorts). ‘‘TCGA’’ and ‘‘unselected’’ are average frequencies across cohorts, with error bars showing SEM.

(G) Functional consequences of MHC class II mutations in select primary cohorts. Mutational consequence distribution of known OGs (KRAS, PIK3CA, IDH1,

CTNNB1, FOXA1, BRAF, AKT1, EGFR) and TSs (TP53, RB1, PTEN, APC, BRCA2, VHL) are shown.

(H) Sample level co occurrence of mutations in either the MHC class I or APM genes within positively selected cohorts. Percentage values show percentage of

mutated samples containing a hit in both the MHC class I and APM.
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(11/21) despite containing only 7% of patients. The HNSC,

CESC, and LUSC cohorts in TCGA are all squamous cell

carcinomas that correspond to a single cohort M-SQCC within

MI-ONCOSEQ. Similar to what was observed across the

primary squamous cancers, the pan-squamous M-SQCC (squa-

mous cell carcinoma) cohort showed an overall elevated muta-

tion rate and a high rate of LOF mutations when considering

frameshifts, stop gains, and splice region variants (35%; Fig-

ure S4J). Metastatic MSI tumors are underrepresented in

MI-ONCOSEQ, preventing any comparison with primary MSI

tumors. Altogether, these data reveal striking differences in

mutation frequency and deleteriousness not only across cancer

types but also between MHC class I and class II genes.

Patterns of mutual exclusivity and independence of
MHC mutations
Wenext lookedat the relationshipsbetweendeleteriousmutations

in the MHC class I genes and the APM (antigen presentation ma-

chinery)52 (Figure 3H). Other genes linked to MHC class I have

been identified as cancer driver genes (e.g., beta-2 microglobulin

[B2M]53), and it has been shown that driver genes that fall within

the same pathway frequently show mutual exclusivity. This effect

isstrongest in the lymphomas,where there issignificantmutualex-

clusivity betweenMHCmutations and theAPM (p=0.02, BH-adj.),

with no observed tumors having hits in both gene sets. However,

there is no mutual exclusivity in the squamous cell carcinomas

(p = 0.99, BH-adj.), with the LUSC, HNSC, andCESCcohorts hav-

ing 4%, 8%, and 13%, respectively, ofmutated tumorswith simul-

taneous hits in theMHCgenes and theAPM.MSI tumors had even

higher overlap,with 38%ofCOAD-MSI and 43%of STAD-MSI tu-

morscontaining simultaneoushits,whichdoesnot supportmutual

exclusivity (p = 0.99, BH-adj.). Finally, we looked at potential co-

mutation of the MHC class I genes with known driver genes. The

strongest observed co-occurrences were found in the HNSC

cohort with deleterious mutations of CASP8 (p = 4.5e 10),

a gene that plays a role in an alternative pathway for destruction of

malignant cells by the immunesystem,54andHRAS (p=9.2e 5), a

memberof theRAS familyofoncogenes thathasbeenshown tobe

associated with increased immune activity within head and neck

cancers.55

Mutational processes shape cancer-type-specific MHC
mutational patterns
For MSI cancers, mismatch repair deficiency (MMRd) is the pri-

mary mutational process leading to large numbers of insertions

or deletions (indels) within microsatellites.56 We have already

observed a high rate of frameshift indels within MSI tumors (Fig-

ure 3F) and notable hotspots (Figures 2A and S3A), and upon

further investigation, we found that the majority of these frame-

shifts (57/63, 90%) are due to single-base-pair indels at homo-

polymer microsatellites (Figure 4A) that occur at a rate much

higher than observed in MSS cancers (p < 1e 16) (Figure 4B).

MSI-associated indels were preferentially in longer homopoly-

mers, while MSS-associated indels showed no relationship

with homopolymer length (p < 0.001) (Figure 4C), which is

consistent with the mutational signature for MMRd.57

For the lymphoma and squamous cell carcinoma cohorts, we

observed a striking number of positionally recurrent (n > 2)

stop-gain mutations (Figure 4D), all of which were C>T or C>A

mutations. This is consistent with the process of cytosine deam-

ination,which is frequently observed in lymphomasdue to activa-

tion-induced cytosine deaminase (AID)58 and in squamous cell

carcinomas due to the closely related APOBEC (apolipoprotein

B mRNA editing enzyme, catalytic polypeptide) family of en-

zymes.59 Both AID and APOBEC have distinct sequence prefer-

ences for their deaminase activity that should be visible in the

sequence motifs surrounding each mutation. In the lymphomas,

wefind that 13/22 (59%)of the observed stopgainsmatch the ca-

nonical AID motif WRC (W = A/T, R = A/G) (Figures 4D–4F). Simi-

larly, across the squamous cell carcinoma cohorts, we find that

49/62 (79%) of observed stop gains match either the APO-

BEC3A/B/H/F motif TC or the APOBEC3G motif CCC

(Figures 4D, 4G, and 4H). Further, mutational signatures SBS2

and SBS13, which have been reported to be associated with

APOBEC activity,60 are significantly more active in squamous

cell carcinomas with observed stop-gain mutations (Figure 4I).

No further associations between specific signatures and MHC

mutations, with the exception of a small reduction in signature

SBS5 in melanomas with MHC class II mutations (Wilcoxon

rank-sum test, BH-adj. p = 0.03), were found.

Altogether, these observations suggest that truncating muta-

tions within the MHC genes originate due to specific mutational

processes active within select cancer types. The active pro-

cesses are responsible for producing highly immunogenic tu-

mors that are under pressure to select truncating mutations

within the MHC class I genes and are directly responsible for

creating the majority of the LOF mutations. Haplotypes

harboring homopolymer repeats and AID/APOBEC templates

are therefore more susceptible to this immune-escape

mechanism.

Missense mutations are enriched in specific MHC
functional domains
Missense mutations are often difficult to interpret as they can be

LOF, neutral, gain of function, or even neomorphic.61,62 We hy-

pothesized that deleteriousmissensemutations should accumu-

late predominantly within the functional domains that provide

the most immune escape potential for a tumor. To detect this

enrichment, we constructed two null models (Figure 5A; STAR

Methods), which we compared to the observed mutations

across MHC functional domains established through systematic

expert knowledge- and crystal structure-guided annotation of in-

dividual amino acids within the MHC class I proteins (Figures 5B

and S5A–S5C; Table S7). The first, ‘‘simulated’’ null model was

based on HLA mutations generated randomly taking into ac-

count HLA sequence trinucleotide contexts and observed muta-

tional signature activities within each positively selected cohort

(STARMethods). The second, ‘‘observed’’ null model was based

on 251 actual mutations called in cohorts that showed no evi-

dence of positive selection. We first compared the observed

null dN/dS (nonsynonymous to synonymous ratio) ratios with

the simulated null ratios across all functional domains (Figure 5C).

The log fold change of the observed vs. simulated local dN/dS

ratios were normally distributed (Shapiro-Wilk p = 0.99) with a

mean not significantly different than 0 (p = 0.38, BH-adj.),

showing that there are no significant differences between the
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two null models. In contrast, in cohorts showing evidence of pos-

itive selection, the local dN/dS fold change was also normally

distributed (Shapiro-Wilk p = 0.98, p = 0.433) but with a mean

significantly above 0 when compared with both the simulated

null (mean = 0.85, Cohen’s d = 0.63, p = 0.03, BH-adj.) and the

observed null models (mean = 1.13, Cohen’s d = 0.81, p =

0.02, BH-adj.) (Figure 5C). This shows a strong general trend to-

ward excess non-synonymous mutations across all annotation

regions.

We next examined which functional domains had the highest

enrichment of non-synonymous mutations in both primary and

metastatic tumors (Figures 5D and 5E). Compared to both the

null models, 5 of the 7 annotated functional domains showed a

2-fold or higher enrichment of non-synonymous mutations.

Some differences were noted between primary and metastatic

tumors. Specifically, based on the simulated null model, multi-

functional residues are under a stronger positive selection in

metastatic compared with primary tumors (Figures 5D and 5E),

while on the other hand, residues involved specifically in the

B2M, T cell receptor (TCR), and CD8 binding interfaces show

strong enrichment only in the primary tumors (Figures 5D

and 5E).

Mutations at the B2M interface are predicted to disrupt
MHC-B2M complex formation
In primary tumors, particularly striking are the B2M interacting

and binding pocket residues displaying dN/dS ratios of 5- to

10-fold with respect to both null models (Figures 5B, 5D, and

Figure 4. Distinct mutational processes shape cancer-type-specific MHC mutational patterns

(A) Position of observed frameshift mutations within the MHC class I genes of COAD MSI and STAD MSI tumors. Colors show length of homopolymer micro

satellites at each observed frameshift.

(B) Total number of 1 bp frameshifts observed per tumor at homopolymers of varying length in MSI and MSS tumors.

(C) Frequency of 1 bp frameshifts observed at homopolymers of varying length in MSI and MSS tumors.

(D) Position of observed stop gain mutations within theMHC class I genes of lymphomas and squamous cell carcinomas. Colors showmotif of mutated position.

(E and F) Canonical motif for AID (E) and DNA motifs for stop gain mutations (F) observed in lymphoma cohorts. Mutated base marked with red box.

(G) Canonical motifs for APOBEC proteins.

(H) DNA motifs for stop gain mutations observed in squamous cell carcinoma cohorts. Mutated base marked with red box.

(I) Percentage of mutations within squamous cell carcinomas with (stop gain [SG]) or without (no SG) observed SGs that can be attributed to signatures SBS2 and

SBS13, which have been associated with APOBEC activity. **p < 0.01, BH adj. t tests.
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5E). This suggests that within cohorts showing evidence of pos-

itive selection, missensemutationsmay be LOF by disrupting the

ability of the mature HLA proteins to interact with either B2M or

their cognate neoantigen peptides. To examine this, we overlaid

all missense mutations from the positively selected cohorts on

the crystal structure of the MHC class I-B2M complex63 (Fig-

ure 5F), which revealed a clustering of recurrently mutated posi-

tions in 3D space at both the interface between the MHC and

B2M proteins and at the anchor points of the peptide-binding

pocket (Figure 5F), strongly suggesting that mutations disrupt

Figure 5. MHC class I missense mutations are enriched within specific protein functional domains

(A) Schematic representation of the constructed null models and their comparisons (arrows, colors match comparisons in C).

(B) Schematic overview of HLA proteins showing secondary structure, exon boundaries, and amino acid interactions with various binding partners.

(C) Distribution of observed vs. simulated dN/dS ratio fold change for amino acids that are predicted to interact with various MHC interacting partners. Filled

regions show tails of empirical null distribution. (light red: top and bottom 5%; dark red: top and bottom 1%).

(D and E) dN/dS ratio fold changes vs. simulated/theoretical (D) and observed/empirical (E) null models for individual annotation regions within cohorts showing

evidence of positive selection (P, primary cancers;M,metastatic/refractory cancers). Stars denote observations above the 95th percentile based on the observed

null distribution.

(F) Structure of the MHC B2M complex showing 3D clustering of recurrently mutated amino acids. Positions within the MHC protein are colored based on the

number of observed mutations (0: green, 1: yellow, 2: orange, 3: pink, 4: magenta, 5: red). Positions mutated 3 or more times are shown with side chains visible.

B2M and bound peptide are in gray.

(G) Change in binding energy due to mutations in amino acids at the HLA:B2M interface as predicted by the software SSIPe. Significance determined by Monte

Carlo simulation of 10,000 runs.

See also Figure S5 and Table S7.

10 Cell Reports 42, 112965, August 29, 2023

Resource
ll

OPEN ACCESS

11



this interface, leading to loss of MHC function. This is consistent

with previous studies identifying B2M itself as a driver gene in all

cancer types implicated here.13,48,64 To determine whether

missensemutations at theMHC class I:B2M interface are poten-

tially deleterious, we used SSIPe65 to predict the change in bind-

ing energy resulting from each observed mutation in comparison

with that of our previously simulated null mutations (Figure 5G).

Observed mutations had a significantly higher predicted

DDG than simulated mutations (median DDG 1.37 vs. 0.15,

p < 1e 4; Figure S5D). Additionally, 42% of observed mutations

had a DDG >1.5 kcal, the threshold suggested by SSIPe as evi-

dence for significant disruption of a protein-protein interface.

Overall, our data suggest that the observed somatic mutations

in residues at the MHC class I:B2M interface are more disruptive

than expected by chance. Interestingly, even though B2M itself

was enriched for LOF mutations (Figures S5E and S5F), there

were no observed missense mutations in B2M in residues at

the MHC class I interface within positively selected cohorts (Fig-

ure S5G). This is consistent with previous reports that disruption

of B2M protein interfaces are predominantly due to mutations

within its interacting partners rather than B2M itself.66 Alto-

gether, these findings demonstrate that observed missense

MHCclass I mutations are strongly enriched at residues enabling

MHC antigen-binding complex formation and that they have a

likely deleterious function.

DISCUSSION

Despite overwhelming evidence from immunohistochemistry

(IHC) studies demonstrating frequent loss of MHC expression

pan-cancer,38 there is still much unknown about the underlying

molecular mechanisms. To address this issue, we developed

Hapster, an algorithm that can detect germline and somatic mu-

tations in the MHC locus with high sensitivity and specificity. Us-

ing Hapster, we identified the cancer types most affected by so-

matic mutation of the MHC, identified the mutational processes

that may generate these mutations, quantified positive selection

of MHC mutations pan-cancer, and characterized the delete-

rious consequences of truncating and missense mutations at

the level of functional residues and protein domains.

We have identified six cancer types that are significantly en-

riched for somatic non-synonymous mutations of MHC class I.

Notably, all of these cancers display above-average levels of tu-

mor-immune infiltration,67 and at the pan-cancer level, MHC

mutant tumors are significantly more likely to have approved im-

munotherapies (p < 2.2e 16, odds ratio [OR]: 2.29). We consider

it likely that immunologically ‘‘hot’’ tumors are both more likely to

respond to immunotherapies and to be under higher selective

pressure to escape T cell surveillance. Given that nearly 10%

of patients harbor a functional mutation in the MHC class I genes

that could render them invisible to T cells,38 it will be vital to char-

acterize MHC loss in the context of immunotherapy to better un-

derstand its role in primary and acquired resistance to immune

checkpoint inhibitors (ICIs).

Metastatic cancers typically have a higher TMB and therefore

may be more immunogenic than primary tumors. However, me-

tastases may also originate from less immunogenic subclones

and from seed locations that are immunosuppressive.68,69 IHC

studies have also observed both MHC+ primary cancers that

produce MHC� metastases and MHC� primary tumors that pro-

duce metastases that regain MHC function.70 It is therefore un-

clear how pan-cancer mutational patterns in the MHC locus

should compare to primary tumors. We show here that, broadly,

MHC mutations in metastatic cancers mirror those of primary

tumors.

While MHC class II function is not strictly required for identifi-

cation of neoantigens byCD8+ T cells, it has been shown to regu-

late anti-tumor T cell responses19 and can act as a therapeutic

target for CD4+ T cell-based cancer vaccines.24,71 While select

cohorts (CHOL, KICH, UVM) did show evidence for positive se-

lection of functional MHC class II mutations, there were overall

fewer mutations in the MHC class II genes than in the MHC class

I genes. This is expected, as MHC class II expression is not

constitutive and must first be induced before a tumor can be

under pressure to select for a LOF mutation. What was not

expected, however, was the lack of a relationship between mu-

tations of MHC class I and class II given that both sets of proteins

act to present neoantigens to T cells to promote an anti-tumor

response. We observed no overlap in cohorts showing evidence

of positive selection for LOF mutations in the MHC class I and

class II genes, with MHC class I loss being more prevalent in

high-TMB cancer types and MHC class II loss being more prev-

alent in low-TMB cancer types. It will take future studies to deter-

mine if this is driven by differences in MHC class II induction in

different tissue types or by differences in APC or CD4+ T cell infil-

tration in the TME of different cancers, or if this is an actual rela-

tionship between low-TMB tumors and MHC class II loss.

We have investigated the role of TMB overall as well as spe-

cific mutational processes in MHC mutagenesis and identified

MMRd, APOBEC activity, and AID activity as major drivers of

MHC mutations in specific cancer types. In MSI cancers,

squamous cell carcinomas, and lymphomas, the most likely

mechanism to acquire MHC mutations is specific to the muta-

tional processes active in these cancers.

Altogether, our study demonstrates the high prevalence, pos-

itive selection, and deleterious nature of MHC mutations and

suggests that immune escape through MHC mutagenesis is a

common and early step in the progression of several common

cancer types. While this study focused on immunotherapy-naive

tumors, future studies examining tumors post-immunotherapy

may reveal MHC mutations in acquired immunotherapy resis-

tance. While we have focused on MHC mutations, in other can-

cer types, MHC function may be lost via structural variants in the

locus, LOH,15 transcriptional repression, or post-translational

inactivation. A multi-faceted examination of MHC abnormalities

will provide a deeper understanding of mechanisms that can

lead to loss of MHC expression, immune evasion, and immuno-

therapy resistance.

Limitations of the study
We note a number of limitations to our study. First, while our total

number of cases is high at 12,200, select cohorts have relatively

low sizes, which reduces our power to detect positive selection.

Second, our investigation of the MHC class II genes is based on

thehypothesis thatMHCclass II expression is induced in some tu-

mors to promote an anti-tumor response. Given the pan-cancer
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nature of our analysis, wemay have reducedpower todetect pos-

itive selection of MHC class II mutations relative to an experiment

that is restricted to only those tumors that have gainedMHCclass

II expression. Finally, we note that our study only investigates

SNVs and indels within the MHC genes, and a study investigating

large-scale genomic events such as LOHor homozygousdeletion

will be necessary to complete the picture for somatic loss of

the MHC.
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METHOD DETAILS

Hapster algorithm
Algorithm overview

Hapster (See Figure S6 for overview) models alignment of sequencing reads to alternative haplotypes as a linear system that can be

solved to identify the closest underlying haplotypes, a method which generalizes to any polymorphic genes. Hapster also uses a

curated blacklist of homologous genes and pseudogenes to remove reads that erroneously cross-map to our genes of interest. Given

appropriate haplotype references and filtered reads, Hapster builds upon state-of-the-art aligners andmutation callers (BWA-MEM26

and Mutect227) to provide accurate mutation calls. As a final step, we use an alignment-free kmer search to flag variants that may

have been called due to remaining erroneous alignments or sample contamination.

The Hapster reference selection algorithm, in brief, is as follows. First, reads are simulated from each sequence within a database

of known MHC alleles. Reads are then aligned simultaneously to all other known sequences. An all vs. all matrix A is constructed

where each entry describes the percentage of reads simulated from one allele that align well to another allele. Following sequencing,

MHC reads are extracted and simultaneously aligned to all alleles within theMHC sequence database. Observed counts of reads that

align to each allele are put into a vector b. The system Ax = b is solved for x, whereA describes alternate-sequence aware alignment,

x describes the number of reads originating from each known allele, and b describes the number of reads that are aligned to each

known allele. After solving, vector x should contain all values of�0 except for the one or two (depending on whether the individual is

homozygous or heterozygous at the locus) non-zero entries representing alleles that were actually present in the germline and there-

fore generated sequencing reads. These two non-zero entries are taken as the most likely diploid haplotype for the individual, and

their reference sequences are used for downstream alignment andmutation calling. Personalized references provide improved align-

ments, and allow for recovery of missed mutation calls relative to the standard reference approach.

Alt-aware reference construction

Hapster leverages BWA mem’s alt-aware alignment mode for its haplotyping, and as such needs a genomic reference that contains

alternate sequences for the genes of interest. To construct an alt-aware reference for the HLA class I and class II genes we first

retrieved sequences from the IMGT/HLA database35 to create a set of alternate alleles for each gene. The sequences for each alter-

nate allele were appended to the primary assembly of Grch38 as independent contigs, and an alt index file was created by performing

long read alignment of each sequence to Grch38 using minimap2.76

HLA read kmer extraction

To efficiently extract true HLA reads, we created a 4 step procedure: (1) Random access retrieval of reads from all HLA regions in

Grch38, all unaligned reads, and additional locations throughout Grch38 where we have found HLA reads mapping erroneously.

(2) Passing reads retrieved by random access through a kmer filter, keeping any read that contains any 30-mer found in our set of

alternate HLA allele sequences (3) Alt-aware alignment of kmer extracted reads to the previously created reference containing our

set of alternate HLA alleles, keeping only reads that have at least one alignment to an HLA contig (4) Alignment of remaining reads

to a reference containing both the sequences for our genes of interest (whitelist), as well as the sequences for any homologous genes/

pseudogenes that are not of interest (blacklist), and keeping only reads that preferentially align to the whitelist.

HLA haplotype inference

For each HLA gene, extracted reads are aligned using BWA-MEM’s alt-aware alignment mode to the constructed reference contain-

ing our set of alternate HLA sequences. The number of read pairs aligning to each allele with a total NM score of less than or equal to 1

is counted and put into vector b. Using vector b and the precomputed probability matrixA (construction ofAmatrix described below),

the denoised read vector x is calculated by solving the equation Ax=b. To reduce problems caused by highly correlated alleles, a

dynamic stepwise variable selection process is used to eliminate variables from A as follows: (1) identify alleles with pairwise corre-

lations above a specific threshold (parameter tuning for this threshold described below) (2) For each highly correlated pair of alleles,

find the magnitude difference between the alleles within vector x (3) Remove the most negative allele within the pair with the highest

magnitude difference frombothmatrixA and vector b (4) Solve for x using the paredA and b (5) Repeat until there are nomore pairs of

alleles with correlations above the predetermined correlation cutoff. Once all highly correlated alleles are removed, the two highest

value alleles in vector x are assigned to the individual’s haplotype. The top two alleles are always chosen due to our observation that

during alignment of reads to our inferred haplotype, a homozygous individual’s reads will preferentially align to the single allele that is

from their true haplotype. The presence of an extra allele’s sequence in the reference file in the homozygous case therefore does not

affect alignment or mutation calling of reads aligning to the true allele.

Construction of probability matrix A

Insert size metrics for a given sequencing protocol are calculated using the Picard tools command CollectInsertSizeMetrics. Using

the read length, mean insert size, and standard deviation for the protocol, a random set of read pairs are simulated from the genomic

sequence of each allele within a given HLA gene as follows: (1) Inserts of mean insert size ±2 standard deviations are simulated using

BBMap’s randomreads.sh (2) To simulate exome capture, read pairs derived from each insert are only kept if they have significant

overlap with a provided set of capture probe sequences. The simulated captured reads are aligned in an alt-aware manner to our

reference containing all alternate HLA alleles and are then processed and counted to create a vector b as described in the methods

for haplotype inference. The vector b is then divided by the total number of read pairs that were simulated to obtain a vector that

reflects the probability that any randomly selected read derived from the simulated allele would align to each other allele when using
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alt-aware alignment. This probability vector is calculated for each allele, and the probability matrix A is constructed using each of

these probability vectors as its columns. The simulation process leads to a slightly non-symmetrical matrix, so the matrix was

made to be symmetric by taking the mean of each paired off-diagonal term. The final matrix A is an all-vs-all matrix where each

element represents the probability of reads generated from one allele aligning to another allele.

Parameter tuning

Parameter tuning must be performed to find the optimal correlation cutoff values for stepwise variable selection for every new

sequencing experiment. Parameter tuning with HapMap samples was performed to find the optimal correlation cutoffs to minimize

Levenshtein distances across all genes. Formany experiments this will not be possible as ground truth haplotypeswill be unavailable,

making parameter tuning with Levenshtein distance impossible. However, we reasoned that every mismatch that contributes to the

true Levenshtein distance could be recognizable as a germline mutation relative to the inferred reference sequences. To test this, we

realigned sequences from our validation set to Hapster’s inferred haplotype sequences and called germline mutations using

HaplotypeCaller. We found strong correlations between the true Levenshtein distance and the number of germline mutations called,

suggesting that parameter tuning can be performed using the number of germline mutations called as a proxy for Levenshtein dis-

tance. For parameter tuning for TCGA andMI-ONCOSEQ samples, all correlation cutoff values between 0.70 and 0.99 were tested to

find the optimal threshold per gene that minimizes observed germline variants.

Mutation calling and filtering

For each gene, the reads extracted from the normal sample are re-aligned with BWA-mem26 to the new genomic reference file

dynamically constructed to only contain the genomic sequence of each allele in the inferred HLA haplotype. In this new genomic

reference file, each HLA allele is present as an individual contig. Germline variants are first called using the GATK4 function

HaplotypeCaller. Any variant with a VAF >0.9 is assumed to be a private germline variant and is imputed into the genomic reference

file to create a finalized set of personal reference sequences. Extracted reads from both the tumor and normal are next re-aligned to

the germline-imputed reference using BWA-mem. Mutations are called in the re-aligned BAM using the GATK4 function Mutect2,27

and variants are filtered using the function FilterMutectCalls. The GATK4 filter FilterByOrientationBias was applied to remove 8-Oxog

artifacts that were observedwithin TCGA cohorts.We additionally removed any low coverage variants that had 100%orientation bias

even if there were not enough reads to fail the bias test. We next identify duplicates that arise for mutations called within homologous

regions between two alleles of the same gene where reads randomly segregate between the two alleles. For each duplicate pair, the

mutation is randomly assigned to one of the two alleles. We next constructed a custom kmer filter that searches for the presence of

any reads supporting a called variant in an alignment free manner, removing any variants that find kmer support in the normal.

25-mers covering the variant were used, excluding those kmers where the variant is within 8 bases from the edge of the kmer. As

a final filter, we removed any somatic variants that matched a known polymorphism for an alternative allele of the same gene within

the HLA database. Known polymorphisms were identified by looking at a variant position within the global multiple sequence align-

ment of all alleles of a given gene. Only single nucleotide variants were identified this way.

Reference selection validation
Quantitative reference selection validation was performed using a ground truth set of 69WES samples from the 1000 Genomes proj-

ect with previously reported HLA haplotype calls.33 For each sample and each method, an HLA reference was constructed by taking

the genomic sequence in the IMGT/HLA database (https://www.ebi.ac.uk/ipd/imgt/hla) corresponding to the called HLA type. For a

comparison to GRCh38, the standard reference haplotype (A*03:01:01:01, B*07:02:01:01, C*07:02:01:01, DQB1*06:02:01:01,

DRB1*15:03:01:01) was used for all samples. For samples where the reported haplotype call did not refer to a single unique sequence

within the IMGT/HLA database, the alphanumerically first sequence was used. Reads from each sample were aligned to each refer-

ence using BWA-mem,26 and germline variants were called using GATK’s HaplotypeCaller.77

Alignment and mutation calling
HLA extracted reads were aligned to Hapster inferred reference sequences using BWA-mem.26 During read extraction, reads from

other homologous HLA genes and pseudogenes may be collected due to their high sequence similarity. For this reason, any reads

aligning to blacklisted genes (HLA-E, -F, -G, -H, -J, -K, -L, -N, -P, -S, -T, -U, -V, -W, -Y, -DMA, -DMB, -DOA, -DOB, -DPB2, -DRB3,

-DRB4, -DRB5) were discarded. Mutation calling was performed using GATK’s Mutect2.27 Mutations were filtered based on the

following criteria: 1) Must pass the GATK filters FilterMutectCalls and FilterByOrientationBias, 2) The alternate base must not have

been observed in the same position in other alleles of the same gene, 3) Read support in the tumor must be at least 3 reads, or at

least 20% VAF, 4) Variant must have no more than 1 read support in the normal after a kmer search. For the kmer filter, all

25-mers covering the variant position are used to search for any matching reads in the normal in an alignment-free manner.

Simulation validation
200 synthetic haplotypes were constructed by taking two random allelic sequences from the IMGT/HLA database (https://www.ebi.

ac.uk/ipd/imgt/hla) for each MHC-I and class II gene (HLA-A, -B, -C, -DPA1, -DPB1, -DQA1, -DQB1, -DRA, -DRB1). For each syn-

thetic haplotype, a mutation was inserted randomly using the following logic: 1) One allele from the haplotype was selected uniformly

randomly 2) One position within the coding region of the allele was selected uniformly randomly 3) A mutational consequence was

chosen with a 75% chance of creating an SNV, a 12.5% chance of creating a deletion, and a 12.5% chance of creating an insertion 4)
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For SNVs a random alternate base was chosen uniformly evenly, for deletions a deletion of length 1–5 nucleotides was chosen uni-

formly randomly, and for insertions an insertion of length 1–5 nucleotides was chosen uniformly randomly, with the insertion being

uniformly random nucleotides. From each haplotype, inserts of length 125–300 were simulated from the normal reference sequences

for each sample using the BBmap72 function randomreads.sh to create a pool of inserts for the simulated normal. For the simulated

tumor, a separate set of inserts was simulated from the normal reference sequences, as well as a set of inserts from the mutated

reference sequences, to create both a germline and mutant pool of reads for the simulated tumor. To simulate various VAFs, inserts

were mixed from the tumor germline and tumor mutant pools to create a final simulated tumor set with VAFs of 0.025, 0.05, 0.125,

0.25, and 0.45. Inserts were considered captured if they had significant overlap with MI-ONCOSEQ WES capture probes. Paired

reads of length 125 were taken from the ends of each captured insert. To simulate various levels of WES coverage, a random subset

of captured reads was selected to create BAM files representing 5x, 10x, 25x, 50x, and 100x average coverage across gene exons.

Mutations were then called using the Hapster pipeline and were filtered using Mutect2 and Hapster filters.

Label-flipping validation
To assess specificity, we performed a label-flipping experiment with the TCGA HNSC cohort. The HNSC cohort was selected as it

contained a large number of samples (N = 450), and we knew it to have a high number of somatic mutation calls from previous an-

alyses. We swapped all tumor and normal labels for each case, and called somatic mutations using the Hapster pipeline as

described. Any somatic variant called after label-flipping was considered to be a false positive.

RNA validation of somatic mutations
All variants from the TCGA HNSC cohort with sufficiently high coverage in the RNA to detect low allelic fraction variants (>1000 reads

at the variant position) were selected, resulting in a set of 75 variants. MHC-II variants were not selected for RNA validation as the

expression of MHC-II genes is expected to be dominated by immune cells and not cancer cells. For each somatic mutation, a set

of all 25-mers containing either the called variant or the germline sequence were created. In the case that other variants were called

within 25 bases of the primary variant, kmers were produced with both the primary variant alone and with other variants in combi-

nation to account for possible phasing. Kmers that contained the variant within 8 bases of the edge of the kmer were discarded

to avoid confounding results when deletions or insertions in small repetitive regions lead to variant kmers that are identical to the

germline sequence. All reads within the RNA seq data for a sample were searched for germline or variant supporting kmers. Due

to the high depth of the RNA-seq data, we often observe reads supporting every alternate base at every position due to some reads

containing sequencing errors.We therefore only consider somatic mutations to be validated if the number of variant supporting reads

could not be explained by sequencing errors alone. We modeled sequencing errors as a Beta-Binomial distribution with the proba-

bility of error as a Beta distribution determined experimentally from RNA-seq data. An experimental null sample was created by se-

lecting random bases at randompositions within sequenced samples and evaluating the support for the random variant based on the

null distribution. Variants were considered validated if the probability of observing equal or more variant supporting reads was less

than 5% (BH-adj.) given our distribution.

Sanger sequencing validation of somatic mutations
14 somatic mutations called within samples from the MI-ONCOSEQ project that had tissue samples available were chosen to be

validated via Sanger sequencing. For each mutation, Primer373 was used to create custom PCR probes for the specific HLA allele

that the mutation was called within. Genomic DNA from the tumor was amplified using PCR and amplicons isolated using gel elec-

trophoresis. Following Sanger sequencing, point mutations were considered validated if a clear peak containing the called variant

was observed, and indels were considered validated if a clear peak-offset corresponding to the number of inserted or deleted bases

was observed.

Tumor mutational burden calculations
Global mutation burden was calculated using mutations obtained from MAF files provided by the Broad Institute’s GDAC Firehose

(https://gdac.broadinstitute.org/). Mutations observed within the capture kit region for each WES sample was divided by the total

area covered by the capture kit. Capture kit information for each sample was obtained from official TCGA sample level metadata.

Local mutation burden for each MHC gene was reported as the number of coding region mutations divided by the total exon length

of each gene.

Positive selection of somatic mutations
Positive selection was evaluated by CBaSE,48 a tool that provides gene-specific measures of the strength of positive or negative se-

lection for functional mutations based on the distribution of synonymous and non-synonymous variants after accounting for

sequence contexts and cohort-specific mutational signature activities. CBaSE was run on each TCGA and MI-ONCOSEQ cohort

separately. For MHC genes, CBaSE was run on mutations called by Hapster. For all other genes, CBaSE was run on mutations re-

ported via MAF files obtained from the Broad Institute’s GDAC Firehose (https://gdac.broadinstitute.org/). To calculate the pan-can-

cer metastatistic 4pos, the cohort-level 4pos reported by CBaSE was summed across all cohorts.
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Cancer cell fraction calculations
The cancer cell fraction (CCF) of a variant was calculated using the following formula, where f is the VAF of the variant, p is the purity of

the tumor sample, m is the multiplicity, and nT is the total estimated copy number for the tumor:

CCF =
f

pm
ððp 3 nT Þ + 2 3 ð1 pÞÞ

Mutations were considered clonal if CCF>0.7.

Mutual exclusivity and co-mutation analyses
Both mutual exclusivity and co-mutation analyses were performed at the cohort level. Mutual exclusivity of MHC-I and APM muta-

tions were evaluated using CoMEt.74 Exact tests for mutual exclusivity were calculated by comparing any mutation with the MHC-I

genes to any mutation within an APM gene. Co-mutation analyses were performed using an SNP-seq kernel association test as im-

plemented in the R package SKAT.75 Only driver genes listed in the COSMIC Tier 1 Cancer Gene Census78 were considered. Within

each cohort, only genes mutated in more than 2% of patients were analyzed.

AID/APOBEC mutational signature activity
Mutational signature activity within specific TCGA samples was obtained from the ICGC Pan Cancer Analysis Mutational Signatures

Working Group (https://doi.org/10.7303/syn11726601). For each tumor within the CESC, HNSC, LUSC, and DLBC cohorts, the rela-

tive activity of AID/APOBEC associated mutational signatures SBS2 and SBS13 were identified. Cases were split into those either

containing or not containing stop gain mutations within the MHC genes, and differences in SBS2/SBS13 activity were tested using

t-tests.

dN/dS null model simulations
A simulated null model for the dN/dS ratio was created by simulating mutations using cancer-type specific background mutation

rates. Mutations were simulated for each significantly mutated cohort by taking into account trinucleotide mutational signatures

that are active in each cancer type. Mutational signature activity was obtained from the ICGC Pan Cancer Analysis Mutational Sig-

naturesWorking Group (https://doi.org/10.7303/syn11726601). 10,000mutations for each cohort were simulated as follows: 1) Each

base along the length of HLA-A*01:01:01:01 was weighted based on its trinucleotide context, and the probability of that trinucleotide

being mutated given known mutational signature activity. 2) A random position was picked based on the weighted probabilities of

each base being mutated. 3) A random alternate base was picked for the selected position, with each potential alternate base

weighted based on trinucleotide context and mutational signature activity.

MHC amino acid annotations
Protein interaction analysis was performed using annotations derived from structures of the relevantMHC-I complexes (PDB IDs pro-

vided below). The distance cutoff of the contacts was %4 Å. Structures used for MHC-I: peptide interaction and the interaction be-

tween MHC-I heavy chain and B2M were 4NQV, 6IEX, 3MGO, 3KPL, 3RL2, 3DX7, 4F7M, 1E28, 4HX1, 2RFX, 5EO0, 5IM7, 1XR8,

5W6A, 1JGE, 5VGE, 3LKR and 6JTP. Structure used for MHC-I: CD8 interaction was 3DMM. Structures used for MHC-I: TCR inter-

action were 5WKF, 4G8G, 5WKH, 4G9F, 5NQK, 5XOT, 6EQA, 4PRP, 3VXM, 6BJ2, 3W0W, 3MV7, 6AVF, 4JRX, 6AVG, 4JRY, 4QRP,

4PRI, 1MI5, 3DXA, 3FFC, 3KPR, 3SJV, 3KPS and 4QRP. Structures used for MHC-I: TAPBPR interaction were 5OPI and 5WER.

Structure used for MHC-I: TAPBP interaction was 6ENY.

PPI binding energy predictions
Predicted changes to the MHC-B2M interface binding energy were generated using SSIPe.65 All predictions were performed using

the 3D crystal structure at https://www.rcsb.org/structure/4U6X. While the MHC-I proteins are highly polymorphic, the residues that

make up the B2M interface are highly conserved, allowing us to predict binding energy changes using a single 3D structure regard-

less of which MHC protein the mutation was called in.

QUANTIFICATION AND STATISTICAL ANALYSIS

Total sample sizes for each cohort are provided (Table S4). Where sample sizes change due to data availability, N values are noted

directly in figure legends. All statistics were performed in R. Tests used are specified directly in figure legends, alongside multiple-

testing corrections used. Briefly, for contingency tables, Fisher’s exact test was used unless sample sizes were too large, in which

case Chi-squared tests were performed. For comparisons of two group means, t-tests were used unless the normality distribution

assumption was not met, in which caseWilcoxon rank-sum tests were performed. For comparison of regression line coefficients, the

Chow test was performed. For multiple testing corrections the Benjamini-Hochberg procedure was performed with an FDR of 5%,

unless otherwise noted.
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