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Abstract
Background  Cellular immunity against tumor cells is highly dependent on antigen presentation by major histocompatibility 
complex class I (MHC-I) molecules. However, few published studies have investigated associations between functional vari-
ants of MHC-I-related genes and clinical outcomes of lung cancer patients.
Methods  We performed a two-phase Cox proportional hazards regression analysis by using two previously published 
genome-wide association studies to evaluate associations between genetic variants in the MHC-I-related gene set and the 
survival of non-small cell lung cancer (NSCLC) patients, followed by expression quantitative trait loci analysis.
Results  Of the 7811 single-nucleotide polymorphisms (SNPs) in 89 genes of 1185 NSCLC patients in the discovery  dataset 
of the Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial, 24 SNPs remained statistically significant after valida-
tion in additional 984 NSCLC patients from the Harvard Lung Cancer Susceptibility Study. In a multivariate stepwise Cox 
model, three independent functional SNPs (ERAP1 rs469783 T > C, PSMF1 rs13040574 C > A and NCF2 rs36071574 G > A) 
remained significant with an adjusted hazards ratio (HR) of 0.83 [95% confidence interval (CI) = 0.77–0.89, P = 8.0 × 10–7], 
0.86 (0.80–0.93, P = 9.4 × 10–5) and 1.31 (1.11–1.54, P = 0.001) for overall survival (OS), respectively. Further combined 
genotypes revealed a poor survival in a dose–response manner in association with the number of unfavorable genotypes 
(Ptrend < 0.0001 and 0.0002 for OS and disease-specific survival, respectively). Also, ERAP1 rs469783C and PSMF1 
rs13040574A alleles were associated with higher mRNA expression levels of their genes.
Conclusion  These potentially functional SNPs of the MHC-I-related genes may be biomarkers for NSCLC survival, possibly 
through modulating the expression of corresponding genes.

Keywords  Non–small cell lung cancer · MHC-I pathway · Survival · Genome-wide association study · Single nucleotide 
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Abbreviations
AUC​	� Area under the receiver operating characteristic 

curve
BFDP	� Bayesian false discovery probability
CI	� Confidence interval
DSS	� Disease-specific survival
EAF	� Effect allele frequency
ERAP1	� Endoplasmic reticulum aminopeptidase 1
eQTL	� Expression quantitative trait loci
FDR	� False discovery rate
GWAS	� Genome-Wide Association Study
HLCS	� Harvard Lung Cancer Susceptibility
HR	� Hazards ratio
LD	� Linkage disequilibrium
LUAD	� Lung adenocarcinoma
LUSC	� Lung squamous cell carcinoma
MHC-I	� Major histocompatibility complex class I
NADPH	� Nicotinamide adenine dinucleotide phosphate
NSCLC	� Non-small cell lung cancer
NCF2	� Neutrophil cytosolic factor 2
OS	� Overall survival
PSMF1	� Proteasome inhibitor subunit 1
ROC	� Receiver operating characteristic
ROC	� Receiver operating characteristic curve
SNPs	� Single nucleotide polymorphisms
TCGA​	� The Cancer Genome Atlas
PLCO	� The Prostate, Lung, Colorectal and Ovarian 

Cancer Screening Trial

Introduction

Lung cancer is one of the most common malignancies in 
humans, with the highest cancer-related mortality worldwide 
[1]. It is estimated that there will be approximately 228,150 
new cases and 142,670 deaths from lung cancer in the United 
States in 2019 [2]. Non-small cell lung cancer (NSCLC) is 
the most common histological type, accounting for approxi-
mately 90% of all lung cancer patients [3]. Current treatment 
options for advanced NSCLC include chemotherapy, radio-
therapy, and target therapy, but the first two treatments only 
modestly improve survival, while the patients inevitably 
develop resistance to the latter treatment targeting several 
driver mutations responsible for tumor progression [4–6]. In 
recent years, the role of the immune system in cancer devel-
opment and progression has been widely recognized [7–9]. 
Immunotherapy is now established as the “fourth pillar” of 
cancer treatment alongside surgery, radiation, and chemo-
therapy [10]. Immunotherapy alone in patients with a high 
level of PD-L1 expression or in combination with chemo-
therapy is now the standard first-line therapy for patients 
with metastatic NSCLC [11–13]. However, many patients 
do not benefit from the current immunotherapy, and thus 

there is an urgent need to identify survival-related predic-
tive biomarkers to maximize the benefits of immunotherapy.

Major histocompatibility complex class I (MHC-I) pro-
teins are central mediators in cellular immunity as they gov-
ern cytotoxic T lymphocyte (CTL) function through the pro-
cess of antigen presentation and serve as markers for natural 
killer (NK) cells. For example, an effective CTL response 
relies on the ability of MHC-I proteins to present a diverse 
array of peptides [14]. On the other hand, the killing effect 
of the cellular immunity in tumor cells is highly dependent 
on MHC-I activation of CTL on the surface of cancer cells 
and dendritic cells, which means MHC-I molecules expose 
the intracellular protein content on the cell surface, allow-
ing T cells to detect foreign or mutated peptides [15]. Due 
to the important role that MHC-I proteins play in cellular 
immunity, we hypothesize that genetic variants of the genes 
involved in the MHC-I pathway in the process of tumor anti-
gen presentation are associated with NSCLC survival.

Since the hypothesis-free genome-wide association study 
(GWAS) only focuses on the top or most significant SNPs/
genes with a stringent P value after correction for multi-
ple tests, most of the identified top SNPs lack of functional 
annotations. Up to date, few novel functional SNPs have 
been identified in associations with prognosis of lung can-
cer patients in GWASs of populations of European descent 
[16–19]; thus, as a promising hypothesis-driven method in 
the post GWAS era, the biological pathway-based approach 
has been applied to reanalyze published GWAS datasets to 
assess the cumulative effect of SNPs across multiple genes 
in the same biological pathway. Since much fewer SNPs in 
candidate genes of a significant biological pathway will be 
included in the analysis, unnecessary multiple tests for SNPs 
that may hold no apparent biological significance would be 
avoided, which improves the overall study power to iden-
tify both statistically significant and biologically important 
associations.

Material and methods

Study populations

In the two-phase analysis, we used the GWAS dataset of 
lung cancer patients of European descent from the Prostate, 
Lung, Colorectal and Ovarian (PLCO) Cancer Screening 
Trial as the discovery dataset. The PLCO is a randomized 
control study conducted by the National Cancer Institute 
(NCI), which included 77,500 men and 77,500 women 
aged 55–74 years, enrolled between the years of 1993 and 
2011 from 10 medical centers in the USA. All the partici-
pants were randomized into either the intervention arm that 
received a trial screening or the control arm that received 
standard care instead, who were then followed up for at least 
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13 years after the enrollment [20]. Blood samples and per-
sonal information about smoking status and family history 
were collected at enrollment, and cancer diagnosis, histopa-
thology, tumor stage and treatment method were collected in 
the follow-up period [21]. In these 150,000 patients, a total 
of 1185 patients with NSCLC were eligible for survival anal-
ysis after excluding two individuals who had no follow-up 
information. Genomic DNA extracted from the whole-blood 
samples of these participants were genotyped with Illumina 
HumanHap240Sv1.0 and HumanHap550v3.0 (dbGaP acces-
sion: phs000093.v2.p2 and phs000336.v1.p1) [22, 23]. All 
the participants had provided a written informed consent 
permitting for the PLCO trial to use of the datasets, and each 
institutional review board of participating institutions had 
approved the use of the datasets.

Another GWAS dataset of 984 histology-confirmed 
Caucasian NSCLC patients from the Harvard Lung Cancer 
Susceptibility (HLCS) Study initiated in 1992 was used as 
the validation [24]. In the HLCS study, the whole blood 
samples and personal information were collected after the 
diagnosis, and DNA from the blood samples were extracted 
with Auto Pure Large Sample nucleic acid purification sys-
tem (QIAGEN Company, Venlo, Limburg, Netherlands) 
and genotyped by using the Illumina Humanhap610-Quad 
array. The genotyping data were used for imputation with 
the Mach3 software based on the sequencing data from the 
1,000 Genomes Project [25].

The use of these two GWAS datasets in the present study 
was approved by both the Internal Review Board of Duke 
University School of Medicine (Project #Pro00054575) and 
the National Center for Biological Information (NCBI) for 
the access to the NCBI dbGaP database of genotypes and 
phenotypes (Project #6404). The comparison of the charac-
teristics between the PLCO trial (n = 1185) and the HLCS 
study (n = 984) is presented in Supplementary Table 1.

Gene and SNP selection

The genes involved in the MHC-I-related pathway were 
selected by the Molecular Signatures Database (http://softw​
are.broad​insti​tute.org/gsea/msigd​b/index​.jsp) with the key-
word “MHC class I AND peptide.” After removal of 85 
duplicated genes, one pseudogene and three genes in the 
X chromosome, 89 genes remained as candidate genes for 
further analysis (Supplementary Table 2). Imputation with 
IMPUTE2 and the 1000 Genomes Project data (phase 3) was 
performed for these candidate genes. After that, SNPs within 
these genes and their ± 2 kb flanking regions were extracted 
with the following criteria: an imputation info score ≥ 0.8 
(Supplementary Fig. 1), a genotyping rate ≥ 95%, a minor 
allelic frequency (MAF) ≥ 5%, and Hardy–Weinberg equi-
librium (HWE) ≥ 1 × 10–5. As a result, a total of 7811 SNPs 

(527 genotyped and 7284 imputed) were selected from the 
PLCO GWAS dataset (dbGaP accession: phs000093.v2.p2 
and phs000336.v1.p1) for further analysis. The HLCS study 
was used as the validation dataset, and the SNP inclusion 
criteria for the HLCS genotyping data was the same as the 
PLCO genotyping data.

Statistical analysis

For survival analysis, the time to event was from the date 
patient was diagnosed as having NSCLC to the date of 
patient death. Participants were enrolled between 1993 and 
2001 and subsequently followed up locally by that screening 
center through 2011. Two patients were lost during the fol-
low-up. The covariates to be adjusted in both discovery and 
validation included age, sex, smoking status and histology, 
and the age used was age at diagnosis. In the single-locus 
analysis, we first used Cox proportional hazards regression 
analysis to assess the association between each of the 7811 
SNP and NSCLC survival in an additive genetic model, with 
adjustment for age, sex, smoking status, histology, tumor 
stage, chemotherapy, radiotherapy, surgery, and the first four 
of the ten principal components (PCs) in the PLCO dataset 
(Supplementary Table 3) by using the GenABEL package of 
R software [26]. For controlling multiple comparison in the 
discovery, we chose the measure from the strictest (Bonfer-
roni correction) to the least strict [Bayesian false discovery 
probability (BFDP)]. After the failure from Bonferroni Cor-
rection and false discovery rate of 0.2, we chose BFDP to 
maximize the number of SNPs to be validated. We used 
BFDP with a cutoff value of 0.80 for multiple testing correc-
tion to lower the probability of discovering potentially false 
positive results [27]. We assigned a prior probability of 0.10 
to detect a hazards ratio (HR) of 3.0 for an association with 
variant genotypes or minor alleles of the SNPs. After that, 
we validated those chosen SNPs by using the HLCS GWAS 
dataset. Next, we performed an inverse variance weighted 
meta-analysis to combine the results of both discovery and 
validation datasets. In the meta-analysis, Cochran’s Q-test 
and the heterogeneity statistic (I2) were used to assess the 
inter-study heterogeneity. If no heterogeneity was observed 
between the two datasets (Phet > 0.10 and I2 < 50%), a fixed-
effects model was implemented; otherwise, a random-effects 
model was applied. Furthermore, a stepwise Cox model, 
including available demographic and clinical variables as 
well as the first four principal components of the PLCO 
dataset, was performed to identify independent SNPs, and 
then the model was further adjusted for previously published 
survival-predictive SNPs from the same PLCO dataset. The 
results of selected SNPs are summarized in Manhattan plots 
and the regional association plots.

http://software.broadinstitute.org/gsea/msigdb/index.jsp
http://software.broadinstitute.org/gsea/msigdb/index.jsp
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Next, we used the combined genotypes to evalu-
ate the cumulative effects of the identified SNPs and the 
Kaplan–Meier curve to estimate overall survival (OS) and 
disease-specific survival (DSS) probability associated with 
the combined genotypes. We also assessed possible interac-
tions with a χ2-based Q-test between the combined geno-
types and clinical variables. We then performed the receiver 
operating characteristic (ROC) curve and time-dependent 
area under the curve (AUC) with the timeROC package of 
R software (version 3.5.0) to illustrate the prediction accu-
racy of the model integrating both clinical and genetic vari-
ables [28]. To evaluate the correlations between SNPs and 
the corresponding mRNA expression levels, we performed 
the expression quantitative trait loci (eQTL) analyses with 
a linear regression model. The mRNA expression data 
were obtained from two sources: 373 European individuals 
included in the 1,000 Genomes Project as well as 369 whole 
blood samples and 383 normal lung tissues included in the 
genotype-tissue expression (GTEx) project [29, 30]. Addi-
tional bioinformatics functional prediction for the tagging 
SNPs were performed with SNPinfo [31], RegulomeDB [32] 
(http://www.regul​omedb​.org) and HaploReg [33] (http://
archi​ve.broad​insti​tute.org/mamma​ls/haplo​reg/haplo​reg.
php). We also evaluated associations between the mRNA 
expression levels of the three genes and those of CD8A and 
CD274 in normal lung tissues in the TCGA cohorts.

Finally, the differences in mRNA expression levels were 
examined in 109 pairs of lung cancer tissues and adjacent 
normal tissues from the Cancer Genome Atlas (TCGA) 
database by using a paired t test model. We also assessed 
the differences in mRNA expression levels in a larger, but 
not paired, dataset from TCGA (http://ualca​n.path.uab.
edu), and Kaplan–Meier survival analysis was performed 
to assess the association between the mRNA expression 
levels and survival probability (http://kmplo​t.com/analy​sis/
index​.php?p=servi​ce&cance​r=lung). All statistical analyses 
were performed with a statistical significance of P < 0.05 by 
using the SAS software (version 9.4; SAS Institute, Cary, 
NC, USA), unless otherwise indicated.

Results

Associations between SNPs in the MHC‑I‑related 
pathway genes and NSCLC survival

The workflow chart of the present study is shown in Fig. 1. 
The basic characteristics of 1185 NSCLC patients from the 
PLCO trial and 984 NSCLC patients from the HLCS study 
have been described elsewhere [34] and are also shown in 
Supplementary Table 1. In the discovery PLCO genotype 
dataset, a single-locus multivariate Cox regression analysis 
was performed for the selected 7811 SNPs. For multiple 

testing correction, none of the SNPs passed Bonferroni Cor-
rection (P ≤ 0.05) or false discovery rate (P ≤ 0.20). This is 
likely due to the high LD among the SNPs generated by 
imputation. Besides, our purpose of using this pre-screening 
was to identify functional candidate SNPs for further analy-
sis. Therefore, we used the BFDP method for multiple test-
ing correction with threshold BFDP ≤ 0.80, and we identified 
206 SNPs to be significantly associated with NSCLC OS 
(P ≤ 0.05 and BFDP ≤ 0.8), of which 24 SNPs remained sig-
nificant after further validated by the HLCS genotype dataset 
(Fig. 1). Subsequently, we performed a combined-analysis of 
both PLCO and HLCS datasets for these 24 newly identified 
SNPs and found that a better survival was associated with 
the variant alleles of  SNPs in ERAP1 and PSMF1, while a 
poorer survival was associated with SNPs in NCF2, without 
heterogeneity between the two studies (Table 1).

Independent SNPs associated with NSCLC 
survival in the PLCO dataset

When the 24 validated SNPs were all included in the Cox 
regression model for the PLCO dataset (because the HLCS 
study dataset did not have the detailed genotyping data), 
only three SNPs were left to be significantly associated with 
survival. Then, we expanded the model by further includ-
ing other 15 previously reported survival-predictive SNPs 
from the same PLCO dataset, and these three newly identi-
fied SNPs remained significantly associated with survival 
(Table 2). The results of selected SNPs are summarized in 
a Manhattan plot (Supplementary Fig. 2), and the regional 
association plot for each of these three SNPs is shown in 
Supplementary Fig. 3.

In the PLCO dataset with complete adjustment for 
available covariates, patients with either the ERAP1 
rs469783C allele or PSMF1 rs13040574A allele had a 
decreased risk of death or a better survival [Ptrend = 0.0003 
for OS; Ptrend = 0.0008 for DSS and Ptrend = 0.006 for OS; 
Ptrend = 0.014 for DSS, respectively], while patients with the 
NCF2 rs36071574A allele had an increased risk of death 
or a worse survival (Ptrend = 0.018 for OS and Ptrend = 0.012 
for DSS) (Table 3). Specifically, compared with the TT 
genotype, the ERAP1 rs469783 C variant genotypes were 
associated with a better survival (TC: HR = 0.94, 95% 
CI = 0.81–1.10, P = 0.462 for OS and 0.95, 0.81–1.12, 0.539 
for DDS; CC: 0.65, 0.52–0.80, < 0.0001 for OS and 0.64, 
0.51–0.81, 0.0002 for DSS; and TC + CC: 0.86, 0.74–0.99, 
0.041 for OS and 0.86, 0.74–1.01, 0.063 for DSS), while 
compared with the CC genotype, PSMF1 rs13040574 A 
variant genotypes were associated with a better survival 
(CA: HR = 0.79, 95% CI = 0.66–0.93 and P = 0.005 for 
OS and 0.83, 0.69–0.99, P = 0.038 for DSS; AA: 0.75, 
0.61–0.92, 0.007 for OS and 0.76, 0.61–0.95, 0.015 for 

http://www.regulomedb.org
http://archive.broadinstitute.org/mammals/haploreg/haploreg.php
http://archive.broadinstitute.org/mammals/haploreg/haploreg.php
http://archive.broadinstitute.org/mammals/haploreg/haploreg.php
http://ualcan.path.uab.edu
http://ualcan.path.uab.edu
http://kmplot.com/analysis/index.php?p=service&cancer=lung
http://kmplot.com/analysis/index.php?p=service&cancer=lung
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Table 1   Associations of 24 validated significant SNPs with overall survival in both discovery and validation datasets from two previously pub-
lished NSCLC GWASs

Abbreviations SNP single nucleotide polymorphism, NSCLC non-small cell lung cancer, GWAS genome-wide association study, PLCO Pros-
tate, Lung, Colorectal and Ovarian Cancer Screening Trial, HLCS Harvard Lung Cancer Susceptibility Study, FDR false discovery rate, BFDP 
Bayesian false discovery probability, EAF effect allele frequency, HR hazards ratio, CI confidence interval;
Newly identified independent SNPs associated with survival are shown in bold and are further studied in the present study
a Obtained from an additive genetic model with adjustment for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, surgery, 
PC1, PC2, PC3, and PC4;
b Obtained from an additive genetic model with adjustment for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, surgery, 
PC1, PC2, and PC3;
c P het: P value for heterogeneity by Cochrane’s Q test;
d Meta-analysis in the fixed-effects model;
e SNPs rs30380, rs469758, rs30378, rs246453, rs246454 are high LD with rs30379 and have same results;
f SNPs rs26510, rs27710, rs27529 are high LD with rs30187 and have same results;
SNPs rs469783, rs30187, rs27524, rs6077915 are genotyped. The other SNPs are imputed

SNP Allele Gene PLCO (n = 1185)
FDR BFDP EAF HR (95% CI)a P a

rs469783 T > C ERAP1 0.29 0.16 0.42 0.83 (0.75–0.92) 0.0003
rs246456 T > C ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs30379e G > T ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs151964 T > G ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs30187f C > T ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs246455 T > C ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs168674 C > T ERAP1 0.29 0.16 0.33 0.83 (0.74–0.92) 0.0006
rs27524 G > A ERAP1 0.34 0.61 0.35 0.85 (0.77–0.95) 0.004
rs34755 T > G ERAP1 0.43 0.61 0.49 0.88 (0.79–0.97) 0.009
rs10911362 A > G NCF2 0.61 0.80 0.06 1.27 (1.03–1.56) 0.023
rs36071574 G > A NCF2 0.59 0.77 0.05 1.30 (1.05–1.62) 0.018
rs4142354 C > T PSMF1 0.34 0.72 0.47 0.86 (0.78–0.96) 0.006
rs6134012 C > T PSMF1 0.38 0.69 0.47 0.87 (0.78–0.96) 0.008
rs6077915 C > T PSMF1 0.34 0.72 0.47 0.86 (0.78–0.96) 0.006
rs13040574 C > A PSMF1 0.34 0.72 0.47 0.86 (0.78–0.96) 0.006
rs2284371 A > T PSMF1 0.34 0.72 0.47 0.86 (0.78–0.96) 0.006

SNP Allele Gene HLCS (n = 984) Combined-analysis

EAF HR (95% CI)b Pb Phet
c I 2 HR (95% CI)d Pd

rs469783 T > C ERAP1 0.45 0.83 (0.74–0.92) 0.0007 0.989 0 0.83 (0.77–0.89) 8.0E-7
rs246456 T > C ERAP1 0.39 0.86 (0.77–0.97) 0.011 0.636 0 0.85 (0.78–0.91) 2.9E-5
rs30379e G > T ERAP1 0.35 0.87 (0.78–0.97) 0.013 0.573 0 0.85 (0.78–0.92) 3.6E-5
rs151964 T > G ERAP1 0.35 0.87 (0.78–0.97) 0.013 0.572 0 0.85 (0.78–0.92) 3.7E-5
rs30187f C > T ERAP1 0.35 0.87 (0.78–0.97) 0.013 0.571 0 0.85 (0.78–0.92) 3.7E-5
rs246455 T > C ERAP1 0.35 0.87 (0.78–0.97) 0.015 0.555 0 0.85 (0.79–0.92) 4.0E-5
rs168674 C > T ERAP1 0.41 0.87 (0.77–0.98) 0.017 0.568 0 0.85 (0.78–0.92) 4.6E-5
rs27524 G > A ERAP1 0.37 0.87 (0.78–0.98) 0.019 0.719 0 0.86 (0.80–0.93) 0.0001
rs34755 T > G ERAP1 0.52 0.88 (0.79–0.98) 0.020 0.998 0 0.88 (0.82–0.95) 0.0007
rs10911362 A > G NCF2 0.05 1.36 (1.06–1.73) 0.014 0.678 0 1.31 (1.12–1.53) 0.0009
rs36071574 G > A NCF2 0.05 1.32 (1.03–1.70) 0.029 0.916 0 1.31 (1.11–1.54) 0.001
rs4142354 C > T PSMF1 0.47 0.85 (0.76–0.95) 0.006 0.931 0 0.86 (0.79–0.92) 7.1E-5
rs6134012 C > T PSMF1 0.47 0.86 (0.77–0.96) 0.006 0.839 0 0.86 (0.80–0.93) 0.0002
rs6077915 C > T PSMF1 0.47 0.86 (0.77–0.96) 0.007 0.986 0 0.86 (0.80–0.93) 8.7E-5
rs13040574 C > A PSMF1 0.47 0.86 (0.77–0.96) 0.008 0.991 0 0.86 (0.80–0.93) 9.4E-5
rs2284371 A > T PSMF1 0.47 0.88 (0.79–0.99) 0.034 0.720 0 0.87 (0.81–0.94) 0.0004
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DDS; and CA + AA: 0.78, 0.66–0.91, 0.002 for OS and 0.81, 
0.68–0.96, 0.015 for DSS) (Table 3). In contrast, compared 
with the GG genotype, NCF2 rs36071574 A variant geno-
types were associated with a worse survival (GA: HR = 1.26, 
95% CI = 1.00–1.60, P = 0.051 for OS and 1.29, 1.01–1.65, 
0.043 for DDS; AA: 2.35, 0.87–6.38, 0.093 for OS and 2.68, 
0.99–7.29, 0.053 for DSS; and GA + AA: HR = 1.29, 95% 
CI = 1.03–1.62, P = 0.030 for OS and 1.32, 1.04–1.68, 0.022 
for DSS) (Table 3).

Combined effects of the three independent 
SNPs in the PLCO dataset

Because the available validation dataset from the HLCS 
study lacked detailed genotyping data, we used the PLCO 
dataset to assess the combined effect of the three independ-
ent SNPs on NSCLC OS and DSS. For the combined analy-
sis, we reversed some of the alleles based on their actual 
effect direction to align the allele effect direction of dif-
ferent loci. First, we combined the unfavorable genotypes 
(i.e., ERAP1 rs469783 TT, PSMF1 rs13040574 CC and 
NCF2 rs136071574 GA + AA into a number of unfavora-
ble genotypes (NUGs) score. As shown in Table 3, the 
increased NUG score was associated with a worse survival 

as assessed in the multivariate analysis of the PLCO dataset 
(Ptrend < 0.0001 and 0.0002 for OS and DSS, respectively) 
(Table 3).

Then, to facilitate further stratification analysis, we used 
the dichotomized NUG score to divide all the patients into 
0–1 score and 2–3 scores. Compared with the 0–1 score 
group, the score 2–3 group had a significantly worse sur-
vival (HR = 1.52, 95% CI = 1.24–1.86, P < 0.0001 for OS 
and 1.51, 1.22–1.87, 0.0001 for DSS) (Table 3). We further 
presented Kaplan–Meier survival curves to depict these 
associations between unfavorable genotypes and NSCLC 
OS and DSS (Fig. 2a-d).

We also analyzed the associations between genetic score 
and survival of NSCLC in the PLCO dataset. The genetic 
score was calculated by adding number of unfavorable gen-
otypes and weighted by HR. As shown in Supplementary 
Table 4, an increasing genetic score was associated with a 
decreasing survival as assessed in the multivariate analysis 
of the PLCO dataset (Ptrend < 0.0001 and 0.0002 for OS 
and DSS, respectively). We also dichotomized this genetic 
score into two groups of 0–1.29 and 2.44–3.73 scores. Com-
pared with the 0–1.29 group, the 2.44–3.73 group had a sig-
nificantly worse survival (HR = 1.50, 95% CI = 1.20–1.87, 
P = 0.0004 for OS and 1.47, 1.16–1.86, 0.002 for DSS).

Genetic model 
analysis

Combined and stratified 
analysis

SNP-mRNA
expression analysis

89 genes in the MHC-I pathway (after 85 duplicated genes,  
1 pseudogene and 3 genes in X chromosome were removed)

 7,811 SNPs in PLCO  
Genotyped SNPs: 527; Imputed SNPs: 7,284

206 SNPs significantly associated with NSCLC 
overall survival 

(P ≤ 0.05, BFDP≤ 0.80)

3 independent functional SNPs in
ERAP1, PSMF1 and NCF2

Cox regression multivariate analysis (additive genetic 
model)
Bayesian false discovery probability (BFDP) 

HLCS GWAS study (replication) 984 patients
Cox regression multivariate analysis

24 SNPs were validated with the HLCS 
dataset (P ≤ 0.05)

IMPUTE version 2, info score ≥ 0.8,
Gene ± 2kb (hg19), MAF ≥ 5%, 

Individual call rate ≥ 95%, HWE ≥ 10
-5

Stepwise analysis

Fig. 1   The flowchart of the present study. Abbreviations SNP, sin-
gle‐nucleotide polymorphism; PLCO, Prostate, Lung, Colorectal and 
Ovarian Cancer Screening Trial; NSCLC, non‐small cell lung cancer; 

HLCS, Harvard Lung Cancer Susceptibility Study; ERAP1, endoplas-
mic reticulum aminopeptidase 1; PSMF1, proteasome inhibitor subu-
nit 1; NCF2, neutrophil cytosolic factor 2



2825Cancer Immunology, Immunotherapy (2021) 70:2819–2833	

1 3

Stratified analysis for associations 
between NUGs and NSCLC survival

To evaluate whether the combined effect of unfavorable 
genotypes on NSCLC OS and DSS were modified by other 
covariates, we performed stratified analysis by age, sex, 
smoking status, histology, tumor stage, chemotherapy, radio-
therapy and surgery in the PLCO dataset. As a result, there 
was no obvious difference in survival between the strata of 
these covariates, and no significant interactions were found 
on both NSCLC OS and DSS between the strata (P > 0.05 
for all strata, Supplementary Table 5).

The ROC curves and time‑dependent AUC​

We further assessed the predictive value of the three SNPs 
with time-dependent AUC and ROC curves at the 60-month 
(or 5-year) survival in the PLCO dataset (with the follow-
up time between 0.03 and 155.83 months and the median 

follow-up time of 19.80 months). Compared with the model 
of covariates including age, sex, smoking status, histology, 
tumor stage, chemotherapy, radiotherapy, surgery and first 
four principal components, model with the addition of the 
independent SNPs did not improve prediction performance 
on 60-month (or 5-year) survival. However, the prediction 
performance on 10-year survival was improved significantly 
when integrating SNPs in the prediction model. The AUCs 
changed from 84.41% to 86.68% (P = 0.022) for OS and 
from 84.88% to 87.08% (P = 0.030) for DSS (Supplemen-
tary Fig. 4), suggesting that these newly identified SNPs 
contributed to the prediction of 10-year survival of NSCLC 
patients in the PLCO dataset.

The eQTL analysis

Subsequently, we performed the eQTL analysis to explore 
the correlations between genotypes of the newly identified 
three survival-predictive SNPs and their corresponding 

Table 2   Three indenpendent SNPs in multivariate Cox proportional hazards regression analysis with adjustment for clinical variables and previ-
ously published SNPs in the PLCO dataset

Abbreviations: SNP single nucleotide polymorphism, PLCO Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial, GWAS genome-
wide association study, HR hazards ratio, CI confidence interval
a Stepwise analysis included age, sex, smoking status, tumor stage, histology, chemotherapy, radiotherapy, surgery, PC1, PC2, PC3, PC4 and 
SNPs
b Fifteen published SNPs were used for post-stepwise adjustment. Five SNPs were reported in previous publication (PMID: 27557513); One SNP 
was reported in the previous publication (PMID: 29978465); Two SNPs were reported in the previous publication (PMID: 30259978);Two SNPs 
were reported in the previous publication (PMID: 26757251); Three SNPs were reported in the previous publication (PMID: 30650190); Two 
SNPs were reported in the previous publication (PMID: 30989732);

Variables Category Frequency HR (95% CI)a P a HR (95% CI)b Pb

Age Continuous 1185 1.03 (1.02–1.05)  < 0.0001 1.04 (1.02–1.05)  < 0.0001
Sex Male 698 1.00 1.00

Female 487 0.77 (0.66–0.89) 0.0005 0.85 (0.64–0.88) 0.0003
Smoking status Never 115 1.00 1.00

Current 423 1.67 (1.25–2.24) 0.0006 1.89 (1.40–2.55)  < 0.0001
Former 647 1.64 (1.25–2.16) 0.0004 1.87 (1.41–2.49)  < 0.0001

Histology AD 577 1.00 1.00
SC 285 1.15 (0.95–1.39) 0.144 1.19 (0.98–1.44) 0.083
Others 323 1.30 (1.10–1.54) 0.003 1.33 (1.11–1.58) 0.002

Stage I-IIIA 655 1.00 1.00
IIIB-IV 528 2.92 (2.40–3.55)  < 0.0001 3.14 (2.57–3.82)  < 0.0001

Chemotherapy No 639 1.00 1.00
Yes 538 0.57 (0.47–0.67)  < 0.0001 0.57 (0.47–0.68)  < 0.0001

Radiotherapy No 762 1.00 1.00
Yes 415 0.94 (0.80–1.11) 0.453 0.94 (0.80–1.12) 0.490

Surgery No 637 1.00 1.00
Yes 540 0.21 (0.16–0.27)  < 0.0001 0.19 (0.15–0.25)  < 0.0001

ERAP1 rs469783 T > C TT/TC/CC 401/580/204 0.83 (0.75–0.92) 0.0003 0.81 (0.73–0.90)  < 0.0001
PSMF1 rs13040574 C > A CC/CA/AA 318/616/251 0.86 (0.77–0.95) 0.004 0.84 (0.75–0.93) 0.001
NCF2 rs36071574 G > A GG/GA/AA 1063/116/6 1.33 (1.07–1.65) 0.011 1.33 (1.07–1.67) 0.011



2826	 Cancer Immunology, Immunotherapy (2021) 70:2819–2833

1 3

Table 3   Associations between three independent SNPs and survival of NSCLC in the PLCO Trial

Genotype Frequency OSa

Death (%) HR (95% CI) P

ETRAP1rs469783 > Cb

TT 397 273 (68.77) 1.00
TC 578 399 (69.03) 0.94 (0.81–1.10) 0.462
CC 200 117 (58.50) 0.65 (0.52–0.80)  < 0.0001
Trend test 0.0003
Dominant
TT 397 273 (68.77) 1.00
TC + CC 778 516 (66.32) 0.86 (0.74–0.99) 0.041
Or reverse
TC + CC 778 516 (66.32) 1.00
TT 397 273 (68.77) 1.16 (1.01–1.35) 0.041
PSMF1rs13040574 C > Ac

CC 315 210 (66.67) 1.00
CA 610 405 (66.39) 0.79 (0.66–0.93) 0.005
AA 250 174 (69.60) 0.75 (0.61–0.92) 0.007
Trend test 0.006
Dominant
CC 315 210 (66.67) 1.00
CA + AA 860 579 (67.33) 0.78 (0.66–0.91) 0.002
Or reverse
CA + AA 860 579 (67.33) 1.00
CC 315 210 (66.67) 1.28 (1.10–1.52) 0.002
 NCF2rs36071574 G > Ad

GG 1057 706 (66.79) 1.00
GA 113 79 (69.91) 1.26 (1.00–1.60) 0.051
AA 5 4 (80.00) 2.35 (0.87–6.38) 0.093
Trend test 0.018
Dominant
GG 1057 706 (66.79) 1.00
GA + AA 118 83 (70.34) 1.29 (1.03–1.62) 0.030
NUGe,f

0 510 343 (67.25) 1.00
1 511 334 (65.36) 1.15 (0.98–1.34) 0.082
2 143 104 (72.73) 1.58 (1.26–1.98)  < 0.0001
3 11 8 (72.73) 2.61 (1.28–5.32) 0.008
Trend test  < 0.0001
0–1 1021 677 (66.31) 1.00
2–3 154 112 (72.73) 1.52 (1.24–1.86)  < 0.0001

Genotype Frequency DSSa

Death (%) HR (95% CI) P

ERAP1rs469783 T > Cb

TT 397 246 (61.96) 1.00
TC 578 361 (62.46) 0.95 (0.81–1.12) 0.539
CC 200 102 (51.00) 0.64 (0.51–0.81) 0.0002
Trend test 0.0008
Dominant
TT 397 246 (61.96) 1.00
TC + CC 778 463 (59.51) 0.86 (0.74–1.01) 0.063
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mRNA expression levels. In the RNA-Seq data of lympho-
blastoid cell lines from 373 European descendants avail-
able in the 1000 Genomes Project, the ERAP1 rs469783C 
and PSMF1 rs13040574A alleles both showed a significant 
correlation with increased mRNA expression levels of their 
genes (P < 2.0 × 10–16 and P = 0.004, respectively; Fig. 2e 
and f) [29]; however, the correlation between the NCF2 
rs36071574A allele and the mRNA expression levels was 
not significant (P = 0.701) (Supplementary Fig. 5a) [29]. 

Then, we performed eQTL by using the data of 369 whole 
blood samples and 383 normal lung tissue from the GTEx 
project and found that the rs469783C allele remained corre-
lated with higher expression levels of ERAP1 in lung normal 
tissues (P = 6.18 × 10–15) and whole blood (P = 1.18 × 10–19) 
(Fig. 2g and h) [30]; however, there was no significant 
correlation between the PSMF1 rs13040574A allele and 
the mRNA expression levels in both normal lung tissues 
(P = 0.933) and whole blood (P = 0.498) (Supplementary 

Table 3   (continued)

Genotype Frequency DSSa

Death (%) HR (95% CI) P

Or reverse
TC + CC 778 463 (59.51) 1.00
TT 397 246 (61.96) 1.16 (0.99–1.35) 0.063
PSMF1rs13040574 C > Ac

CC 315 183 (58.10) 1.00
CA 610 373 (61.15) 0.83 (0.69–0.99) 0.038
AA 250 153 (61.20) 0.76 (0.61–0.95) 0.015
Trend test 0.014
Dominant
CC 315 183 (58.10) 1.00
CA + AA 860 526 (61.16) 0.81 (0.68–0.96) 0.015
Or reverse
CA + AA 860 526 (61.16) 1.00
CC 315 183 (58.10) 1.23 (1.04–1.47) 0.015
NCF2rs36071574 G > Ad

GG 1057 633 (59.89) 1.00
GA 113 72 (63.72) 1.29 (1.01–1.65) 0.043
AA 5 4 (80.00) 2.68 (0.99–7.29) 0.053
Trend test 0.012
Dominant
GG 1057 633 (59.89) 1.00
GA + AA 118 76 (64.41) 1.32 (1.04–1.68) 0.022
0 510 312 (61.18) 1.00
1 511 295 (57.73) 1.12 (0.95–1.32) 0.176
2 143 96 (67.13) 1.57 (1.25–1.99) 0.0001
3 11 6 (54.55) 2.12 (0.94–4.82) 0.072
Trend test 0.0002
0–1 1021 607 (59.45) 1.00
2–3 154 102 (66.23) 1.51 (1.22–1.87) 0.0001

Abbreviations SNP single nucleotide polymorphism, NSCLC non-small cell lung cancer, PLCO Prostate, Lung, Colorectal and Ovarian Cancer 
Screening Trial, OS overall survival, DSS disease-specific survival, HR hazards ratio, CI confidence interval, NUG number of unfavorable geno-
types
a Adjusted for age, sex, smoking status, histology, tumor stage, chemotherapy, surgery, radiotherapy and principal components
b 10 missing date were excluded;
c 10 missing date were excluded;
d 10 missing date were excluded,
e 10 missing date were excluded
f Unfavorable genotypes were ERAP1 rs469783 TT, PSMF1 rs13040574 CC, NCF2 rs36071574 GA + AA
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Fig. 5d and e), nor for the NCF2 rs36071574A allele and the 
mRNA expression levels in normal lung tissues (P = 0.326) 
or whole blood (P = 0.671) (Supplementary Fig. 5b and 
c) [30]. Next, we assessed the eQTL for the SNPs that 
are in high linkage disequilibrium (LD) (r2 > 0.80) with 
NCF2 rs36071574 to determine if SNPs in high LD with 
rs36071574 could have an effect on mRNA expression lev-
els of NCF2. We found that the NCF2 rs12094228 G allele, 
which is in high LD with the NCF2 rs36071574 A allele 
(r2 = 0.93), was associated with lower expression levels of 
NCF2 in lung normal tissues (P = 0.027) (Supplementary 
Fig. 6b) [30]. SNPs in high LD with NCF2 rs36071574 are 
summarized in Supplementary Table 6 [32].

Finally, we performed functional prediction for the four 
identified SNPs (including rs12094228 in high LD with 
rs36071574) using the online tools of SNPinfo, Regu-
lomeDB, and Haploreg. These four SNPs were predicted 
to be functional based on RegulomeDB and Haploreg. For 
example, ERAP1 rs469783 T > C is located in a potential 
enhancer region and transcription factor binding regions; 
PSMF1 rs13040574 C > A is located in several motifs; 
NCF2 rs36071574 G > A is located in a potential enhancer 
region and several motifs; and NCF2 rs12094228 T > G is 
located in an enhancer region. Details on their correspond-
ing biological function prediction are summarized in Sup-
plementary Fig. 7 and Supplementary Table 7.

Differential mRNA expression analysis

Finally, we assessed mRNA expression levels of the three 
genes identified by the SNPs in 109 pairs of tumor and adjacent 
normal tissue samples in NSCLC obtained from the TCGA 
database and in non-paired tumor and normal tissue samples 
in the UALCAN database (http://ualca​n.path.uab.edu/). We 
also assessed the association between mRNA expression levels 
and survival probability in the Kaplan–Meier Plotter database 
(www.kmplo​t.com). The probes were chosen according to the 
web recommendation (probes for ERAP1, PSMF1 and NCF2 
were 209788_s_at, 236012_at and 209949_at, respectively). 
As shown in Fig. 3a and Supplementary Fig. 8a and b, com-
pared with adjacent normal tissues, tumor tissues had  lower 
mRNA expression levels of ERAP1 in all the samples, lung 
adenocarcinoma (LUAD) and lung squamous cell carcinoma 
(LUSC) (P = 0.0001, P = 0.029 and P = 0.002, respectively). In 
the UALCAN (http://ualca​n.path.uab.edu) database, mRNA 
expression levels of ERAP1 were also much lower in tumor 
tissues in both LUAD (P = 0.059) and LUSC (P = 7.8 × 10–5) 
(Supplementary Fig. 8c and d). Moreover, higher expression 
levels of ERAP1 mRNA were associated with a better NSCLC 
survival (Fig. 3d). Similarly, as shown in Fig. 3b and Supple-
mentary Fig. 9a and b, compared with adjacent normal tissues, 
tumor tissues had higher mRNA expression levels of PSMF1 
in the combined LUAD and LUSC samples (P = 0.006) and 
in LUSC (P < 0.0001) but not in LUAD (P = 0.571). In the 

Fig. 2   Prediction of survival with combined unfavorable genotypes 
and eQTL analysis for SNPs in ERAP1 and PSMF1. Kaplan–Meier 
survival curves for OS in the PLCO dataset for a the combined 
unfavorable genotypes and b dichotomized groups of the NUGs; 
Kaplan–Meier survival curves for DSS in the PLCO dataset for c the 
combined unfavorable genotypes and d dichotomized groups of the 
NUGs. ERAP1 rs469783C allele was associated with higher mRNA 
expression of ERAP1 e in 373 Europeans from the 1000 Genomes 

Project, g in normal lung tissue and h whole blood from GTEx pro-
ject; PSMF1 rs13040574A allele was associated with higher mRNA 
expression of PSMF1 f in 373 Europeans from the 1000 Genomes 
Project. Abbreviations: NUG, number of unfavorable genotypes; 
PLCO, The Prostate, Lung, Colorectal and Ovarian Cancer Screen-
ing Trial; ERAP1, endoplasmic reticulum aminopeptidase 1; PSMF1, 
proteasome inhibitor subunit 1

http://ualcan.path.uab.edu/
http://www.kmplot.com
http://ualcan.path.uab.edu
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UALCAN (http://ualca​n.path.uab.edu) database, the results 
were also similar; that is, mRNA expression levels of PSMF1 
in tumor tissues were higher in LUSC tissues (P = 3.3 × 10–7), 
but not in LUAD (P = 0.340), compared with normal tissues 
(Supplementary Fig. 9c and d). However, the higher expres-
sion levels of PSMF1 mRNA were associated with a better 
NSCLC survival, which may be due to PSMF1, as part of pro-
teasome inhibitor PI31 was upregulated in tumor tissue indi-
rectly (Fig. 3e). Lastly, as shown in Fig. 3c and Supplementary 
Fig. 10a and b, compared with adjacent normal tissues, tumor 
tissues had lower mRNA expression levels of NCF2 in the 
combined LUAD and LUSC samples (P < 0.0001) and in both 
LUAD (P < 0.0001) and LUSC (P < 0.0001). In the UALCAN 
(http://ualca​n.path.uab.edu) database, the results were also 
similar; that is, mRNA expression levels of NCF2 in tumor 
tissues were lower in both LUAD (P < 1.0 × 10–12) and LUSC 
(P = 1.6 × 10–12), compared with normal tissues (Supplemen-
tary Fig. 10c and d). Besides, higher expression levels of 
NCF2 mRNA were associated with a better NSCLC survival 
as well (Fig. 3f). Since the three genes have been shown to 
be associated with CD8A and CD274 [35], we also evaluated 

associations between expressions levels of the identified genes 
and those of CD8A and CD274 in normal lung tissues in the 
TCGA dataset (Supplementary Fig. 11), and we found that the 
expression levels of PSMF1 were negatively correlated with 
the expression levels of CD274 (P = 0.020), but such a correla-
tion was not observed for other pairs of the genes.

Discussion

In the present study, we tested the hypothesis that SNPs 
in the MHC-I-related gene set are associated with NSCLC 
survival. By using two previously published and publicly 
available lung cancer GWAS datasets, we identified and 
validated three independent SNPs (i.e., ERAP1 rs460783 
T > C, PSMF1 rs13040574 C > A and NCF2 rs36071574 
G > A) that were significantly associated with NSCLC 
survival in Caucasian populations. In subsequent func-
tional genotype-mRNA expression correlation analysis, 
we found that the low death-risk-associated rs469783C 
and rs13040574A alleles were also associated with higher 

Fig. 3   Differential mRNA expression analysis and overall survival 
analysis of the three genes in the TCGA database. a Higher ERAP1 
mRNA expression levels were found in the adjacent normal tissues of 
109 paired NSCLC tissue; b higher expression levels of PSMF1 were 
found in the tumor tissue while c higher NCF2 mRNA expression 
levels were found in the adjacent normal tissues; d higher ERAP1 

mRNA expression levels, e higher PSMF1 mRNA expression levels 
and higher NCF2 mRNA expression levels were all correlated with 
better survival. Abbreviations: TCGA, The Cancer Genome Atlas; 
NSCLC, non-small cell lung cancer; ERAP1, endoplasmic reticulum 
aminopeptidase 1; PSMF1, proteasome inhibitor subunit 1; NCF2, 
neutrophil cytosolic factor 2

http://ualcan.path.uab.edu
http://ualcan.path.uab.edu
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mRNA expression levels of ERAP1 and PSMF1 in lymph-
oblastoid cell lines, respectively, while the rs12094228G 
allele, which is in high LD with the NCF2 rs3743254A 
risk allele, was associated with lower mRNA expression 
levels of NCF2 in normal lung tissues. Therefore, these 
SNPs may affect the mRNA expression by having an effect 
on enhancer histone marks, DNAse or motifs according to 
the functional prediction for these SNPs with the online 
tools of SNPinfo, RegulomeDB, and HaploReg.

We identified ERAP1 as a potential suppresser gene in 
NSCLC, considering that ERAP1 mRNA expression levels 
were higher in normal tissues than in tumor tissues and that a 
higher level of ERAP1 expression was associated with a bet-
ter survival. These findings were consistent with the results 
of the low death-risk associated ERAP1 rs469783C allele 
being associated with higher mRNA expression levels of 
ERAP1 and low risk of death in NSCLC patients from both 
the PLCO trial and the HLCS study.

PSMF1 is also more likely to be a potential suppresser 
gene in NSCLC, considering that higher levels of PSMF1 
mRNA expression were associated with a better survival 
in patients with NSCLC, and mRNA expression levels of 
PSMF1 were negatively correlated with mRNA expres-
sion levels of CD274 that is also known as PD-L1. Higher 
PSMF1 mRNA expression levels in LUSC might be due 
to deregulation of the ubiquitin proteasome system in 
tumor tissues, because PSMF1, as a proteasome inhibitor, 
is expected to be upregulated in cancer cells [36]. These 
counterintuitive results might be due to the fact that these 
findings were from different study populations. The actual 
mechanism underlying this phenomenon warrants further 
investigations. The findings associated with PSMF1 were 
also consistent with the results of the protective effect from 
the PSMF1 rs13040574A allele being associated with higher 
mRNA expression levels of PSMF1 and a lower risk of death 
in patients with NSCLC from both the PLCO trial and the 
HLCS study.

NCF2 is also identified as a potential suppresser gene in 
that NSCLC–NCF2 mRNA expression levels were higher 
in normal tissues than in tumor tissues, and a higher expres-
sion level of NCF2 was associated with a better survival. 
This observation was consistent with the results that the 
death-risk-associated NCF2 rs3743254A allele was associ-
ated with lower mRNA expression levels of NCF2 and high 
risk of death in NSCLC patients from both the PLCO trial 
and HLCS study.

Overall, these findings suggest that functional genetic 
variants in the MHC-I-related pathway genes may have 
played roles in NSCLC progression, possibly through a 
mechanism of modulating the expression of the genes, such 
as ERAP1, PSMF1 and NCF2, which may provide new 
scientific insights into the management and treatment of 
NSCLC patients, if validated in additional investigations.

ERAP1, located on chromosome 5q15, belongs to the 
oxytocinase subfamily of M1 metalloproteases and is a criti-
cal gene involved in protein processing and transport [37]. 
ERAP1 could trim peptides within the endoplasmic reticu-
lum so that they can be loaded onto MHC-I. These peptides 
are attached to MHC-I in the endoplasmic reticulum and 
exported to the cell surface, where they are presented to the 
immune system. After the immune system recognizes the 
peptides (such as viral or bacterial peptides), it responds by 
triggering the self-destruction process of the cell [38–40]. 
Defects in the expression and function of ERAP1 have been 
detected in various solid and hematological tumors, includ-
ing melanoma, leukemia-lymphomas, and cancers of the 
breasts, colon, lung, skin, chorion, cervix, prostate, kidneys, 
and bladder [41]. Low expression levels of ERAP1 have been 
associated with a poor clinical outcome of patients affected 
with triple-negative breast cancer [42] as well as with a 
worse OS and metastases in cervical carcinoma patients 
[43]. In esophageal carcinoma lesions, the decreased expres-
sion of ERAP1 was significantly associated with the depth 
of tumor invasion; additionally, the expression of ERAP1 
was either lost or reduced in 20 and 28% of the patients, 
respectively [44]. In a recent study of the role of ERAP1 
in T-cell mediated tumor rejection, ERAP1 was found to 
control the efficacy of adoptive T-cell transfer in a mouse 
model of genetically depleted ERAP1 by operating on both 
the direct antigen presentation in tumor cells and the antigen 
cross-presentation in the adoptive T cell transfer recipient’s 
cells [45], suggesting that ERAP1 is required for the pro-
liferation of CD8 + T cell after adoptive T-cell transfer and 
that its lack in transplanted recipients results in a failure 
of adoptive T-cell therapy [45]. Although the expression of 
ERAP1 is frequently altered in tumors as compared to their 
normal counterparts, with a low expression associated with 
poor prognosis, the contribution of these enzymes to tumor 
growth and the activation of anti-tumor immune responses 
are still not well understood.

PSMF1, located on chromosome 20p13, encodes the pro-
teasome inhibitor PI31 subunit that inhibits the proteasome 
activities by either direct binding to the outer rings of the 
20S proteasome or competing with the activating particles 
for 20S binding [46–48]. The ubiquitin proteasome system 
(UPS) has emerged as an important regulator for the targeted 
degradation of proteins involved in diverse cellular processes 
such as cell cycle control, gene transcription, DNA repair, 
and apoptosis induction [36]. Deregulation of the UPS has 
been reported in numerous types of cancer [49, 50]. Some 
of the main players of the UPS and the mechanisms are pos-
tulated to drive cancer formation [36]. Based on evidence 
presented in the past and the results we presented here, we 
consider PSMF1 a proteasome inhibitor and a potential 
tumor suppressor gene.
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NCF2, located on chromosome 1q25.3, encodes a protein 
neutrophil cytosol factor 2, a subunit of a multi-protein com-
plex known as nicotinamide adenine dinucleotide phosphate 
(NADPH) oxidase. This oxidase produces a burst of super-
oxide that is delivered to the lumen of the neutrophil phago-
some. NADPH oxidase has been shown to regulate antigen 
processing and MHC-I cross-presentation in dendritic cells; 
however, whether NADPH oxidase regulates this process by 
modulating the phagosome pH or redox microenvironment 
is currently under debate [51].

Our results shown that these identified survival-associ-
ated loci are likely to have an effect on prognosis of NSCLC 
patients and that these loci could be used as potential bio-
markers of prognosis for clinically monitoring the outcomes 
of the treatment. However, clinical utility of these variants 
in the progression of NSCLC need to be further validated by 
other investigators. There are several limitations in the pre-
sent study. Firstly, although several genetic variants backed 
up with in silico functional evidence in the MCH-I-related 
genes were found to be associated with NSCLS survival, 
the exact molecular mechanisms of these SNPs underlying 
the observed associations are still unclear. Secondly, both 
discovery and validation datasets were from Caucasian 
populations; therefore, our results may not be generalizable 
to other ethnic populations. Thirdly, though some clinical 
factors were available in the analysis of the PLCO dataset, 
there are still some information such as performance status, 
nutritional status and specific treatments, such as immuno-
therapy, that were not available for further adjustments and 
stratification analysis. Finally, some of the significant SNPs 
from the PLCO trial were not validated in the HLCS study, 
which might be due to the minor yet noticeable differences 
between either the characteristics or limited sample sizes of 
the two included study populations. Additional validation 
by studies with larger sample sizes are needed to confirm 
these findings; however, the findings in the present study 
could provide new insights for additional functional studies 
that will unravel the potential of these genetic variants of 
MHC-I pathway genes as promising predictors of survival 
in NSCLC patients.
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