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INTRODUCTION:Whether the host immune sys-
tem naturally protects against cancer has long
been the subject of intense debate. The cancer
immunosurveillance theory ascribes a protec-
tive function to the adaptive immune system,
whereby T cell–mediated recognition of neo-
antigens presented by the major histocom-
patibility complex suppresses early neoplasia.
Studies in mice have provided support for the
cancer immunosurveillance theory, yet evi-
dence for a protective role of the immune sys-
temagainst cancer inhumanshas been relatively
lacking. In lung cancer, genetic variation in
the human leukocyte antigen (HLA) locus is
linked to tumor evolution and treatment out-
comes, but whether HLA polymorphisms re-
duce lung cancer risk—which would imply a
role of the host immune system in preventing
lung cancer—is currently unclear. Population-
scale biobank analysis coupling host genetics
with longitudinal clinical data enables a sys-
tematic investigationof howHLApolymorphism
influences lung cancer risk together with smok-
ing and other established risk factors.

RATIONALE: Understanding the molecular de-
terminants of cancer risk is critical for early
cancer detection and strategies to limit cancer
mortality. Tobacco smoking increases lung can-
cer risk and is associated with a heightened
somatic mutation rate that drives neoplastic
potential, but whether there are additional risk

factors that further modify lung cancer sus-
ceptibility, even among smokers, is unclear. The
HLA heterozygote advantage theory posits that
an HLA genotype encoding two different allo-
morphs enables presentation of a more diverse
antigenic peptide repertoire to the immune
system—and subsequent superior immune con-
trol of infected or cancerous cells—than does
anHLA genotype encoding two equivalent allo-
morphs. Thus, heterozygous HLA allomorphs
may present more neoantigens arising from
smoking-derived somatic mutations. In this
study, we evaluated the effect of HLA hetero-
zygosity on lung cancer risk, leveraging ge-
netic and longitudinal clinical data from the
UK Biobank and FinnGen together with multi-
modal genomic analyses of nonmalignant and
lung tumor samples.

RESULTS: In both theUKBiobank and FinnGen,
we found that heterozygosity at the HLA class II
(HLA-II) loci was associated with reduced risk
of lung cancer overmore thanadecade of follow-
up.HLA-II heterozygosity was associated with
reduced risk of lung cancer in both current
and former but not never-smokers, suggesting
that smoking-derived antigens may augment
the immune response to early neoplastic dis-
ease. HLA-II homozygosity conferred sub-
stantial lifetime risk of disease (e.g., in the UK
Biobank, 13.9% for current smokers homozy-
gous at HLA-DRB1) and was independent of

known clinical and genetic risk factors, includ-
ing a genome-wide polygenic risk score. Het-
erozygosity of amino acid siteswithin theHLA-II
peptide binding groove was also associated
with reduced risk of lung cancer, whereas anal-
ysis of single-cell RNA-sequencing data from
nonmalignant and tumor lung samples showed
that lung macrophages and epithelial cells ex-
press HLA-II and are affected by smoking.
Analysis of tumor genomes from the The Cancer
Genome Atlas (TCGA) cohort, the Pan-Cancer
Analysis of Whole Genomes (PCAWG) cohort,
and Hartwig Medical Foundation cohort re-
vealed widespread loss of heterozygosity (LOH)
of theHLA-II loci in lung cancer, with rates of
LOH equaling those of HLA-I. An analysis of
neoantigen repertoires between lung cancer
tumors with andwithoutHLA-II LOH showed
thatHLA-II LOH favors the loss of alleles with
larger neopeptide repertoires, underscoring
the importance of the HLA-II loci and the
CD4+ T cell response in lung cancer.

CONCLUSION: The association of HLA-II het-
erozygosity with reduced risk of lung cancer
implies that genetic variation in immuno-
surveillance is a feature of cancer susceptib-
ility, together with environmental exposures,
hereditary risk, and DNA replication er-
rors. Our findings broaden understanding
of the role of the host immune system in
cancer risk and may motivate the incorpo-
ration of immunogenetics into lung cancer
screening programs.▪
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The immunogenetics of lung cancer risk. Genetic epidemiological analyses in the UK Biobank and FinnGen coupled with multimodal genomics reveal that HLA-II
heterozygosity is associated with reduced lung cancer risk in smokers. The data suggest that heterozygous HLA allomorphs promote immune control of early
neoplasia through presentation of diverse smoking-related antigens. Thus, genetic variation in immunosurveillance is a key cancer risk factor. APC, antigen-presenting cell.
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Cancer risk is influenced by inherited mutations, DNA replication errors, and environmental factors.
However, the influence of genetic variation in immunosurveillance on cancer risk is not well understood.
Leveraging population-level data from the UK Biobank and FinnGen, we show that heterozygosity
at the human leukocyte antigen (HLA)-II loci is associated with reduced lung cancer risk in smokers. Fine-
mapping implicated amino acid heterozygosity in the HLA-II peptide binding groove in reduced lung
cancer risk, and single-cell analyses showed that smoking drives enrichment of proinflammatory lung
macrophages and HLA-II+ epithelial cells. In lung cancer, widespread loss of HLA-II heterozygosity
(LOH) favored loss of alleles with larger neopeptide repertoires. Thus, our findings nominate genetic
variation in immunosurveillance as a critical risk factor for lung cancer.

L
ung cancer is currently the leading cause
of worldwide cancer mortality (1–3). Al-
though diagnosis rates for advanced-stage
disease continue to decline, rates for early-
stage disease have increased (2), highlight-

ing the need for research clarifying the factors
underpinning lung cancer risk.
Smoking causes lung cancer through DNA

damage and other mechanisms and accounts
for more than 80% of lung cancer deaths (4).

The role of smoking in lung cancer risk and
mortality was initially defined in seminal work
by Richard Doll over 70 years ago (5) and val-
idated in countless studies since then, including
recentmeta-analyses highlighting a severe dose-
response relationship between the number of
packs smoked and mortality of lung cancer
and other diseases (6). Genetic studies have
implicated germline genetic variation in lung
cancer risk, including mutations in TP53, epi-
dermal growth factor receptor (EGFR), and
others (1, 7). Together, these studies have estab-
lished lung cancer as a multifactorial disease
with diverse genetic and environmental trig-
gers (8). However, our understanding of the full
spectrum of lung cancer risk factors and how
they interact remains incomplete; for example,
genome-wide association studies (GWAS) ex-
plain only a tiny proportion of the genetic var-
iability in lung cancer risk (9). Indeed, there
exists wide variability in lung cancer risk even
among smokers (9, 10).
The importance of the immune system in

conferring protection against pathogens is
well established (11). However, there is a long-
standing debate regarding whether the im-
mune system also protects against cancer. The
cancer immunosurveillance hypothesis, ini-
tially developed by Ehrlich, Thomas, and Burnet
(12–16), posits that lymphocytes constantly
survey tissues for neoplastic cells presenting
mutation-derived neoantigens, an activity that
could trigger an effective immune response
that eliminates developing cancers. The can-
cer immunoediting theory suggests that the
immune system plays dual protective and
promoting roles in neoplastic transformation
(17). Moreover, large cohort studies have noted
an increased risk of diverse infection-related
and unrelated cancer among solid organ trans-

plant recipients (18). A plausible interpretation
of these seminal studies is that abrogation or
differences in the strength of immune surveil-
lancemay lead tovariations in cancer risk (19–21).
Lung cancer is an exemplary disease for the

study of immunosurveillance in cancer because
the healthy lung is among the most heavily
T cell–infiltrated tissues (22). Additionally,
metastatic lung cancers demonstrate encour-
aging responses to immune checkpoint blockade
(ICB) agents targeting T cells via the PD-L1/PD-1
and CTLA-4 axes (23–25), highlighting an im-
portant role for neoantigen-driven cytotoxic
activity in the disease. Furthermore, key studies
investigating the basis for ICB response in lung
cancer and other tumor types (26) have shown
that the elevatedmutation rate caused by smok-
ing (23) promotes increased visibility of neo-
antigens to cytotoxic T cells (27). Thus, these
previous studies suggest that there may exist
interactions between smoking and the immune
system in the development of lung cancer. Yet,
such interactions—and the role of the immune
system in cancer risk in general—are not well
understood.
One clue as to how the immune system is

involved in lung cancer risk has arisen from
GWAS, which have implicated individual single-
nucleotide polymorphisms (SNPs) and alleles
of the human leukocyte antigen (HLA) class I
(HLA-I) and II (HLA-II) genes in lung cancer
susceptibility (28–30). TheHLA genes are highly
polymorphic (31) and encode the major histo-
compatibility complex (MHC)molecules, which
serve as critical gatekeepers of the adaptive
immune response through the presentation
of self- and foreign antigens for recognition
by T cells. Previous work has highlighted the
somatic loss of HLA-I as a mechanism of im-
mune evasion in lung cancer (32, 33). Further-
more, HLA-I and HLA-II genotypes influence
the oncogenic-driver landscape (34, 35). How-
ever, whether and how HLA polymorphism
interacts with smoking and other risk factors
in driving lung cancer risk over time has not
currently been addressed.
The heterozygote advantage hypothesis is a

foundational principle of the evolution of the
HLA system and of HLA-mediated protection
against disease. According to this hypothesis
(36), individuals heterozygous at HLA are af-
forded greater protection against disease be-
cause they present more antigens for T cell
recognition through their two different HLA
allomorphs than do homozygous individuals
and consequently clear infected or neoplastic
cells more efficiently. Although evidence for
heterozygote advantage theory has been dem-
onstrated most clearly in the context of clini-
cal outcomes among individuals who already
have the disease [i.e., in delaying progression
to AIDS among individuals with HIV (37, 38),
clearance of hepatitis B (39), or response to ICB
in metastatic cancer (40–46)], whether there
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exists a protective effect ofHLA heterozygosity
against the development of lung cancer (or other
cancer types) is currently unknown. Such an
effect, together with established risk factors
such as smoking and age, may underscore HLA
heterozygosity and the immune system in gen-
eral as critical factors in lung cancer risk.
In this study, we hypothesized that hetero-

zygosity at the HLA genes is associated with
reduced lung cancer risk over time, on the basis
of the assumption that two different HLA allo-
morphs will present more neoplastic antigens
than will a single HLA allomorph (47), thus in-
creasing the likelihood of a cytotoxic reaction
against mutated neoplastic cells. To test this
hypothesis, we leveraged clinical, genetic, envi-
ronmental, and longitudinal data from two large-
scale population cohorts: the UK Biobank (N =
391,182) and FinnGen (N = 183,163) (fig. S1). We
then employed multiple approaches, including
fine-mapping and structural analyses of the
peptide binding groove and genomic profiling
of the healthy lung through single-cell RNA
sequencing (scRNA-seq), to clarify the mech-
anisms underlyingHLA-mediated protection
against lung cancer. Lastly, we investigated
somatic loss of heterozygosity (LOH) of the
HLA-I and HLA-II loci in lung cancer tumors
from The Cancer Genome Atlas (TCGA) cohort,
the Pan-Cancer Analysis of Whole Genomes
(PCAWG) cohort, and the Hartwig Medical
Foundation cohort.

Immunogenetic and demographic
characterization of individuals
in the UK Biobank and FinnGen

We sought to examine the effects of HLA het-
erozygosity on lung cancer risk at the popula-
tion level, defined here as the odds ratio (OR)
or hazard ratio (HR) corresponding to diag-
nosis or death due to lung cancer as a function
of HLA zygosity and other clinical variables.
Thus, we first assembled individual-level ge-
netic, clinical, environmental, and longitu-
dinal clinical data from the UK Biobank and
FinnGen (48, 49) (table 1). The UK Biobank
and FinnGen are distinctive in size and scope,
with rich longitudinal phenotypic and health-
related information available through linkage
to medical records for each participant fol-
lowed over time. In addition, the UK Biobank
and FinnGen consist of roughly 500,000 and
350,000 genotyped individuals from the UK
and Finland, respectively, including the im-
putation of genotypes at the classical HLA-I
(HLA-A,HLA-B,HLA-C) andHLA-II (HLA-DRB1,
HLA-DQB1, HLA-DQA1, HLA-DPB1, HLA-DPA1)
genes. FinnGen in particular has employed a
Finnish-specific reference panel for HLA impu-
tation (50). Thus, the UK Biobank and FinnGen
are well suited to address whether HLA het-
erozygosity affects cancer risk.
After performing quality control ofHLA geno-

types as recommended by theUKBiobank and

filtering out any individuals with a cancer di-
agnosis before the start of the UK Biobank
study (48) (fig. S2; Materials andmethods), a
cohort of 391,182 individuals was identified for
further analysis. The primary clinical endpoint
of interest in our study was a first diagnosis or
death due to lung cancer [defined by ICD-10
codes (ICD, International Statistical Classifi-
cation of Diseases and Related Health Prob-
lems)] over a roughly 14-year follow-up period,
with participants recruited between March
2007 and October 2011. We documented 2468
individuals in the UK Biobank fitting these
criteria of lung cancer case, with the remaining
individuals designated as healthy controls (N =
384,928) after excluding individuals with miss-
ing data (fig. S2). Consistent with previous re-
ports, the most common histological subtypes
of lung cancer were adenocarcinoma (N = 700),
squamous cell carcinoma (N = 338), and small
cell carcinoma (N = 192); with the remaining
patients representing other or missing histol-
ogies. Of the lung cancer cases, 86.8% recorded
as current or former smokers and the remainder
as never-smokers. Gender was roughly evenly
split betweenmales and females in both cases
and controls. To replicate our findings from
the UK Biobank, we assembled lung cancer
case and control data from FinnGen (51–53)
by using the same criteria applied to the UK
Biobank.We identified 3480 lung cancer cases
in FinnGen (N = 183,163 total individuals after
filtering; fig S3). Although the distribution of
lung cancer subtypes in FinnGen was similar
to that in the UK Biobank, a key difference

was the proportion of smokers in each cat-
egory among lung cancer cases (for instance,
70.8% current smokers in FinnGen as com-
pared with 41.8% current smokers in the UK
Biobank). The percentage of male lung cancer
patients (78.3%) far exceeded the percent-
age of female lung cancer patients (21.7%) in
FinnGen, whereas the distribution was more
balanced in the UK Biobank.
Although several prior studies have used the

imputed HLA genotypes provided by the UK
Biobank for bespoke analyses (54), we under-
took several additional quality checks to val-
idate the quality of imputedHLA genotyping in
the UK Biobank. We first compared the allele
frequency of 2-field (i.e., four-digit) alleles in the
UK Biobank to population-level allele frequen-
cies from the Allele Frequency Net Database
(AFND) (55) (Fig. 1A); the frequencies were
highly correlated (P < 0.0001; Spearman’s r =
0.91), suggesting that allele genotyping in the
UK Biobank is representative of the allele
genotypes in the wider UK population. We ob-
served similar results comparing allele fre-
quencies in FinnGen with Finnish population
allele-frequency data (P < 0.0001; Spearman’s
r = 0.85) (Fig. 1B). We then directly compared
allele frequencies in the UK Biobank with those
in FinnGen (Fig. 1C); allele frequencies were
generally correlated (P < 0.0001; Spearman’s
r = 0.66) except for a few HLA-I and HLA-II
alleles that approached allele frequencies of
up to 10% in the individual cohorts. The strong
correlations between allele frequencies in
the UK Biobank or FinnGen with the general

Table 1. Clinical and demographic characteristics of lung cancer cases and controls in UK
Biobank and FinnGen.

Characteristic
UK Biobank
Full Cohort

UK Biobank
Lung Cancer

FinnGen
Full Cohort

FinnGen
Lung Cancer

Total individuals 391,182 2468 183,163 3480
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Healthy controls 384,928 179,233
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Lung cancer subtype
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Adenocarcinoma (%) 700 (28.3%) 801 (23.0%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Squamous (%) 338 (13.7%) 679 (19.5%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Small cell (%) 192 (7.8%) 336 (9.7%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Other/unknown (%) 1238 (50.2%) 1664 (47.8%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Smoking status
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Current (%) 40,674 (10.5%) 1107 (44.9%) 50,179 (27.4%) 2464 (70.8%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Former (%) 135,410 (35.0%) 1035 (41.9%) 43,493 (23.7%) 666 (19.1%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Never (%) 211,312 (54.5%) 326 (13.2%) 89,041 (48.6%) 350 (10.1%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Sex
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Male 177,259 (54.2%) 1270 (48.5%) 89,052 (48.6%) 2724 (78.3%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Female 210,137 (45.8%) 1297 (51.4%) 93,661 (51.1%) 756 (21.7%)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Age (I.Q.R.) 58 (50-63) 67 (63-71) 63 (49-74) 75 (70-80)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .
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Fig. 1. HLA genotype and associations with lung cancer risk in UK
Biobank and FinnGen. (A) Correlation of HLA allele frequencies in the UK
Biobank with mean allele frequencies across England, Scotland, and Wales was
obtained from the Allele Frequency Net Database (AFND). P value computed
using Spearman correlation. (B) Correlation of HLA allele frequencies in FinnGen
with allele frequencies from Finland obtained from AFND. P value calculated
with Spearman correlation. (C) Correlation of HLA allele frequencies in UK
Biobank with allele frequencies in FinnGen. P value calculated with Spearman
correlation. (D) Rates of heterozygosity at four-digit allele resolution in UK
Biobank. (E) Rates of heterozygosity at four-digit allele resolution in FinnGen.
HLA-DPA1 genotypes were not imputed in FinnGen and are thus left gray.

(F) Distribution of age at onset among lung cancer cases compared with
age at first assessment in UK Biobank. (G) Distribution of age at onset
among lung cancer cases compared with age at first assessment in FinnGen.
(H) Multivariable logistic regression analyses testing heterozygosity at the
indicated locus together with all clinical and demographic covariates for
associations with lung cancer case and control status in UK Biobank. Forest
plots depict odds ratio from logistic regression and 95% CI. (I) Multivariable
logistic regression analyses testing heterozygosity at the indicated locus
and all clinical and demographic covariates for associations with lung cancer
case and control status in FinnGen. Forest plots depict OR from logistic
regression and 95% CI.
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population—andwith each other—were also ob-
served when stratifying the correlation analyses
by locus (fig. S4 and tables S1 to S3). Earlier
literature demonstrates that HLA allele fre-
quencies differ across geographic locations
and across ethnic groups (56). Furthermore,
previous comparisons of genetic ancestry and
population structure in large cohorts such as
gnomAD and FinnGen have shown that the
Finnish population is genetically isolated from
the rest of Europe. Moreover, because of rela-
tively recent bottlenecks, the Finnish popula-
tion is enriched in alleles that have not yet
been selected out (49, 57). However, our data
suggest that in general,HLA allele frequencies
are correlated between the two studies. Con-
sistent with earlier studies (38, 40, 41), we de-
fined heterozygosity at each of the eightHLA-I
and HLA-II loci as different alleles at 2-field
resolution, since the 2-field allele codes repre-
sent variation at the amino acid sequence level
of the HLA molecules (58). Consistent with
our analyses showing broad concordance of
allele frequencies between the two cohorts, we
found that the rates ofHLA allele heterozygosity
between UK Biobank and FinnGen were also
highly comparable (Fig. 1, D and E).
To provide additional confidence in the ro-

bustness of our association results using imputed
HLA genotypes, we assessed the concordance
of HLA genotypes called from whole-exome
sequencing data with imputed genotypes, both
assessed in the same individuals from the
UK Biobank. We used two independent, well-
validated tools for genotyping of HLA-I and
HLA-II—HLA*LA (59) and HLA-HD (60)—both
of which have strong performance relative to
other methods (61). Using these methods, we
genotyped HLA-I and HLA-II from 43,000
individuals from the UK Biobank on the basis
of whole-exome sequencing data available from
blood. The proportion of individuals heterozy-
gous at individualHLA-II loci across the three
methods (imputation, exometypedwithHLA*LA,
and exome typed with HLA-HD) was compa-
rable (fig. S5A) except for heterozygosity at
HLA-DQA1 assessed with HLA*LA (propor-
tion of individuals heterozygous = 0.52). The
frequencies of individual alleles were also
concordant between imputed genotypes and
exome genotypes, regardless of whether the
exome genotypes were called with HLA*LA or
HLA-HD (fig. S5B). We then calculated the
concordance between zygosity (either heter-
ozygous or homozygous) defined with the
imputed HLA genotypes provided by the UK
Biobank and zygosity defined with genotypes
obtained from exome data that used HLA*LA
or HLA-HD. The concordance rates were 95%
or higher for all loci except forHLA-DQA1 (69%)
(fig. S5C), suggesting that any significant asso-
ciation results for HLA-DQA1 should be in-
terpreted with caution and replicated in an
independent cohort.

HLA-II heterozygosity is associated with
reduced lung cancer risk
Having validated the high quality of HLA geno-
typing in the UK Biobank, we next asked whether
HLA heterozygosity is associated with reduced
lung cancer risk in the UK Biobank by perform-
ing a multivariable logistic regression analysis.
We controlled for clinical and demographic co-
variates that are known to influence lung cancer
risk and outcomes in the UK Biobank (62). We
reasoned that a multivariable model account-
ing for all covariates would be especially crit-
ical given the drastic difference in age between
lung cancer cases in the UK Biobank (median
67) (table 1 and Fig. 1F) and those in FinnGen
(median 75) (table 1 and Fig. 1G). Specifically,
we fit an independent multivariable logistic
regression for each HLA locus testing het-
erozygosity at the locus as a predictor together
with clinical and demographic covariates, in-
cluding smoking status (Materials andmethods)
(Fig. 1H). The outcome was a binary variable
indicating diagnosis or death due to lung can-
cer (N = 2468 in the UK Biobank) or healthy
control (N = 384,928 in the UK Biobank) (table
1). In addition to the eight multivariable mod-
els fit for each HLA-I (HLA-A, HLA-B, HLA-C)
and HLA-II (HLA-DRB1, HLA-DQB1, HLA-DQA1,
HLA-DPB1, HLA-DPA1) locus, we fit two addi-
tional models for maximal heterozygosity at
HLA-I (6 alleles versus <6) and maximal het-
erozygosity at HLA-II (10 alleles versus <10),
which is consistentwith the original definition
of heterozygote advantage (38) (table S4). This
analysis revealed that HLA-II heterozygosity
was significantly enriched in controls relative
to lung cancer cases, and thus associated with
reduced risk of lung cancer. We observed a pro-
tective effect for heterozygosity at each HLA-II
locus and for maximal heterozygosity across all
fiveHLA-II loci, but not forHLA-I. The effect of
heterozygosity was strongest for HLA-DRB1
[P = 5.19 × 10−7; logistic regression estimate =
−0.3; OR = 0.74; OR 95% confidence interval
(CI): 0.65 to 0.83] and HLA-DQB1 (P = 2.80 ×
10−6; logistic regression estimate = −0.27; OR =
0.76; OR95%CI: 0.68 to 0.85) (Fig. 1H).We then
repeated these analyses using the subset of in-
dividuals in the UK Biobank for whom whole-
exomes were available. We observed that the
protective effect of heterozygosity was also seen
when we used HLA genotypes called from
exomes that used both HLA*LA andHLA-HD,
despite the much smaller sample size of the
exome subset (N = 835 cases, 41,708 and 41,618
controls forHLA*LAandHLA-HD, respectively)
(fig. S6), suggesting that the effect of HLA-II
heterozygosity on reduced risk of lung cancer
is independent of the genotyping method used.
Although genotypes for HLA-DPA1 were not
available in FinnGen, we observed a similar
protective effect of overall HLA-II heterozygos-
ity (P = 0.006) and for heterozygosity at HLA-
DRB1 (P = 0.02), HLA-DQA1 (P = 0.004), and

HLA-DQB1 (P = 0.006) (table S5). HLA-DPB1
heterozygosity did not associate with lung can-
cer. However, the point estimate was protective
and the P value was close to significance (P =
0.089), suggesting that larger sample sizes may
clarify the association (Fig. 1I). These results
suggest that heterozygosity at HLA-II is asso-
ciated with reduced risk of lung cancer.
We next askedwhetherHLA-II heterozygosity

conferred protection against lung cancer risk
over time. We computed follow-up times and
censoring for all participants in the UK Biobank
as the time from the date of first assessment to
the date of diagnosis or death due to lung can-
cer (Materials and methods). We first assessed
the effect of smoking on lung cancer risk in the
UK Biobank using a multivariable Cox regres-
sion analysis, treating smoking status as a posi-
tive control for our follow-up timeand censoring
calculations. As expected, current smokers had
the highest risk of developing lung cancer in
both the UK Biobank (Fig. 2A and fig. S9A)
and FinnGen (Fig. 2B and fig. S9B), followed
by former smokers. To define the role ofHLA-II
heterozygosity in mediating lung cancer risk
over time, we asked whether heterozygosity
afforded additional protection against lung can-
cer within current, former, and never-smokers,
reasoning thatHLA heterozygosity may account
for some of the variability in lung cancer risk
among individuals with the dominant risk
factor. Thus, we assessed the effect of maximal
HLA-II heterozygosity (10 alleles versus <10)
in the UK Biobank and FinnGen within each
smoking category (current/former/never), ad-
justing for all covariates within each category
(i.e., a separate multivariable Cox regression
analysis within each smoking category) (fig. S7).
Notably, we found that among former smok-

ers, maximal HLA-II heterozygosity was asso-
ciated with reduced risk of lung cancer (P =
0.006; HR = 0.82; HR 95% CI: 0.71 to 0.94)
(Fig. 2C, fig. S9C, and table S6). This result
suggests two critical points: (i) that HLA-II
heterozygosity is associated with reduced lung
cancer risk even when adjusting for known
clinical and demographic covariates, and (ii)
thatHLA-II heterozygosity accounts for some of
the variability in lung cancer risk among smok-
ers. We repeated these analyses in FinnGen and
found that maximal HLA-II heterozygosity
(8 alleles versus <8, becauseDPA1 genotypeswere
not available in FinnGen) was associated with
reduced risk of lung cancer among current
smokers (Fig. 2D, fig. S9D, and table S7). That
the protective effect of HLA-II heterozygos-
ity was observed in former smokers in the UK
Biobank and in current smokers in FinnGen
may reflect differences in smoking habits be-
tween the two populations, differences in the
proportions of current and former smokers
among lung cancer cases in each cohort (41.8%
current smokers in the UK Biobank, 78.3% cur-
rent smokers inFinnGen), or ahigherproportion
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of former smokers misclassified as current
smokers in FinnGen as compared with those
in the UK Biobank (table 1). We did not ob-
serve a significant difference in cancer risk
between heterozygous and homozygous never-
smokers, suggesting a possible interaction be-
tween HLA-II heterozygosity and smoking in
driving lung cancer risk.

We next assessed the effects of heterozygosity
at each HLA-II locus on lung cancer risk over
timeusingmultivariableCox regressionanalyses
in the UK Biobank (table S6). Consistent with
our earlier logistic regression analyses (Fig.
1H), the strongest effects of heterozygosity
were observed for HLA-DRB1 (former smok-
ers P = 1.47 × 10−7; HR = 0.64; HR 95% CI:

0.55 to 0.76) (Fig. 3A) and HLA-DQB1 (former
smokers P = 1.71 × 10−6; HR = 0.68; HR 95%
CI: 0.58 to 0.79) (Fig. 3B), with a protective
effect observed in both current and former
smokers. Given the linkage disequilibrium be-
tween these two loci, we performed Cox regres-
sion analyses testing the effect of HLA-DRB1
heterozygosity among individuals homozygous

A B C D E

IHGF

Fig. 3. Heterozygosity at individual HLA-II loci is associated with reduced lung cancer incidence among smokers in UK Biobank and FinnGen. (A to E) Association of
heterozygosity at the indicated HLA-II locus with reduced lung cancer incidence among current and former smokers in the UK Biobank. Dotted lines denote heterozygous
individuals; solid lines represent homozygous individuals. (F to I) Association of heterozygosity at the indicated HLA-II locus with reduced lung cancer incidence
among smokers in FinnGen. Dotted lines denote heterozygous individuals; solid lines represent homozygous individuals. Plots with 95% CI are shown in fig. S9. All
P values were calculated with multivariable Cox regression.

A B DC

Fig. 2. Maximal HLA-II heterozygosity is associated with reduced lung
cancer incidence among smokers in UK Biobank and FinnGen. (A) Effect
of smoking status (current/former/never) on lung cancer incidence in UK
Biobank. (B) Effect of smoking status (current/former/never) on lung cancer
incidence in FinnGen. (C) Association of maximal HLA-II heterozygosity
(10 distinct alleles at HLA-DRB1, -DQB1, -DQA1, -DPB1, and -DPA1) with reduced
lung cancer incidence among former smokers in UK Biobank. Heterozygous

individuals are denoted by dotted lines; solid lines denote homozygous
individuals. (D) Association of maximal HLA-II heterozygosity (8 distinct alleles at
HLA-DRB1, -DQB1, -DQA1, and -DPB1 because DPA1 genotypes were unavailable
in FinnGen) with reduced lung cancer incidence among former smokers in
FinnGen. Heterozygous individuals are denoted by dotted lines; solid lines denote
homozygous individuals. Plots with 95% CI are shown in fig. S9. All P values
were calculated with multivariable Cox regression.
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atHLA-DQB1. This analysis confirmed that the
effect of HLA-DRB1 heterozygosity on reduced
lung cancer riskwas stronger than that ofHLA-
DQB1 heterozygosity in the UK Biobank (fig.
S8, A to C). Genetic variation in HLA-DRB1
has been strongly linked to changes in the pe-
ripheral T cell receptor (TCR) repertoire (63)
and risk of autoimmune diseases (64, 65). In
both cohorts, heterozygosity at bothHLA-DRB1
and HLA-DQB1 was associated with reduced
risk as compared with homozygosity at both
(fig. S8, A to F). Whereas the protective effects
of HLA-DRB1 and HLA-DQB1 heterozygosity
were observed in both current and former
smokers, the protective effects of heterozygos-
ity atHLA-DQA1 (Fig. 3C),HLA-DPB1 (Fig. 3D),
andHLA-DPA1 (Fig. 3E) were observed only in
former smokers (fig. S9, E to I). In general, we
replicated the protective effects of heterozygos-
ity at each of theHLA-II loci among smokers in
FinnGen (table S7), withHLA-DQB1 andHLA-
DQA1 mediating the strongest effects in both
current and former smokers (Fig. 3, F to I; fig.
S8, D to F; and fig. S9, J to M). Although we did
not detect any effect ofHLA-II heterozygosity in
never-smokers, the lack of such an association
may be due to power, given the much lower
number of never-smokers compared to cur-
rent and former smokers in both cohorts. To
examine whether the protective effect of het-
erozygosity was driven by the presence or ab-
sence of individualHLA-I orHLA-II alleles, we
performedmultivariable Cox regression analy-
ses in the UK Biobank and FinnGen, control-
ling for all alleles associated with lung cancer
risk, and found that all heterozygosity signals
remained significant even after adjusting for
the effects of individual alleles, either when
testing all individual alleles (fig. S10, A to C,
and tables S8 and S9) or when testing those
enriched in individuals fully heterozygous or
homozygous at HLA-II (fig. S10, D to G, and
tables S10 and S11). We also observed similar
results using Cox regression models unad-
justed for any covariates (tables S12 and S13)
and when adding up to 20 genetic ancestry
principal components to themultivariable Cox
regression model (tables S14 and S15). Collect-
ively, these analyses underscore the robustness
of the association betweenHLA-II heterozygos-
ity and reduced risk of lung cancer.
We next used the UK Biobank data to esti-

mate the lifetime risk of lung cancer by age 80
(53) among individuals heterozygous or homo-
zygous atHLA-II by using age as the timescale
(fig. S11), analogous to prior studies (53, 66)
(table S6). We observed notable differences in
lifetime risk between smokers heterozygous
and homozygous at HLA-II in the UK Biobank;
for example, among current smokers, homo-
zygosity at HLA-DRB1 was associated with a
13.92% lifetime risk of lung cancer as com-
pared with a 10.81% risk among current smok-
ers heterozygous at HLA-DRB1, representing

an excess risk of 3.11% (fig. S12). We observed
similar trends in FinnGen (table S7), with
26.3% lifetime risk attributed to HLA-DRB1
homozygotes as compared with 22.0% forHLA-
DRB1 heterozygotes (fig. S13).
To evaluate the potential effect of HLA-II

heterozygosity on reduced lung cancer risk in
comparison with genetic predisposition con-
ferred by other loci of the genome, we applied a
recently developed polygenic risk score (PRS)
for lung cancer (67) to both the UK Biobank
(fig. S14) and FinnGenn (fig. S15). We eval-
uated two forms of the PRS, starting in the
UK Biobank: one without SNPs in the MHC
region (“PRS noMHC”; fig. S14A) and one with
SNPs in the MHC region (“PRS w/MHC”; fig.
S14B). The HRs for HLA-DRB1 homozygosity
were comparable to the HRs for both versions
of the PRS (homozygosityDRB1HR = 1.36 com-
pared to PRS no MHC HR = 1.57, compared to
PRS w/ MHC HR = 1.42). As expected, these
results suggest that HLA-II homozygosity is
associatedwith lung cancer risk, but not to the
same extent as a genome-wide PRS, which in-
cludes many more loci. We next asked whether
HLA-II heterozygosity remains independently
associated with lung cancer risk even after
adjusting for the effect of the PRS. This was
the case regardless of which version of the PRS
was used; none of the HLA-I loci showed sig-
nificant heterozygosity effects when adjusting
for continuous PRS (fig. S14, C and D). Even
among individuals with high PRS, HLA-II
homozygosity was able to further stratify lung
cancer risk (fig. S14, E toN). In particular, even
among individuals with high genome-wide
PRS, HLA-II homozygosity conferred up to
8.2% additional lifetime risk in current smok-
ers and 2.1% additional lifetime risk in former
smokers in the UK Biobank (fig. S14, O and P).
We repeated these analyses in FinnGen and ob-
served similar results (fig. S15). In FinnGen, the
combination of PRS high and HLA-II homo-
zygosity conferred up to 9.0% additional life-
time risk in current smokers and up to 2.89%
additional lifetime risk among former smok-
ers (fig. S15, O and P). These analyses show
that HLA-II heterozygosity is a critical and
independent factor associated with reduced
risk of lung cancer, even among smokers and
individuals with high genome-wide genetic
predisposition.
Although we did not observe significance for

HLA-I heterozygosity in our logistic regression
analyses (Fig. 1), we tested the effects of max-
imal HLA-I heterozygosity and heterozygosity
at each HLA-I locus (fig. S16, A to D, and table
S6) on lung cancer risk over time using multi-
variable Cox regression analyses as performed
for HLA-II. We observed an unexpected signif-
icant effect of maximal HLA-I heterozygosity
and heterozygosity at HLA-C among former
smokers in the UK Biobank, but these results
did not replicate in FinnGen (fig. S16, E to H,

and table S7). These data suggest that further
studies, perhaps at larger sample sizes, are re-
quired to clarify the effect of HLA-I heterozy-
gosity on lung cancer risk.
We further performed subgroup multivaria-

ble Cox regression analyses in the UK Biobank
to test the effect of HLA-II heterozygosity in in-
dividual lung cancer subtypes, when available.
First, the effect of smoking alonewas significant
in all three histologies evaluated and was stron-
gest in small cell and squamous carcinoma (fig.
S17A), consistent with prior reports (1). Further-
more, our analyses revealed that the protective
effect of HLA-II heterozygosity was observed in
small cell carcinoma, squamous carcinoma, and
adenocarcinoma, with most effects observed
in former smokers, which is consistent with
the combined analyses (fig. S17).Moreover, the
HRs for HLA-II heterozygosity were lower in
squamous (HR range for significant loci: 0.49
to 0.66) and small cell (HR range for signifi-
cant loci: 0.47 to 0.56) than in adenocarcinoma
(HR range for significant loci: 0.69 to 0.76) (table
S16). Thus, our data may suggest that the pro-
tective effect of HLA-II heterozygosity could
be attenuated by smoking; i.e., the protective
effect is strongest in lung cancer subtypes, in
which the effect of tobacco is also the stron-
gest. We also observed significant associations
between HLA-II heterozygosity and reduced
risk of squamous carcinoma in FinnGen (fig. S18
and table S17).
We also evaluated the effect of HLA-II evo-

lutionary divergence (HED)—a quantitative
measure of the antigen-presentation capacity
of an individual’s HLA-II allomorphs that is
captured bymeasuring themolecular distance
between the peptide binding grooves of each
allele (41, 47)—on lung cancer risk in the UK
Biobank. Among former smokers, we observed
a protective effect of HED at HLA-DRB1 and
HLA-DQB1 against lung cancer risk when treat-
ing HED as a continuous variable and adjust-
ing for all covariates (fig. S19A). We repeated
these analyses in FinnGen and replicated the
HED association for HLA-DRB1 among both
current and former smokers (fig S19B). These
data suggest that granular differences between
amino acids within HLA-II peptide binding
grooves may be associated with a reduced risk
of lung cancer.

Fine-mapping implicates amino acid
heterozygosity within the HLA-II peptide binding
groove in reducing lung cancer risk

To explore the relationship between HLA-II
heterozygosity, antigen presentation, and lung
cancer risk, we sought to perform fine-mapping
analyses using the amino acid sequences of
the peptide binding groove of HLA-II alleles
(Materials and methods). Fine-mapping of the
peptide binding groove of the MHC has been
conducted previously to directly implicate anti-
gen presentation in HIV-1 control (68, 69). To
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examine the effect of aminoacidpolymorphisms
in the peptide-binding groove on lung cancer
risk, we first collected the amino acid sequences
of the peptide binding grooves of allHLA-DRB1
and DQB1 alleles in the UK Biobank because
heterozygosity at DRB1 and DQB1 mediated
the strongest protective effects against lung
cancer in the UK Biobank. We then defined
the polymorphic positions within the peptide-
binding groove through sequence entropy anal-
ysis in order to narrow the peptide binding
groove to a core set of polymorphic positions
to test for association with lung cancer risk.
Our entropy analysis revealed that roughly 33%
of the amino acid positions were polymorphic
(fig. S20A). We analyzed the average C-a dis-
tances between bound peptides and HLA-DRB1
and HLA-DQB1 protein residues using peptide-
MHC crystal structure data from the Protein
Data Bank (PDB) (Materials and methods and
table S18), which showed that polymorphic
residues are significantly closer to bound pep-
tides than aremonomorphic residues (P < 0.01
forHLA-DQB1; P < 0.0001 forHLA-DRB1) (fig.
S20, B and C), suggesting their relevance in
peptide presentation.
We next tested the set of polymorphic po-

sitions defined through sequence entropy anal-
ysis for association with lung cancer risk using
multivariable logistic regression in the UK
Biobank. In standard MHC fine-mapping anal-
ysis, amino acid positional diversity within
individual HLA alleles is tested for disease as-
sociations or quantitative traits (e.g., HIV-1 viral
load). Because our interest is in heterozygosity,
we adapted MHC fine-mapping to test hetero-
zygosity at each position within the peptide-
binding groove, defined as two different amino
acids at a particular position. For each polymor-
phic position in the peptide binding groove, we
fit a multivariable logistic regression model in-
corporatingheterozygosity at that position along
with smoking status. The outcome variable was
binary, representing lung cancer case or con-
trol as defined in earlier analyses. This analysis
revealed that five positions within the DRB1
peptide-binding groove and seven positions
within that ofDQB1 remained significant after
multiple testing corrections with the Benjamini-
Hochberg method (Fig. 4, A and B, and table
S19). Several of the significant positions have
been previously implicated in other diseases—
e.g., P70 in DRB1, previously associated with
rheumatoid arthritis (70)—in addition to smoking
and Parkinson’s disease (71). We also observed
the effect of P57 in DQB1, previously associated
with type 1 diabetes (72). A stepwise regression
analysis in the UK Biobank incorporating all
covariates yielded significance for P31 and P70
in HLA-DRB1 and P14 in HLA-DQB1 (Fig. 4, A
and B). The significant positions were found to
be a median of 7.04 Å (HLA-DQB1) and 9.04 Å
(HLA-DRB1) (both in the 21st percentile) to
bound peptides through quantification and

visual inspection of peptide-MHC crystal PDB
structures (Fig. 4, C and D). We repeated these
analyses in FinnGen and found that we repli-
cated four associations from the UK Biobank,
including HLA-DRB1 P70 (fig S21). Altogether,
these data implicate antigen presentation to-
gether with heterozygosity at both the popula-
tion level (through differences in allele identity
across individuals) and at the molecular level
(through differences in amino acid sequence
at particular positions inHLA peptide-binding
grooves) in reduced lung cancer risk. Although
the association of HLA-II heterozygosity with
reduced lung cancer risk in the longitudinal
Cox regression analyses implies that variation
within the peptide-binding groove should also
be associated with reduced lung cancer risk,
the principal contribution of our fine-mapping
analyses is that heterozygosity of specific amino
acidpositionswithin thepeptide-binding groove
are themselves associated with reduced lung
cancer risk.

Single-cell RNA sequencing of the adjacent
normal lung reveals that smoking drives
up-regulation of HLA-II and proinflammatory
pathways in alveolar macrophages

Our data suggest that HLA-II heterozygosity
and smoking interact through antigen pre-
sentation to modulate lung cancer risk. One
possible explanation for this phenomenon is
increased neoantigen presentation due to an
elevated mutation rate induced by smoking.
A complementary hypothesis is that smoking
alters the lung microenvironment to create an
inflammatory milieu that favors antigen pre-
sentation by theHLA-II allomorphs. To define
the molecular effects of smoking on the lung
microenvironment, we analyzed scRNA-seq
data from three lung cancer studies profiling
the adjacent normal lung (73–75). Despite these
prior studies and others assessing the effect of
smoking on the lung tumor microenvironment
(76), the effect of smoking on the normal lung
microenvironment is unclear. We hypothesized
that smokingmightmodulate the expression of
the HLA-II genes in relevant immune-cell sub-
sets; such modulation ofHLA-II gene expres-
sion may promote antigen presentation within
an inflammatory milieu created in response to
tissue damage by smoking.
We first analyzed scRNA-seq data from the

matched adjacent normal lung of 27 individ-
uals (N = 19 smokers, 8 never-smokers) who
underwent surgical resection for lung cancer
from Leader et al. (73) (Fig. 5, A to C). We used
cell-type annotations as specified in the orig-
inal study and noted a large compartment of
myeloid cells and alveolar macrophages (Fig.
5A). We first asked whether smoking induces
changes in the proportion of cell types in the
healthy lung. We directly compared cell-type
prevalence in smokers versus never-smokers,
accounting for the compositional nature of the

data using a Dirichlet multinomial regres-
sion adjusting for clinical covariates, as used
in prior studies (77, 78). This analysis revealed
an enrichment of alveolar macrophages (C25)
in smokers (Dirichlet multinomial P = 0.03)
(Fig. 5D and table S20). Differential expression
analysis performed among all individuals com-
paring C25 with all other macrophage clus-
ters showed that the C25 alveolar macrophages
cluster markedly up-regulated theHLA-II genes
(Fig. 5E and table S21), in addition to other
inflammatorymarkers such as IFI6 and ISG15.
Although high expression of the HLA-II genes
was also observed in C55, C25 was the only
macrophage cluster (and the only cluster over-
all) with significantly different prevalence be-
tween smokers and never-smokers. To examine
granular differences in cell state, we performed
differential expression analysis within C25 be-
tween smokers and never-smokers (table S22).
This analysis revealed that HLA-DRB1 was
up-regulated on smoker C25 cells, in addition
to other inflammatory genes related to the in-
nate immune response (CXCL8, ISG15, DEFB1,
and IFITM3) (Fig. 5F). Moreover, unbiased path-
way analysis of the differentially expressed
genes confirmed enrichment of proinflamma-
torypathways in smokerC25cells comparedwith
never-smoker C25 cells (Fig. 5G and tables S22
and S23). Additionally, we queried an indepen-
dent dataset of scRNA-seq data from the normal
lung fromTravaglini et al. (74), for which cluster
annotations and smoking status were available.
Although limited in sample size, this analysis
demonstrated a twofold enrichment of alveo-
lar macrophages in a smoker compared with
two never-smokers (Fig. 5H). Gene set enrich-
ment analysis (GSEA) with the differentially
expressed genes from Leader et al. C25 and the
macrophage cluster fromTravaglini et al. as input
showed that genes defining the Travaglini et al.
macrophage cluster were enriched in C25 (fig.
S22A), suggesting that the clusters were similar
across datasets. Alveolar macrophages can act
as antigen-presenting cells (79); thus, our data
indicate that smoking may increase antigen
presentation and inflammatory responses by
HLA-II–high alveolar macrophages.
Previous work in mice has suggested that

MHC-II can be expressed on tumor cells and
that such expression may be correlated with
improved clinical outcomes (80). To explore
this hypothesis in humans, we obtained a third
scRNA-seq dataset (75) of 44 patients for whom
both immune and epithelial cells were profiled
from both tumor and normal lung. Using this
dataset, we found that the HLA-II genes were
expressed most highly on myeloid cells and
B cells, which is consistent with their role as
antigen-presenting cells. However, we also de-
tected expression of theHLA-II genes in small
amounts on epithelial cells (Fig. 5I), which is
consistent with prior reports (81). The HLA-II
genes were expressed on epithelial cells from
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both normal (fig. S22B) and tumor lung (fig.
S22C). Differential expression analyses com-
paring smokers with never-smokers confirmed
that, as observed in myeloid cells, HLA-DRB1
was up-regulated in smokers’ normal epithelial
cells [both alveolar type 1 (AT1) andAT2] (Fig. 5J
and table S24). Our findings are supportive of
previous studies demonstrating that lung epi-
thelial cells can present antigen to CD4+ T cells
by means ofHLA-II (82). Our results validate
earlier observations of MHC-II expression in tu-
mors (83) and suggest that alveolarmacrophages
and epithelial cells may cooperatively respond
to tobacco smoking through up-regulation of
the HLA-II genes and proinflammatory path-
ways in normal tissues.

To investigate the effects of HLA-II hetero-
zygosity on cellular phenotypes in non–small
cell lung cancer (NSCLC), we used CIBERSORTx
(84) to deconvolve cell type–specific expression
from bulk RNA-seq data in the TCGA lung
adenocarcinoma (LUAD) and lung squamous
cell carcinoma (LUSC) cohorts. We performed
exploratory analyses assessing the effect of
HLA-II heterozygosity HLA-II expression in
specific cell types. This analysis revealed that
HLA-II heterozygosity drove higher expression
of the HLA-II genes in intratumoral dendritic
cells in both LUAD and LUSC (fig. S23) and
increased TCR clonality (fig. S24, A and B); in
LUSC, we also observed a trend toward higher
CD4+ T cell infiltration in HLA-II heterozygous

individuals (fig. S24, C and D). Altogether, these
data suggest that in lung tumors, HLA-II het-
erozygosity is associated with increased ex-
pression of HLA-II primarily in dendritic cells.
Although dendritic cells and other profes-
sional antigen-presenting cells are the dom-
inant expressers of HLA-II, our data from
normal tissues indicate that epithelial cells
and alveolar macrophages may also contrib-
ute to risk of lung cancer through expression
of HLA-II.
Our observations of bothHLA-II expression

on epithelial cells from tumor scRNA-seq sam-
ples and the effect of HLA-II heterozygosity
on reduced lung cancer risk prompted us to
ask whether lung tumors evade the immune

A B

C D

HLA-DRB1 HLA-DQB1

HLA-DRB1 HLA-DQB1

Amino acid position in peptide binding groove Amino acid position in peptide binding groove

Dist. to peptide

Seq. entropy

P = 0.05

Low entropy

Far from peptide

High entropy

Close to peptide

P < 0.05 when controlling for smoking status P < 0.05 after stepwise regression with all covariates and polymorphic positions

Fig. 4. Heterozygosity fine-mapping and structural analyses of HLA-II pep-
tide binding groove amino acid sequences. (A and B) Associations between
heterozygosity at the indicated position of the peptide binding groove of
HLA-DRB1 (A) and HLA-DQB1 (B), respectively, and lung cancer risk, analyzed
using a multivariable logistic regression in UK Biobank and adjusting for smoking
status. The dotted line indicates false discovery rate (FDR) P = 0.05. Annotation
bars indicate polymorphism at the indicated position defined by sequence entropy

and distance from peptide, based on analysis of representative peptide-MHC
crystal structures. (C) Structural visualization of significant amino acid
positions from (A) and positions significant after stepwise regression on a
representative HLA-DRB1 crystal structure in complex with bound peptide.
(D) Structural visualization of significant amino acid positions from (B) and positions
significant after stepwise regression on a representative HLA-DQB1 crystal
structure in complex with bound peptide.
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Fig. 5. Tobacco smoking-induced inflammatory programs identified by
sc RNA-seq analysis of the normal lung from three independent cohorts.
(A) Uniform manifold approximation and projection (UMAP) of normal lung scRNA-
seq data from Leader et al. Broad compartments containing multiple clusters are
labeled. (B) UMAP of cells from smokers only from Leader et al. (C) UMAP of cells
from never-smokers only from Leader et al. (D). Increased prevalence of the C25
alveolar macrophage cluster in smokers as compared with never-smokers. Boxplots
depict minimum, first quartile, median, third quartile, maximum, and outliers.
(E) Up-regulation of HLA-II genes in C25 as compared with other macrophage clusters

from Leader et al. (F) Differential expression analysis comparing smoker C25 cells
with never-smoker C25 cells. (G) Pathway analysis performed using differentially
expressed genes from (F) as input. (H) Enrichment of macrophages in a smoker as
compared with two never-smokers in an independent scRNA-seq dataset from
Travaglini et al. (I) Expression of HLA-II cells in antigen-presenting cells (B cells and
macrophages) and epithelial cells from an independent scRNA-seq dataset from
Kim et al. containing both tumor and normal lung data. (J) Up-regulation of
HLA-DRB1 expression across immune and epithelial cells in smokers as compared
with never-smokers from Kim et al.
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system through LOH of theHLA-II genes. Such
LOH events would dampen the tumor’s ability
to present HLA-II–restricted neoantigens, thus
evading recognition by CD4+ T cells, which
would provide further evidence for the impor-
tance of HLA-II expression on epithelial cells
for tumor immune surveillance. Although prior
work has estimated that roughly 40% of lung
cancers exhibit allele-specific LOH at theHLA-I
genes (32), the presence and extent of HLA-II
LOH in cancer remain unknown. To investigate
whether HLA-II LOH occurs in lung cancer,
we adapted LOHHLA (32), originally developed
to compute allele-specific HLA-I loss in cancer,
to evaluate allele-specific loss of HLA-II genes
by using exome sequencing data from LUAD
(N = 486) and LUSC (N = 450) from TCGA
(Materials and methods). We observed that
HLA-II LOH was just as prevalent as HLA-I
LOH inNSCLC; in particular, we observed rates
of 24 and 38%HLA-II LOH in LUAD and LUSC,
respectively. For HLA-I LOH, we observed rates
of 24 and 37% in LUAD and LUSC (Fig. 6A).
Unequivocally, these data suggest that HLA-II
LOH, which was previously uncharacterized, is
widespread in NSCLC. To validate the observed
rates of HLA-II LOH discovered in TCGA, we
obtained whole-genome sequencing from two
independent cohorts of patientswithNSCLC: the
PCAWG cohort (85) (N = 83) and theHartwig
Medical Foundation cohort (86) (N = 657).
We adapted the methodology from Martínez-
Jiménez et al. that was used to callHLA-I LOH
(33) to call HLA-II LOH in these two additional
cohorts. In PCAWG, 19 to 34% of patients had
HLA-II LOH; comparably, 26 to 28% of pa-
tients in the Hartwig cohort had HLA-II LOH
(Fig. 6A). Although the rates of HLA-II LOH
are comparable to those of HLA-I LOH, our
analysis demonstrates across three indepen-
dent cohorts and two independent algorithms
that HLA-II LOH is as prevalent in NSCLC as
HLA-I LOH is. Our data show thatHLA-I LOH
is often accompanied byHLA-II LOH, suggest-
ing that loss of both loci may be important for
tumor evolution.
We next sought to investigate the effects of

germline HLA-II heterozygosity and HLA-II
LOH on the tumor mutational landscape and
immunopeptidome. In TCGA LUAD, HLA-II
heterozygosity had no effect on tumor muta-
tional burden (TMB) (fig. S25A) but was as-
sociated with a larger predicted neopeptide
repertoire (fig. S25B), suggesting that HLA-II
heterozygosity specifically affects MHC-bound
mutations. Next, we asked whether HLA-II
LOH affected both TMB and the neopeptide
repertoire. Notably, tumors with HLA-II LOH
had a higher TMB than did individuals with-
out LOH (fig. S25C) and a larger neopeptide
repertoire at baseline (LOH pre-loss compared
with tumors with no LOH) (Fig. 6B). This result
suggests that HLA-II LOH is selected for in
lung cancer through preferential loss of HLA-II

alleles with larger neopeptide repertoires. More-
over, we found that LOH of HLA-DRB1 was
associated with lower expression of HLA-II in
NSCLC epithelial cells (fig. S24E), suggesting
that HLA-II LOH may affect both the tumor
immunopeptidome and microenvironment.
We next repeated these analyses in the TCGA
LUSC cohort; as in LUAD, germline HLA-II
heterozygosity was not associated with TMB
(fig. S26A) but was associated with a larger
neopeptide repertoire (fig. S26B). Whereas in
LUSC, HLA-II LOH was not associated with
TMB (fig. S26C), we observed that tumorswith
LOH at HLA-DPB1 and HLA-DPA1 had higher
neopeptide repertoires at baseline (pre-LOH)
compared with those with no HLA-II LOH,
again suggesting selection forHLA-II LOH in
lung cancer (Fig. 6C). To investigate the prop-
erties of peptides lost throughHLA-II LOH,we
calculated peptide hydrophobicity, previously
shown to be a critical determinant of neoantigen
immunogenicity (87–90). In both LUAD and
LUSC, peptides lost through HLA-DRB1 LOH
tended to bemore hydrophobic than those that
were not lost (fig. S25D and fig. S26D). Collec-
tively, these analyses demonstrate thatHLA-II
LOH is as prevalent as HLA-I LOH in lung
cancer and affects the dynamics of the tumor
immunopeptidome.

Discussion

Here we show that HLA-II heterozygosity is
associated with reduced risk of lung cancer,
whichmay account for the variability in lung
cancer risk among current and former smok-
ers. Through analysis of genetic epidemio-
logical data from two large-scale population
cohorts and of multimodal genomic data, our
study suggests an immunogenetic basis for
lung cancer risk. Our data underscore the role
of immunosurveillance in protecting against
lung cancer. We propose that the immune sys-
tem, consisting of immunogenetic and cellular
diversity, comprises the foundation of tumor
rejection and initiation (12–16), together with
replicative and hereditary defects and environ-
mental exposures as proposed by Tomasetti and
Vogelstein (91, 92).
Our study represents a multimodal inter-

rogation of the influence of HLA heterozy-
gosity on lung cancer risk. The combination
of orthogonal approaches, including epidemi-
ological, genetic, and transcriptomic analyses,
suggests several complementary mechanisms
that may explain the association of HLA-II het-
erozygosity with reduced risk of lung cancer.
Heterozygosity at HLA-II may lead to increased
diversity of smoking-related antigens in de-
veloping tumors, which could be presented by
alveolar macrophages—which express inflam-
matory markers in response to tissue damage
by smoking—or by dendritic cells, for recogni-
tion by CD4+ T cells. It is also possible that
antigens could be presented to T cells by pre-

cancerous epithelial cells, such as AT1 or AT2
cells. The importance of HLA-II expression on
epithelial and tumor cells is underscored by
our finding of widespread HLA-II LOH in lung
cancer. We show that HLA-II LOH favors the
loss of alleles with larger neopeptide reper-
toires, underscoring the importance of the
HLA-II loci in lung cancer. Further investiga-
tion is required to clarify the exact mechanisms
by which HLA-II heterozygosity reduces lung
cancer risk, including clarification of whether
CD4+ T cells themselves clear early neoplastic
cells or facilitate CD8+ T cell–mediated clearance.
Altogether, our data are in agreement with an
increasing body of evidence suggesting that
CD4+ T cells and MHC-II are critical in the
immune response to cancer (83, 93–95).
Although our study revealed anHLA-II het-

erozygote advantage in reducing lung cancer
risk, examples ofHLA-II heterozygote advan-
tage have been shown previously for other
diseases, including ulcerative colitis (96) and
hepatitis B infection (39). However, given the
many prior examples of HLA-I heterozygote
advantage, e.g., in individuals with HIV (38)
and metastatic cancer (40–46), it is notable
that we did not observe a robust association
between HLA-I heterozygosity and lung can-
cer risk in our study. Statistical power may
influence the observed associations; we con-
ducted a power analysis down-sampling the
number of lung cancer cases in UK Biobank
and found that the number of cases required
to observe significance for heterozygosity varied
even across the individualHLA-II loci (fig. S27);
accordingly, perhaps larger cohorts are needed
to observe a signal atHLA-I. In addition, the
effects of HLA-II versus HLA-I heterozygos-
ity on cancer risk may depend on the cancer
type. To explore this question, we investigated
the effects of HLA heterozygosity on risk of 16
other cancer types in the UK Biobank and
FinnGen (fig. S28). This analysis revealed that
HLA-II heterozygosity was associated with re-
duced risk of multiple additional solid tumor
types in either the UKBiobank or FinnGen. The
strongest effects of both HLA-I and HLA-II
heterozygosity were observed in lymphoma
in both cohorts, motivating further investi-
gation of immunogenetic mechanisms of blood
cancer risk (97, 98). However, further work is
needed to clarify the differences between
immunosurveillance mediated byHLA-I and
HLA-II in early tumor development, includ-
ing the development of refined models in other
cancer types incorporating disease-specific
covariates.
GWAShave strongly implicatedHLA-II alleles

in risk of autoimmune diseases (99–101); our
fine-mapping analyses identified positions
within the peptide-binding groove ofHLA-II
alleles that were previously identified by fine-
mapping of the MHC in autoimmune disease.
The varying roles of HLA-II heterozygosity in
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Loss of heterozygosity of HLA-I and HLA-II in NSCLC
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Fig. 6. HLA-I and HLA-II loss of heterozygosity and immunopeptidome
dynamics in lung cancer. (A) Rates of loss of heterozygosity (LOH) at HLA-I
and HLA-II across multiple independent large lung cancer cohorts. HLA LOH at all
eight HLA loci in TCGA was calculated with LOHHLA. The proportion of
individuals with loss at any class HLA-I (any one or more of HLA-A/B/C) or any
class HLA-II locus (any one or more of HLA-DRB1/DQB1/DQA1/DPB1/DPA1)
was determined for LUAD (HLA-I, N = 458; HLA-II, N = 465), LUSC (HLA-I,
N = 416; HLA-II, N = 381), and for the full NSCLC cohort (HLA-I, N = 874; HLA-II,
N = 846), and displayed as the mean across six LOHHLA coverage filters
(5 to 30 in increments of 5). For individuals evaluated at ≥1 HLA-I locus and

≥1 HLA-II locus, LOH at only HLA-I was defined as LOH at one or more HLA-I loci
but no HLA-II loci, and vice versa for HLA-II only LOH (LUAD N = 437, LUSC
N = 347). For PCAWG and Hartwig, HLA-I and HLA-II LOH were determined by
using the Hartwig Medical Foundation analytical pipeline (33). Loss at any
HLA-I locus and any HLA-II locus was calculated similarly for the full NSCLC
cohort (TCGA= 784; Hartwig, N = 657; PCAWG, N = 83). A subset of samples in
Hartwig and PCAWG were specifically annotated by histology (LUAD or LUSC);
for these samples, rates within each histology were also calculated (Hartwig
LUAD, N = 273; Hartwig LUSC, N = 35; PCAWG LUAD, N = 36; PCAWG LUSC,
N = 47). All other samples in Hartwig and PCAWG are labeled in the original
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cancer, infectious disease, and autoimmunity
should certainly be investigated further. HLA-II
heterozygosity may also be associated with risk
of viral or bacterial infections; these risks, in
turn, could be exacerbated by one’s smoking sta-
tus. We recommend that such studies should
combine longitudinal and lifetime risk data
available in large biobanks with mechanistic
analyses investigating the various genomic ef-
fects ofHLA heterozygosity, which together rep-
resent key advances of our study in contrast to
traditional GWAS or other studies investigating
the effect of HLA diversity on cancer risk (98).
An important consideration with respect

to replication of our heterozygosity results is
the major compositional differences between
the UK Biobank and FinnGen. Although both
datasets represent population-scale cohorts
with longitudinal follow-up data for cancer
risk analyses, an essential difference between
the two cohorts is the previously described
healthy volunteer bias in the UK Biobank (102).
This healthy volunteer bias results in lower rates
of cancer incidence in the UK Biobank as com-
pared with that found in the general popula-
tion, and lower rates of smoking aswell, which
may explain in part the relatively low number
of small cell lung cancer cases included in the
cohort. For these reasons, we sought to validate
our results in FinnGen, which recruited healthy
volunteers in addition to individuals diagnosed
with particular diseases (51, 52), and is thus
more representative of the general population in
terms of disease incidence. The preponderance
of individuals with disease in FinnGen may in
part explain the higher number of lung cancer
cases in FinnGen as compared with that found
in the UK Biobank despite the smaller total
sample size of FinnGen (183,163 individuals
compared with 391,182 individuals). Overall,
we believe that the broad replication of the
protective effect ofHLA heterozygosity discov-
ered in the UK Biobank represents a clinically
relevant effect, given how different the two
cohorts are with respect to demographics and
healthy volunteer bias.
Our study nominates population-level im-

munogenetic variation as a factor underlying
the risk of lung cancer. A greater understand-
ing of immunogenetic determinants of cancer
risk, including genetic variation in HLA and
other immune genes and pathways commonly
associated with autoimmune and infectious
diseases, may foster the development of im-
proved strategies for cancer prevention. Our
study suggests that current or former smok-

ers homozygous at HLA-II could be consid-
ered at an earlier age for low-dose computed
tomographic (LDCT) screening, which may
reduce lung cancer mortality (103). Whether
the combination of genotype-driven risk as-
sessment and LDCT reduces lung cancer mor-
tality as compared with either method alone
should be comprehensively investigated in a
future prospective clinical trial.

Materials and methods
Assembly of lung cancer cases and controls
from the UK Biobank

We used data from the UK Biobank, last ac-
cessed inMay 2022. Full details on participant
recruitment and demographic characteristics
are included in Sudlow et al. (104) and Bycroft
et al. (48). We defined lung cancer cases by the
ICD-10 codes C34.0, C34.1, C34.2, C34.3, C34.8,
and C34.9. The histological subtypes of lung
cancer analyzed were small cell carcinoma,
squamous cell carcinoma, and adenocarcinoma.
Any individuals with cancer diagnosed prior
to the start of the UK Biobank recruitment
period were excluded from analysis; to miti-
gate the possibility of including such individ-
uals even after this filter,we started the follow-up
time 1 year after the date of assessment, which
did not affect the association results.
We defined an event as diagnosis or death

due to lung cancer. For individuals with an
event, their follow-up time was computed as
the date of assessment to the earliest of either
the date of lung cancer diagnosis or date of
death due to lung cancer. If participants died
due to lung cancer and were not diagnosed pre-
viously, their follow-up time was computed as
the days between the assessment date and the
death due to lung cancer. All other individuals
were designated as event 0 (healthy controls in
this study). For individuals with event 0, follow-
up timewas calculated as the date of assessment
to the earliest date of death, date lost to follow-
up, or date of the end of cancer follow-up as re-
portedby theUKBiobank for assessment centers
inEngland,Wales, andScotland. For lung cancer
subtype-specific analyses, we assigned event 1 if
diagnosed or died due to the subtype of interest.
We assigned event 0 for all other individuals, and
the follow-up time was calculated as days from
the assessment date to the earliest diagnosis or
death due to lung cancer if not diagnosed pre-
viously. We further collected age at first assess-
ment, smoking status (current/former/never),
BMI at first assessment, Townsend deprivation
index, assessment center (England/Scotland/

Wales), sex, and five principal genetic ancestry
components for multivariable Cox regres-
sion analyses. We used age at death or end of
follow-up for multivariable analyses using age
as the time scale.

Assembly of FinnGen lung cancer cases
and controls

The FinnGen study (https://www.finngen.fi/en)
(49, 51–53) is a public-private partnership in-
cluding Finnish universities, biobanks, and
hospital districts together with several phar-
maceutical companies founded in the year 2017.
The aim is to collect national Health Records
(EHRs) and genetic data from 500,000 Finns
by the end of 2023. The study participants in-
clude patients with acute and chronic diseases,
healthy volunteers, and population collections.
Version R8 consists of ∼340,000 individuals
(~190,000 females and 150,000 males). For our
analysis, we used the genetic data and national
EHR data from FinnGen participants. Specif-
ically, hospital data from inpatient, outpatient,
cancer, and cause of death registries were
used. Overlapping information from different
registries for individuals was removed prior
to analyses.
We defined an individual as a case for lung

cancer (event 1) if that person was diagnosed
with lung cancer or the primary cause of death
was lung cancer.We defined lung cancer using
the ICD version 9 and 10 from the hospital
data. ICD-9 code 162 and ICD-10 codes C34.0,
C34.1, C34.2, C34.3, C34.8, and C34.9 were
used in the definition of lung cancer. For lung
cancer subtype-specific analyses, individuals
were defined as a case if they were diagnosed
with histology of interest or died due to his-
tology of interest. Morphology codes used for
defining specific subtypes from the cancer
registry: non–small cell lung cancer, adenocar-
cinoma code 8140; non–small cell lung cancer,
squamous 8070; and small cell lung cancer code
8041. All other individuals in the FinnGen co-
hort were defined as controls (event 0). Some
of the registry data in FinnGen dates back to
the 1950s, and different registries included in
FinnGen have different start dates. We started
the follow-up time calculations in FinnGen
from 1 January 2000 onward for all individu-
als included in the analyses since this is the
earliest date for which complete cancer follow-
up information was available for FinnGen
participants. If an individual was diagnosed
with lung cancer, follow-up time ended at the
earliest date of diagnosis or death due to lung

metadata as NSCLC and are presented in the rightmost panel NSCLC
(LUAD+LUSC), which includes samples with and without histology annotation.
(B) Dynamics of the predicted neopeptide repertoire in TCGA LUAD and (C) in TCGA
LUSC, in tumors with and without HLA-II LOH. The neopeptide repertories of
heterozygous patients unaffected by LOH are indicated by the red boxes. The
neopeptide repertoires of patients with LOH at the specified locus before

accounting for peptide loss and after accounting peptide loss due to the LOH
event are indicated by the green and blue boxes, respectively. Homozygous
patients without LOH are indicated by the purple boxes. Boxplots in (B) and
(C) depict minimum, first quartile, median, third quartile, maximum, and
outliers. Numbers above boxplots in (B) and (C) indicate P values computed
with two-sided Wilcoxon test.
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cancer or lung cancer subtype in subtype-specific
analyses. For controls, the follow-up time ended
at earliest of death, loss to follow-up, or the end
of the follow-upperiod (03/24/2021). Individuals
without BMI or smoking status information
were removed from the analyses to obtain com-
plete data for all individuals included in the
analyses. In addition, individuals who had any
cancerprior to01/01/2000orwhowerebornafter
01/01/2000 were removed from the analyses.

HLA imputation and genotyping from
whole-exome data

Imputed HLA genotypes (data field 22182)
were downloaded from the UK Biobank data
showcase. These four-digit HLA alleles were
estimated using HLA*IMP:02 from associ-
ated SNPs and is described in more detail in
the flagship UK Biobank publication (48).
The dataset is composed of rows of absolute
posterior probability values (PPV) for every
possible HLA-I allele (i.e. A0101, A0201) and
HLA-II allele (i.e., DRB10301, DRB10501) per
each individual, coded as a value between 0
and 2. We identified the HLA haplotypes for
each individual from this table and filtered
the dataset for individuals with high-quality
HLA imputation at the eight classical HLA-I
and HLA-II loci (HLA-A, B, C, DRB1, DQB1,
DQA1, DPB1, DPA1) using the following crit-
eria: for individuals with two distinct alleles at
a given locus (i.e. two alleles for that locus had a
nonzero value and all other alleles were 0), we
applied a threshold of 0.7 as recommended by
the UK Biobank, where individuals were con-
sidered positive for a specific allele if the PPV
was ≥0.7 and ≤1. Individuals with a PPV be-
tween 1.5 and 2 for a specific allele at a given
locus were marked as having two copies of the
allele. Individualswith twononzeroalleleswhere
one or bothhadaPPV<0.7, or onenonzero allele
between 1 and 1.5, at any of the eight HLA loci,
were excluded. Next, we calculated heterozy-
gosity perHLA locus. An individual was consid-
ered heterozygous at a specific locus if they had
two distinct alleles at the four-digit resolution
and homozygous if they had two copies of an
allele at that locus. Individuals were considered
fully heterozygous at HLA-I if they had six
distinct alleles (two for each ofHLA-A, -B, and
-C) and homozygous if they had less than six
distinct alleles (homozygous at one, two, or
three of the HLA-I loci). Individuals were con-
sidered fully heterozygous atHLA-II in the UK
Biobank if they had ten distinct alleles (two
for each of HLA-DRB1, -DQB1, -DQA1, -DPB1,
and -DPA1) and homozygous if they had less
than 10 distinct alleles (homozygous at one or
more of theHLA-II loci).Wenote that genotypes
for HLA-DPA1 were not available in FinnGen
and fully heterozygous atHLA-II was defined as
eight distinct alleles.
To support the fidelity of the genotypes used

in our study, we further downloaded whole-

exome sequencing data fromUK Biobank for
a subset of 835 lung cancer cases and 42,107
controls. We typed the classical HLA-I and
HLA-II genes using two independent methods,
HLA*LA (59), and HLA-HD (60). We used these
genotypes from exome sequencing data for
comparisons against the imputed HLA geno-
types provided by the UK Biobank. We also
repeated our multivariable logistic regression
analysis assessing the effect of heterozygosity
at the indicated locus together with all covar-
iates in the subset of UK Biobank individuals
with whole-exome sequencing data. We report
the logistic regression estimates andcorrespond-
ing P values for the logistic regression performed
with HLA*LA genotypes and with HLA-HD
genotypes on the lung cancer cases and controls
described above.

Population HLA allele frequency data

We obtainedHLA allele frequency data for the
UK and Finland from the AFND (http://www.
allelefrequencies.net/). For the comparison of
allele frequencies between the UK Biobank
and theUK, we took themean allele frequency
across England, Scotland, andWales. For com-
parisons of allele frequencies between the UK
Biobank and FinnGen, we excluded HLA-DPA1,
as genotypes for HLA-DPA1 were not availa-
ble in FinnGen. For comparisons of either UK
Biobank or FinnGen to their respective popu-
lation allele frequencies, we limited analyses to
alleles present in the AFND, under the assump-
tion that some alleles may be missing from
AFND (i.e., as opposed to being at 0% allele fre-
quency in the population).

Statistical analyses involving HLA
heterozygosity, divergence, individual
alleles, and clinical data

To assess the effect of HLA heterozygosity on
lung cancer risk, we performed multivariable
logistic regression analyses separately for each
locus incorporating age at assessment, sex,
smoking status (current/former/never), body
mass index (BMI), Townsend deprivation in-
dex [a measure of socioeconomic deprivation
previously associatedwith outcomes in theUK
Biobank (62)], assessment center (England/
Scotland/Wales), and five genetic ancestry prin-
cipal components to account for population
structure. For analyses that involved follow-up
time (using days in the study or age at death or
end of follow-up as the timescale), we used a
multivariable Cox regression analysis within
each smoking group (current/former/never),
incorporating heterozygosity at the indicated
locus (or maximal heterozygosity at HLA-I or
HLA-II) together with all covariates as de-
scribed above. HED was calculated according
to Chowell et al. and Pierini et al. (41, 47) and
tested as a continuous variable with all covar-
iates using multivariable Cox regression. To
investigate the association of individual HLA

alleles with lung cancer risk, we first assem-
bled all HLA-I and HLA-II alleles present in
the UKBiobank atMAF 1% or higher.We then
tested each allele independently, coding it as
0/1/2, in a multivariable Cox regression con-
trolling for all covariates. We then selected all
alleleswith nominalP<0.05 and included them
together in a multivariable Cox regression to-
gether with heterozygosity (e.g., at HLA-DRB1)
to assess whether the effect of heterozygosity
is independent of the effects of individual
HLA-I and HLA-II alleles. Significance was
denoted as multivariable (logistic or Cox) re-
gression P < 0.05. We estimated lifetime risk
by age 80 in the UK Biobank and age 90 in
FinnGen, given the higher age of lung cancer
cases in FinnGen compared to the UK Biobank
(Fig. 1, F and G). Lifetime risk was estimated by
as described in Mars et al. and Palomaki et al.
(53, 66). We estimated lifetime risk up to age
80 in the UK Biobank and 90 in FinnGen, as
lung cancer cases were significantly older in
FinnGen compared to the UK Biobank.

Polygenic risk score analyses

We applied a weighted lung cancer PRS from
Hung et al. (67), developed in Europeans, to the
UKBiobank using PRSice-2 (105), and FinnGen
using the CS-PRS pipeline (https://github.com/
FINNGEN/CS-PRS-pipeline). Importantly, this
PRSwas not developed in either the UKBiobank
or FinnGen, rendering it appropriate for appli-
cation to these two cohorts. We constructed
two versions of the PRS—one without SNPs in
theMHCregion, andonewith SNPs in theMHC
region. For Cox regression models including
continuous PRS, we scaled the PRS tomean 0
and standard deviation 1 prior to regression
modeling. High PRS was defined as greater
than the top quartile. We also ran Cox regres-
sion analyses combining PRS withHLA homo-
zygosity by first splitting individuals into high
(greater than the topquartile) and low (all others)
PRS, and then splitting the high PRS group into
heterozygous and homozygous HLA groups.

Power analysis

We conducted a power analysis in the UK
Biobank to estimate the number of cases re-
quired to observe significance ofHLA-II het-
erozygosity while adjusting for all covariates.
For each locus, we down-sampled the number
of cases while holding the number of controls
constant, sweeping the sample size from 100
to 2500 in increments of 100. We randomly
selected subsets of the indicated sample size
10 times and fit a multivariable Cox regression
with each subset, testing heterozygosity at the
indicated locus together with all covariates as
described above.

Heterozygosity and structural fine-mapping

HLA-II structures for 96HLA-DRB and 35HLA-
DQB alleles were identified using the Immune
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Epitope Database (106) and extracted from
RCSB Protein Data Bank (107). Structures were
then inspected using Visual Molecular Dy-
namics (VMD) (108) and processed to con-
tain only a single biological assembly. All
pairwise Euclidean distances between the C-a
atoms of beta chain residues and the C-a atoms
of the bound peptide were calculated, and the
minimum measured distance was selected for
each residue-peptide pair. This process was
repeated for each of the 131 structures, and the
average distance with respect to each residue
and HLA gene was determined. Amino acid se-
quences corresponding to the peptide binding
groove for 74 DRB1 and DQB1 alleles appearing
in the UK biobank dataset were extracted
from the IGMT database (109). Positional se-
quence entropy was calculated by grouping
the sequences by HLA gene (i.e. HLA-DRB1 or
HLA-DQB1), and Shannon entropy was calcu-
lated with respect to position (110).
Positional heterozygosity was first described

at the patient level. For each patient, individ-
ual amino acid positions of the peptide bind-
ing groove were queried for heterozygosity
across both haplotype alleles with respect to
gene (HLA-DRB1 orHLA-DQB1). For example,
if residue 5 of HLA-DRB1 binding pocket was
being considered for a given patient, then the
amino acid residues corresponding to residue
5 would be extracted from the HLA-DRB1 al-
lele sequences defined by the patient genotype
and compared. In cases where the compared
positions were the same amino acid across
both alleles, that position would be assigned
a 0, while positions showing a mismatch in
amino acid residues would be assigned a 1.
The process was repeated for all patients and
with respect to binding pocket residues which
showed a nonzero entropy across the entire
allele set.
Sixty individual logistic regression models

specific to each polymorphic binding pocket
position (30 for HLA-DRB1 and 30 for HLA-
DQB1) were fit where the selected residue and
smoking status were included as independent
variables and detected lung cancer events
within the time frame of the study as the de-
pendent variable. The process was repeated
with respect to each polymorphic position and
locus. Positions with implications in lung can-
cer risk were identified as those that produced
logistic regression models with significant P
values for parameter estimates. Prior to selec-
tion, parameter P values were corrected for
multiple testing using the Benjamini-Hochberg
(FDR) method with respect to the number of
polymorphic positions within each locus.
A stepwise logistic regression investigated

the concerted impact of positions with signif-
icant association with lung cancer risk within
each locus. The stepwise analysiswas performed
for each HLA-II allele where all positions that
showed individual associationwith lung cancer

within that locus were combined with all addi-
tional covariates described in the gene-level het-
erozygous logistic regression analysis. Stepwise
regressions were performed using the stepAIC
function from the R “MASS” package allow-
ing for both forward and backward searches.
Polymorphic positions in the final model fol-
lowing stepwise regression with a significant
parameter estimate were chosen. Select posi-
tions were visualized using VMD.

Single-cell RNA-sequencing analysis

We collected three publicly available scRNA-
seq datasets (73–75). The datasets were selected
based on the availability of normal lung data,
smoking status, and profiling of either immune
cells, epithelial cells, or both. We refer to the
lungs profiled here as “normal” rather than
“healthy” because theywere collected in studies
investigating lung cancer or lung pathologies
(Travaglini et al.). We used cluster definitions
exactly as specified in the original studies. To
assess changes in cell type prevalence be-
tween smokers and never-smokers, we used
the Dirichlet multinomial regression, which
accounts for the compositional nature of the
data. We controlled for age, sex, stage, and di-
agnosis. Significance was assessed at P < 0.05.
We used MAST (111) to perform differential
expression analyses comparing C25 to all other
macrophage clusters or between smokers and
never-smokers within C15, adjusting for the
same covariates used in the Dirichlet multino-
mial regression. We used log-normalized counts
for heatmaps andmarker plots depictingHLA-II
gene expression. All data were analyzed in
Seurat (112) in R using clinical and cell-type
data exactly as specified in the original studies.

Effect of HLA-II heterozygosity on the
tumor-immune microenvironment

To perform exploratory analyses assessing
the effect of HLA-II heterozygosity on the
tumor-immune microenvironment, we first
ran CIBERSORTx (84) on TCGA LUAD and
LUSC cases to infer cell type–specific expres-
sion of the HLA-II genes in intratumoral epi-
thelial and dendritic cells. To assess the effect
of HLA-II heterozygosity or HLA-II LOH (coded
as a binary variable- 1 or 0) on HLA-II expres-
sion in these cell types, we used a linear model
with covariates analogous to those used to
map expression quantitative trait loci. Specif-
ically, we used age, sex, 20 genetic ancestry
principal components, and 20 gene expres-
sion principal components as covariates, and
tested these against the inverse rank-normalized
CIBERSORTx values. The purpose of includ-
ing genetic ancestry PCs is to control for pop-
ulation structure; the purpose of using gene
expression PCs is to control for technical and
latent sources of variation in the RNA-seq data,
as performed in previous QTL studies. Genet-
ics ancestry PCs were obtained from Carrot-

Zhang et al. (113). The number of patients
with all covariates available was 424 in LUAD
and 438 in LUSC. We adopted a Bonferroni
significance threshold of P < 0.1 for signif-
icance given the exploratory nature of the
analysis. Given the limited number of tests
performed (5 HLA-II heterozygosity varia-
bles; 3 to 5 HLA-II genes inferred in each cell
type), we also examined nominally significant
associations at P < 0.05. We considered genes
such as DQB2 given the previously described
difficulty in assigning reads to the HLA genes
in RNA-seq data. We obtained TCR clonality
and CD4+ T cell infiltration estimates from
Thorsson et al. (114). As these estimates are
also obtained from RNA-seq, we used the same
model described above to assess their depen-
dence on HLA-II heterozygosity. For associa-
tions with TCR clonality and CD4+ T cell levels,
we considered P < 0.05 as significant, given
the limited number of tests performed (i.e.,
only a single variable, TCR clonality or CD4+

T cell levels, were tested).

HLA-II loss of heterozygosity for TCGA

We adapted the LOHHLA algorithm (32) to
determine LOH at all HLA class I and class II
genes in TCGA) (https://www.cancer.gov/tcga).
Whole-exome sequencing BAM files, aligned
to hg38 and from tumor- and blood-derived
normal samples, were downloaded from the
GDC portal (115) for all samples with LUAD
or LUSC. Tumor ploidy and purity values de-
termined using ABSOLUTE in Hoadley et al.
(116) were also downloaded from GDC. We
used HLA-I haplotypes called by OptiType (117)
and HLA-II haplotypes called using HLA-HD
fromMarty-Pyke et al. (35). ReferenceHLA fasta
files were downloaded from IMGT version
3.50, separately for each of the eightHLA loci
(--HLAfastaLoc). hg38 coordinates used are
as follows: HLA-A: chr6:29941260-29945884,
HLA-B: chr6:31353872-31357187, HLA-C: chr6:
31268749-31272092, HLA-DRB1: chr6:32578775-
32589848, HLA-DQB1: chr6:32659467-32666657,
HLA-DQA1: chr6:32637406-32655272,HLA-DPB1:
chr6:33075990-33089696, andHLA-DPA1:chr6:
33064569-33080748; and the script was run in-
dependently for each of the eight HLA loci, ex-
tracting the relevant HLA locus.
Before running LOHHLA, all 963 samples

with complete genomic information available
(495 LUAD and 468 LUSC)—including both
tumor and normal exome sequencing, full
HLA haplotype identified, and tumor ploidy
information—were evaluated for coverage at
each of the eight HLA loci and samples with
normal or tumor coverage below the bottom
fifth percentile of the coverage distribution
for a given locus were excluded. A locus was
then considered “available” for LOHHLA if it
was heterozygous at that locus and it passed
our coverage filter. This resulted in 936 distinct
samples (486 LUAD, 450 LUSC) heterozygous
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and with sufficient coverage at ≥1 HLA lo-
cus. For a given locus of each sample, we ran
LOHHLA at six independent coverage filters
(--minCoverageFilter 5 through 30 inclusive, at
intervals of 5). We used bedtools version 2.29,
samtools version 1.9, picard version 2.2.4, jelly-
fish version 2.3.0, GATK version 4.3.0.0, and
NovoAlign version 3.09.02. A sample was an-
notated as having LOH at a given HLA locus
if minor allele copy number was < 0.5, and
allelic imbalance P value < 0.01 (32). We ex-
cluded samples for which LOH was unable
to be determined at any of the sample’s avail-
ableHLA loci, or for which there were less than
five mismatch sites with sufficient coverage,
consistent with the warning message output
by LOHHLA for alleles with only five support-
ive mismatch sites. After filtering and running
LOHHLA, the number of individuals with LOH
calls at each individual locus was as follows:
HLA-A: 383LUAD, 359LUSC;HLA-B: 395LUAD,
371 LUSC; HLA-C: 365 LUAD, 351 LUSC; HLA-
DRB1: 285 LUAD, 226 LUSC; HLA-DQB1: 369
LUAD, 253 LUSC;HLA-DQA1: 387 LUAD, 320
LUSC; HLA-DPB1: 289 LUAD, 243 LUSC; HLA-
DPA1: 128 LUAD, 136 LUSC. Our analysis cohort
consisted of all individuals who had at least
one locus with an LOH call. A sample was
considered having LOH at “any class I” locus
ifHLA LOHwas detected at any one or more
of the threeHLA-I genes, and at “any class II”
locus ifHLA LOH was detected at any one or
more of the fiveHLA-II genes. In total, we were
able to determine HLA-I LOH for 874 samples
(458 LUAD and 416 LUSC) and HLA-II for 846
samples (465 LUAD and 381 LUSC). Frequency
of HLA-I LOH and HLA-II LOH among the
sample set was displayed as the mean of HLA-I
LOH or HLA-II LOH frequencies across the
six cutpoints. Within samples that were eval-
uated for LOH at ≥1 HLA-I loci and ≥1 HLA-II
loci (N = 784 for full cohort, LUAD N = 437,
LUSCN= 347), we determined the frequency of
individuals with LOH at onlyHLA-I, defined as
LOH at one or moreHLA-I loci but none of the
available HLA-II loci and only HLA-II, defined
as LOH at one or moreHLA-II loci but none of
the available HLA-I loci.

HLA-II loss of heterozygosity validation
in the PCAWG and Hartwig Medical
Foundation cohorts

To validate our HLA LOH analyses performed
in the TCGA, we curated two additional inde-
pendent cohorts and evaluated HLA-II LOH
using an adapted version of the methodology
used for HLA-I LOH in Martínez-Jiménez et al.
(33). The first dataset used for validation was
the PCAWG cohort (85), consisting of 83 NSCLC
samples (36 LUAD and 47 LUSC). The second
dataset used for validation was the Hartwig
Medical Foundation cohort (86), consisting of
657 samples (273 LUAD, 47 LUSC, remaining
not annotated by histology). For each sample,

LOH at each of the three HLA-I loci and each
of the five HLA-II loci were determined. LOH
of the HLA-I and HLA-II loci were defined as
those events with a minor allele copy num-
ber lower than 0.5 and amajor allele copy num-
ber greater than 0.5 as provided by PURPLE
(https://github.com/hartwigmedical/hmftools/
blob/master/purple/README.md). As in the
TCGA analysis, samples with LOH at any one
or more of the three HLA-I loci were annotat-
ing as having loss at “anyHLA-I”, and samples
with LOH at any one or more of the fiveHLA-II
loci were annotating as having loss at “any
HLA-II.” The frequency of HLA-I and HLA-II
loss among the full cohort was calculated, as
well as the frequencies within each histology
for samples for which histology annotation
was available. Mutually exclusive LOH classifi-
cation for each sample was also identified as
above, where samples with loss at “HLA-I only”
had LOH at ≥1 HLA-I but none of the HLA-II
loci, and vice versa for “HLA-II only.” Rates for
“HLA-I only” and “HLA-II only” were similarly
determined within the full cohort as the pro-
portion of samples with only HLA-I or only
HLA-II loss out of the full cohort, and sim-
ilarly within each histology.

HLA-II neopeptide prediction

Mutation annotation format (MAF) files for
patients in the LUAD and LUSC TCGA cohorts
were downloaded from the GDC portal (115).
Patient MAFs were then filtered for missense
mutations that were assigned to proteins char-
acterized in the canonical UniProt human ref-
erence proteome (118). Next, a sliding window,
ranging from 13 to 21 amino acids, was used to
extract all possible HLA-II neopeptides bear-
ing agivenmutation in apatient-specificmanner.
Binding-affinity rank scores for each poten-
tial neopeptide were then assessed for patient
HLA-DP, HLA-DQ, and HLA-DR alleles (119).
Following prediction, potential neopeptides
were assigned to the allele with the highest
predicted affinity and filtered to only included
peptides with a predicted affinity rank score of
10% or better (120).

HLA-II neopeptide repertoire analysis

Neopeptide repertoire size was defined as the
number of distinct potential neopeptides as-
signed to a given locus. Prior to repertoire size
analysis, several locus specific filtering steps
were performed. First, patients without MAF
files or with uncertain LOH status (i.e., failures
in LOHHLA analysis for heterozygous patients)
were filtered out. Next, in cases where MHC-II
binding predictions failed for a particular al-
lele, that patient would be removed from com-
parisons for that locus only. Lastly, patients
without TMB information— obtained from
Niknafs et al. (121)—were also removed. This
resulted in the following number of patients
being considered for each locus in the LUSC

cohort: DRB1: 258, DQA1: 339, DQB1: 346, DPA1:
385, DPB1: 292. Similarly, the following num-
ber of patients were considered at each locus
in the LUAD cohort: DRB1: 323, DQA1: 420,
DQB1: 423, DPA1: 449, DPB1: 347. To assess
the impact of HLA LOH on repertoire size,
peptides assigned to alleles determined to be
lost in a patient with LOH were labeled as such
to assist in downstream sorting. Peptide hydro-
phobicity was calculated using the “Peptides”
R package for heterozygous patients with and
without LOH. Following peptide hydropho-
bicity calculation, peptides were grouped by
patient and loss status (Loss or No Loss) and
averaged.

Statistical analysis

We used a Spearman correlation for analyses
comparing allele frequencies across cohort
and populations.P values in logistic regression
analyses were derived using the Wald statis-
tics. We used the log-rank test to estimate
statistical significance for multivariable Cox
regression analyses. For analyses comparing
distances between peptide and amino acid po-
sitions using crystal structure data for mono-
morphic and polymorphic positions, P values
were computed using a two-sided Wilcoxon
test. Unless otherwise noted, significance was
denoted at P < 0.05. Comparisons of cluster
prevalence between smokers and nonsmok-
ers using scRNA-seq data were conducted
using a Dirichlet multinomial regression. All
analyses were conducted in RStudio with R
version 3.6.1.
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