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Abstract

Peroxisomes play a role in lipid metabolism and regulation of reactive oxygen

species, but its role in development and progression of non‐small cell lung cancer

(NSCLC) is not well understood. Here, we investigated the associations between

9708 single‐nucleotide polymorphisms (SNPs) in 113 genes in the peroxisome‐

related pathways and survival of NSCLC patients from the Prostate, Lung,

Colorectal, and Ovarian Cancer Screening Trial (PLCO) and the Harvard Lung Cancer

Susceptibility (HLCS) study. In 1185 NSCLC patients from the PLCO trial, we found

that 213 SNPs were significantly associated with NSCLC overall survival (OS) (p ≤

0.05, Bayesian false discovery probability [BFDP] ≤ 0.80), of which eight SNPs were

validated in the HLCS data set. In a multivariate Cox proportional hazards regression

model, two independent SNPs (rs9384742 DDO and rs9825224 PEX5L) were

significantly associated with NSCLC survival (hazards ratios [HR] of 1.17 with 95% CI

[confidence interval] of 1.06−1.28 and 0.86 with 95% CI of 0.77−0.96, respectively).

Patients with one or two protective genotypes had a significantly higher OS (HR:

0.787 [95% CI: 0.620−0.998] and 0.691 [95% CI: 0.543−0.879], respectively).

Further expression quantitative trait loci analysis using whole blood and lung tissue

showed that the minor allele of rs9384742 DDO was significantly associated with

decreased messenger RNA (mRNA) expression levels and that DDO expression was

also decreased in NSCLC tumor tissue. Additionally, high PEX5L expression levels

were significantly associated with lower survival of NSCLC. Our data suggest that

variants in these peroxisome‐related genes may influence gene regulation and are

potential predictors of NSCLC OS, once validated by additional studies.
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1 | INTRODUCTION

Lung cancer is the leading cause of cancer deaths, making up an

estimated 18.4% of total cancer deaths with 1.76 million deaths

in 2018, and a 5‐year survival rate of 19.4% in 2019.1 Non‐small

cell lung cancer (NSCLC) makes up 85% of all lung cancers, with

two primary subtypes being lung adenocarcinoma (LUAD) and

lung squamous cell carcinoma (LUSC), comprising 50% and 40%

of NSCLC, respectively.2 Between 2010 and 2016, the overall

5‐year survival rate of NSCLC was 25%, even with advances in
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treatment, and thus, new strategies are needed to improve the

outcomes.3

There are an estimated 10 million single‐nucleotide polymor-

phisms (SNPs) located in the human genome, and over the last two

decades, genome‐wide association studies (GWAS) have identified

many susceptibility loci for lung cancer.4,5 However, more than 90%

of SNPs are in noncoding regions, and their biological functions are

unknown.6 Additionally, tumor evolution and genetic heterogeneity

further complicate genetic influences on cancer progression.7 In the

post‐GWAS era, pathway‐based approaches to utilizing genetic

variation linked to specific biological pathways may provide a better

understanding of the progression and treatment response of lung

cancer.8‐9

The peroxisome is a cellular organelle involved in a variety of

functions, such as lipid metabolism, bile acid synthesis, plasmalogen

synthesis, and maintaining homeostasis of reactive oxygen species

(ROS).11 While research into the role of peroxisomes in cancer is

relatively new, metabolic reprogramming of tumors through

peroxisomes is believed to contribute to cancer progression.12 For

example, high levels of ether phospholipids and plasmalogens,

synthesized by peroxisomes, are found in cancer cells.13 Arachi-

donic acid and docasahexaenoic acid are attached to plasmalogens;

while arachidonic acid has been shown to suppress apoptosis and to

promote cancer cell proliferation, docasahexaenoic acid induces

apoptosis and reduces cancer cell proliferation.13 In addition, alpha‐

methylacyl‐CoA racemase and peroxisomal acyl‐coenzyme A oxi-

dase 1 are key enzymes in beta‐oxidation of fatty acids, and they are

also associated with a worse survival of various cancer types.14,15

Peroxisomes are also essential for balancing oxidative stress by

producing ROS, such as hydrogen peroxide H2O2, through

byproducts of beta‐oxidation and decreasing ROS through regulat-

ing levels of catalase, a ROS‐decomposing enzyme.14 Furthermore,

ROS are known regulators of cancer, influencing proliferation,

angiogenesis, immunity, and apoptosis.14

While peroxisomes appear to have an important role in cancer

growth and metastasis, few studies have specifically investigated

peroxisomes in lung cancer progression.16 Zhang et al.17 investigated

38 common genes in the peroxisome pathway and found three genes

that have clinical significance in NSCLC; however, no genetic

information was examined. By using existing genotyping data from

two independent GWAS, we investigated associations between SNPs

in peroxisome‐related pathways and NSCLC survival.

2 | MATERIALS AND METHODS

2.1 | Study populations

The study population for the first‐stage analysis was sourced from

the Prostate, Lung, Colorectal, and Ovarian (PLCO) Cancer Screening

Trial initiated by the National Cancer Institute (NCI), which included

78,000 women and 77,000 men between the ages of 55 and 74,

who were followed up between 1993 and 2001.18 Background

information was obtained for all patients, including age, sex, smoking

status, and medical and family history.18 The participants were

randomly assigned to yearly screening for lung cancer for the first

3 years, and follow‐up details of positive lung cancer screens were

obtained, such as tumor stage, histology, chemotherapy, radio-

therapy, and surgery.19 Genotyping data were obtained from blood

DNA samples genotyped by using Illumina HumanHap240Sv1.0,

HumanHap300v1.1, and HumanHap550v3.0 (dbGaP accession:

phs000093.v2.p2 and phs000336.v1.p1).20,21 Of the samples, we

used 1185 Caucasian NSCLC patients from the trial, including 487

women and 698 men, with varying histology, tumor stages, and

treatments22 (Table S1). The use of the PLCO data set was approved

by the Internal Review Board of Duke University School of Medicine

(#Pro00054575) and the dbGAP database administration (#6404,

dbGaP accession: phs000336.v1.p1, and phs000093.v2.p2).

An additional 984 Caucasian NSCLC patients from Massachu-

setts General Hospital (MGH) as part of the Harvard Lung Cancer

Susceptibility (HLCS) study were used for an independent validation

of the PLCO data set23(Table S2). Genotyping data for this group was

obtained from blood DNA samples by using the Illumina

Humanhap610‐Quad array.23 Imputation of additional SNPs was

performed by using the MaCH software and data from the 1000

Genomes Project.24,25 The prestudy was approved by the Institu-

tional Review Board of the MGH and the Human Subjects Committee

of the Harvard School of Public Health.

A flowchart detailing the present study is shown in Figure 1. We

identified 113 genes in the peroxisome‐related pathways through

searching the keyword “peroxisome” in ontology gene sets of the

Molecular Signatures Database v7.426,27 (Table S3). SNPs in these

genes and the 2‐kb flanking regions surrounding the genes were

extracted from the genotyping data and imputation data, which was

conducted by using Minimac4 based on the European data in the

1000 Genomes Project (Phase 3 release October 2014)24,25 -

(Figure S2). For quality control, SNPs were included only if they

had a minor allelic frequency ≥ 0.05, a genotyping rate ≥0.95, Hardy

−Weinberg equilibrium P ≥ 1 × 10−5, and imputation r2 ≥ 0.3.28,29

We used multivariate Cox proportional hazards regression

analysis through the GenABEL package in R 3.6.3 to estimate

associations between SNPs and NSCLC overall survival (OS) in an

additive genetic model for the PLCO data set.30 We adjusted for

clinical variables (age, sex, smoking status, tumor stage, histology,

chemotherapy, radiotherapy, and surgery) and the top four principal

components (PCs). Associations between the first 10 PCs and NSCLC

OS are shown in Table S4. The primary endpoint in relation to the

first diagnosis of lung cancer was either time of death or censored at

time of the last follow‐up, and we calculated the 95% confidence

interval (CI) of the hazards ratio (HR) using the Cox regression model.

To control for false positives in a multiple‐hypothesis testing

scenario, we used the threshold of Bayesian false‐discovery

probability (BFDP) < 0.800 to reduce the number of false positives

as recommended.31 We used a prior probability of 0.10 to detect an

upper boundary HR of 3.0 for associations of minor alleles or variant

genotypes of SNPs with p < 0.05. Significant SNPs were then
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independently validated with the HLCS data set by using Cox

regression model with adjustment for age, sex, smoking status, tumor

stage, histology, chemotherapy, radiotherapy, surgery, and the first

three PCs.

Meta‐analysis on the results of the PLCO and HLCS data sets

was performed through PLINK 1.9 using Cochran's Q test and I2 for

interstudy heterogeneity. Because little to no interstudy heterogene-

ity was found (Cochran's Q test p > 0.10, I2 < 0.25 for all SNPs), we

applied a fixed effects model for the combined analysis of these two

data sets.

Linkage disequilibrium (LD) analysis was performed using Haplo-

view and HaploReg v4.1 with information from the 1000 Genomes

Project.32 Manhattan plots were also generated by Haploview and

regional association plots were constructed using Locus Zoom.32,33

We evaluated functional annotation of SNPs using HaploReg v4.1,

SNPinfo, and Regulome DB.34‐36

We used SAS v9.4 software for stepwise multivariate Cox

regression analysis with adjustment for clinical variables, the first four

PCs, and 41 previously published SNPs from the same PLCO data set.

Furthermore, we investigated associations of the combined geno-

types of significant SNPs with the PLCO data set along with the

stratified analysis by each clinical variable. We evaluated significant

SNPs to a Kaplan−Meier (KM) model using the log‐rank test to

compare HRs. To further investigate predictive accuracy, we also

constructed receiver operator characteristic (ROC) and time‐

dependent area under the curve (AUC) curves using the timeROC

package of R 3.6.3.37

Finally, we used data from the Genotype‐Tissue Expression

(GTEx Analysis V7) project that included DNA and RNA sequencing

data from 383 normal lung tissue and 369 whole blood samples for

eQTL analysis to investigate associations between SNPs and

messanger RNA (mRNA) expression levels.38 We also used data

from the 1000 Genomes Project that included DNA and RNA

sequencing data from 373 Caucasian patients for further eQTL

analysis.39 We used the Kaplan‐Meier (KM) method to investigate

associations between dichotomized mRNA expression levels and OS

of NSCLC in 1715 samples from 10 independent data sets.40 Using

The Cancer Genome Atlas (TCGA) database, we compared mRNA

expression levels between tumor tissue in LUAD or LUSC and

adjacent normal tissue.41,42 We also used TCGA data with unpaired

samples from UALCAN that included more mRNA expression data

from LUAD, LUSC, and normal tissue samples.43 Using the

cBioPortal for Cancer Genomics, we also investigated mutation rates

of genes in lung cancer studies. 44,45

3 | RESULTS

We identified 9708 SNPs within 113 genes of peroxisome‐related

pathways and their 2‐kb flanking regions in a single‐locus multivariate

Cox regression analysis, with adjustment for clinical variables and the

first four PCs (Figure S3). After correcting for multiple‐testing using

BFDP, 213 of those SNPs remained significantly associated with

NSCLC OS (BFDP < 0.80, p < 0.05). In the validation by the indepen-

dent data set from the HLCS study, eight SNPs remained significantly

associated with NSCLC OS. Further meta‐analysis of the PLCO and

HLCS studies revealed little to no interstudy heterogeneity for these

eight SNPs, and the results of the combined analysis for the two data

sets are shown in Table 1.

The LD analysis on the eight SNPs revealed that seven SNPs are

in a 9‐kb block of LD within the PEX5L gene, while the DDO

rs9384742 SNP is independent (Figure S4). After adjustment for

clinical variables and the first four PCs using a stepwise multivariate

Cox regression model, two of these seven SNPs remained

TABLE 1 Associations of the eight validated SNPs with OS of NSCLC in the PLCO and HLCS studies.

PLCO HLCS Combined
SNP Allele Gene MAF HR (95% CI)a Pa MAF HR (95% CI)b Pb Phet

c I2 HR (95% CI)d Pd

rs9384742 C > T DDO 0.47 1.17 (1.06−1.28) 0.002 0.48 1.13 (1.02−1.25) 0.022 0.305 0 1.15 (1.07−1.23) 0.0001

rs9825224 A > C PEX5L 0.32 0.86 (0.77−0.96) 0.008 0.29 0.85 (0.76−0.96) 0.006 0.987 0 0.86 (0.79−0.93) 0.0001

rs9873162 T > A PEX5L 0.32 0.86 (0.77−0.96) 0.009 0.28 0.86 (0.77−0.97) 0.011 0.515 0 0.86 (0.80−0.93) 0.0002

rs9855801 C > T PEX5L 0.32 0.86 (0.77−0.96) 0.009 0.28 0.86 (0.77−0.97) 0.011 0.922 0 0.86 (0.80−0.93) 0.0002

rs10804880 C > T PEX5L 0.31 0.86 (0.77−0.96) 0.008 0.28 0.88 (0.78−0.98) 0.026 0.366 0 0.87 (0.80−0.94) 0.0005

rs1534023 C > T PEX5L 0.31 0.86 (0.78−0.96) 0.007 0.28 0.88 (0.79−0.99) 0.028 0.373 0 0.87 (0.80−0.94) 0.0005

rs1534024 C > T PEX5L 0.31 0.86 (0.780−0.96) 0.007 0.28 0.88 (0.79−0.99) 0.029 0.322 0 0.87 (0.80−0.94) 0.0005

rs2140654 C > T PEX5L 0.31 0.86 (0.77−0.96) 0.007 0.28 0.88 (0.79−0.99) 0.028 0.266 0 0.87 (0.80−0.94) 0.0005

Abbreviations: CI, confidence interval; HLCS, the Harvard Lung Cancer Susceptibility Study; HR, hazard ratio; MAF, minor allele frequency; NSCLC, non‐
small cell lung cancer; OS, overall survival; PLCO, the prostate, lung, colorectal and ovarian cancer screening trial; SNPs, single‐nucleotide polymorphisms.
aAdditive genetic model adjusting for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, surgery, and first four PCs.
bAdditive genetic model adjusting for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, surgery, and first three PCs.
cPhet: Cochrane's Q test p value for study heterogeneity.
dFixed‐effects model for the meta‐analysis.
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significantly associated with NSCLC OS, including the PEX5L

rs9825224 SNP (p = 0.0052) and the DDO rs9384742 SNP

(p = 0.0015) (Table S5). These two SNPs were imputed in the PLCO

data set with Minimac4 r2 values (PEX5L rs9825224: 0.99239 and

DDO rs9384742: 0.96611) and BFDP values (PEX5L rs9825224:

0.717 and DDO rs9384742: 0.782). PEX5L rs9825224 was geno-

typed in the HLCS study, while DDO rs9384742 was imputed with r2

value: 0.983, with a BFDP value of 0.683 for PEX5L rs9825224: and

0.878 for DDO rs9384742. Further regional association plots for

these two SNPs are shown in Figure S5. After addition of 41

previously published SNPs to the model, both SNPs remained

significantly associated with NSCLC OS (PEX5L rs9825224

p = 0.0018; DDO rs9384742 p = 0.0084) (Table S5). Computational

function prediction of these SNPs using HaploReg v4.1, SNPinfo and

Regulome DB have revealed that PEX5L rs9825224 and DDO

rs9384742 are located in an intronic region of their respective

genes. Both SNPs are associated with enhancer and promoter regions

in a variety of cell lines, likely to be located in DNase hypersensitivity

regions, which may affect transcription factor binding. Further details

of potential functional annotation are shown in Table S6.

As shown in Table 2, the DDO rs9384742 T minor allele was

significantly associated with an increased risk of death for NSCLC

TABLE 2 Associations of PEX5L rs9825224, DDO rs9384742, and their combined genotypes with NSCLC survival.

OS DSS
Genotype Frequency Death (%) HR (95% CI)a pa Death (%) HR (95% CI)a pa

DDO rs9384742 C > T

CC 327 219 (67.0) 1.00 193 (59.0) 1.00

CT 581 381 (65.6) 1.236 (1.043−1.466) 0.015 342 (58.9) 1.241 (1.036−1.487) 0.015

TT 267 189 (70.79) 1.352 (1.110−1.648) 0.003 174 (65.2) 1.416 (1.150−1.743) 0.001

Trend 0.002 <0.001

CT/TT 848 570 (67.22) 1.273 (1.085−1.494) 0.003 516 (60.85) 1.296 (1.095−1.535) 0.003

PEX5L rs9825224 A > C

AA 535 365 (68.2) 1.00 324 (60.6) 1.00

AC 525 349 (66.5) 0.904 (0.780−1.047) 0.179 318 (60.6) 0.937 (0.802−1.095) 0.413

CC 115 70 (60.9) 0.683 (0.545−0.909) 0.007 67 (58.3) 0.741 (0.568−0.968) 0.028

Trend 0.008 0.041

AC/CC 640 419 (65.47) 0.863 (0.749−0.993) 0.040 385 (60.16) 0.897 (0.773−1.040) 0.151

NPA

0 114 86 (75.44) 1.00 76 (66.67) 1.00

1 397 262 (65.99) 0.843 (0.658−1.081) 0.1781 236 (59.45) 0.880 (0.676−1.146) 0.3426

2 449 303 (67.48) 0.736 (0.577−0.938) 0.0132 273 (60.80) 0.753 (0.582−0.974) 0.0307

3 188 125 (66.49) 0.633 (0.478−0.837) 0.0013 110 (58.51) 0.645 (0.479−0.868) 0.0038

4 37 22 (59.46) 0.505 (0.314−0.812) 0.0048 20 (54.05) 0.532 (0.323−0.876) 0.0132

Trend <0.0001 0.0001

NPG

0 114 86 (75.44) 1.00 76 (66.67) 1.00

1 580 387 (66.72) 0.787 (0.620−0.998) 0.0477 348 (60.00) 0.813 (0.632−1.047) 0.1082

2 491 325 (66.19) 0.691 (0.543−0.879) 0.0026 291 (59.27) 0.710 (0.550−0.916) 0.0085

Trend 0.0030 0.0067

0 114 86 (75.44) 1.00 76 (66.67)

1−2 1071 712 (66.48) 0.739 (0.589−0.927) 0.0090 639 (59.66) 0.761 (0.598−0.969) 0.0266

Note: NPA: Number of protective alleles calculated as number of following alleles (DDO rs9384742_C, PEX5L rs9825224_C).

NPG: Number of protective genotypes calculated as number of following genotypes: (DDO rs9384742 CT/CC, PEX5L rs9825224 CA/CC).

Abbreviations: CI, confidence interval; DSS, disease‐specific survival; HR, hazard ratio; NPA, number of protective alleles; NPG: number of protective
genotypes; NSCLC, non‐small cell lung cancer; OS, overall survival.
aMultivariate Cox hazards regression adjusted for age, sex, smoking status, tumor stage, histology, chemotherapy, radiotherapy, surgery, first four PCs.
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(OS: Ptrend = 0.002 and DSS: Ptrend < 0.001), while the PEX5L

rs9825224 C minor allele exhibited a protective effect (PEX5L

rs9825224 OS: Ptrend = 0.008 and DSS: Ptrend = 0.041). Patients with

one or two minor alleles in a dominant model for DDO rs9384742

also had a significantly larger HR for OS and DSS of NSCLC than

patients who were homozygous for the major allele, while patients

with one or two minor alleles in a dominant model for DDO

rs9384742 had a significantly smaller HR for OS only. We then

looked at the number of protective alleles (NPA) (PEX5L rs9825224 C

and DDO rs9384742 C) for each patient. Having a higher NPA was

significantly associated with a better survival (OS: Ptrend < 0.0001;

DSS: Ptrend = 0.0001). When looking at the number of protective

genotypes (NPG) (DDO rs9384742 CT/CC, PEX5L rs9825224 CA/

CC) from 0 to 2 protective genotypes for each patient, having a

higher NPG was also associated with a better survival (OS: Ptrend =

0.0030; DSS: Ptrend = 0.0067). Dichotomizing NPG into two groups

showed that patients with one or two protective genotypes had a

significantly better survival than those with zero protective geno-

types (OS HR = 0.739, 95% CI: 0.589−0.927, p = 0.0090; DSS HR =

0.761, 95% CI: 0.598−0.969, p = 0.0266).

We then stratified participants in the PLCO trial by clinical

characteristic and examined associations of NPG for all variables. For

OS and DSS of NSCLC, there were significant interactions between

NPG and sex (OS: Pinter = 0.0310; DSS: Pinter = 0.0414), smoking

status (OS: Pinter = 0.0072; DSS: Pinter = 0.0307), and chemotherapy

(OS: Pinter = 0.0160; DSS: Pinter = 0.0142), but not for age, histology,

tumor stage, radiotherapy, or surgery treatment (OS and DSS:

Pinter > 0.05 for all). Having a higher NPG was only significantly

associated with a better survival for patients aged >71 years, males,

those who were former smokers, those with adenocarcinoma or

other tumor histology, those with tumor stage of IIIB−IV, those

without chemotherapy, those with and without radiotherapy, and

those without surgery (Table S7).

Subsequently, we constructed KM curves for both SNPs

individually as well as their combined effects measured by NPA

and NPG (Figures 1 and 2). The log‐rank test revealed significant

differences in OS for NPA (p = 0.0390) and NPG in an additive

model (p = 0.0352) (Figure 1C,D). When NPG was dichotomized,

the log‐rank test revealed significant differences for both OS

and DSS (p = 0.0097 for OS and p = 0.0238 for DSS) (Figures 1E

and 2E). These remained significant after adjustment for age, sex,

stage, histology, smoking status, chemotherapy, radiotherapy,

and surgery (Figures 1C−E and 2E). Additionally, DDO rs9384742

OS (p = 0.0434), NPA DSS (p = 0.0073), and NPG DSS (p = 0.0033)

in additive models were significant after adjustment for

covariates (Figures 1A and 2C,D). Furthermore, the association

was significant (p = 0.0498), when DDO rs9384742 CT/TT was

applied in a dominant model after adjustment for covariates

(Figure SA).

To further assess the predictive ability of the two SNPs for OS

and DSS, we constructed ROC curves and compared the time‐

dependent AUC curves. However, after adding the two SNPs to the

model, the AUC was not significantly larger for OS or DSS of NSCLC

at any time point (Figure S7).

F IGURE 1 Kaplan−Meier survival curves for overall survival of non‐small cell lung cancer pvalues from log‐rank test and cox models with
adjustment for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, and surgery are shown for (A) DDO rs9384742
in an additive model; (B) PEX5L rs9825224 in an additive model; (C) number of protective alleles (NPA): DDO rs9384742_C and PEX5L
rs9825224_C; (D) two single‐nucleotide polymorphisms combined with number of protective genotypes (NPG): DDO rs9384742 CT/CC and
PEX5L rs9825224 CA/CC from 0 to 4; (E) 0 NPG versus 1−2 NPG. [Color figure can be viewed at wileyonlinelibrary.com]
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Using the eQTL analysis, we further investigated the effect of

each SNP on mRNA expression levels in normal lung tissue and

whole blood cells in an additive model using data from the GTEx

project. Lower levels of DDO expression were associated with the

rs9384742 T allele in lung tissue (P = 1.1e−37) (Figure 3A) and

whole blood cells (P = 4.4e−45) (Figure 3B). The eQTL analysis

using data from the 1000 Genomes Project showed the same

significant association of lower DDO mRNA expression levels with

the rs9384742 T allele in an additive model (P = 5.13e−9)

(Figure SA), recessive model (P = 2e−7) (Figure SB), and dominant

model (P = 2.11e−5) (Figure SC). PEX5L expression was not found

to be significantly associated with rs9825224 in either of the

data sets.

We then investigated whether expression levels of these genes

were associated with OS of NSCLC using the Kaplan−Meier plotter.

Higher levels of PEX5L expression were significantly associated with

a worse survival (HR = 1.36, 95% CI: 1.15−1.61, log‐rank

P = 2.4 × 10−4) (Figure 3E), while expression of DDO was not

significantly associated with OS (HR = 0.97, 95% CI: 0.85−1.1, log‐

rank p = 0.6500) (Figure 3C). We further investigated mRNA

expression levels of the two genes in the paired tumor and adjacent

normal lung tissue samples in LUAD and LUSC patients from the

TCGA database. We found that DDO expression was decreased in

LUSC and LUAD tumors (p < 0.0001 for both) (Figure SF−H). We

repeated this analysis with more samples from the TCGA database

through UALCAN and found that DDO expression level was

significantly lower in both LUSC and LUAD tumors (P = 1.62−e12

for both) (Figure SD,E) and PEX5L expression was decreased in LUSC

tumors (p = 0.0040) (Figure SE).

Finally, we investigated whether mutation rates of the two genes

were significantly higher in tumors than in normal tissues, as they

may affect survival more than the effect of a SNP. Using the

cBioPortal for Cancer Genomics, we found that PEX5L had moderate

mutation rates in some NSCLC data sets (12.5% in 16 patients in

MSK 2015% and 8.57% in 35 patients in MSKCC 2015) and DDO had

high mutation rates in some NSCLC data sets (35% in 20 patients in

multi‐institute 2017 and 12.6% in 16 patients in MSK 2015), which

further suggest that PEX5L and DDO have important effects on

survival of NSCLC (Figure S10).

4 | DISCUSSION

In the present study, we found that the DDO rs9384742 T allele was

associated with a worse survival and that PEX5L rs9825224 C allele

was associated with a better outcome of NSCLC in two independent

cohorts of NSCLC patients. We also found that the DDO rs9384742

T variant was associated with a decreased mRNA expression level

and that DDO rs9384742 is located in intronic regions of the gene

associated with the enhancer, promoter, and DNAse hypersensitivity

regions, providing further evidence that DDO rs9384742 may be

involved in gene‐regulatory roles. We further showed that expression

level of DDO was decreased in both LUAD and LUSC tumor tissues

compared with normal lung tissue, suggesting additional biological

F IGURE 2 Kaplan‐Meier survival curves for disease‐specific survival of non‐small cell lung cancer p values from log‐rank test and cox
models with adjustment for age, sex, stage, histology, smoking status, chemotherapy, radiotherapy, and surgery are shown for (A) DDO
rs9384742 in an additive model; (B) PEX5L rs9825224 in an additive model; (C) number of protective alleles (NPA): DDO rs9384742_C and
PEX5L rs9825224_C; (D) two single‐nucleotide polymorphisms combined with number of protective genotypes (NPG): DDO rs9384742 CT/CC
and PEX5L rs9825224 CA/CC from 0 to 4; (E) 0 NPG versus 1−2 NPG. [Color figure can be viewed at wileyonlinelibrary.com]
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evidence for possible SNP functions. While PEX5L rs9825224 C is

also located in an intronic region of the gene associated with the

enhancer, promoter, and DNAse hypersensitivity regions, it was not

associated with expression levels of PEX5L mRNA. However, high

PEX5L expression levels were found to be significantly associated

with a lower survival of NSCLC. Given that PEX5L is found to have

moderately high mutation rates in NSCLC, it is likely that PEX5L is an

important gene in the progression of NSCLC, which requires further

mechanistic studies.

There are at least 36 known peroxins (PEX) proteins that form

the import machinery of matrix proteins for peroxisomes.14 Of these,

PEX5 is shown to be essential for protein import into the peroxisomal

matrix.11 Peroxisome matrix proteins are synthesized outside the

peroxisome and targeted by peroxisomal targeting sequence 1 or 2

(PTS1 and PTS2).46 PEX5 recognizes PTS1 in the cytosol and docks at

the peroxisomal docking/translocation machinery.47,48 PEX5 has two

isoforms, a long isoform PEX5L and a short isoform PEX5S, generated

by alternative splicing.49 PEX5L functions similarly to PEX5 with

PTS1, but studies have additionally shown that PEX5L is necessary

for PTS2‐mediated import.50,51

To date, few studies have investigated these PEX genes in

cancer. Because PEX5L is involved in peroxisome matrix protein

import, the present study implies that this may be an important

pathway for cancer progression. Because cancer cells are typically

characterized by a high level of ROS, one hypothesis is that

peroxisomes are hijacked to protect cancer cells from oxidative

damage through enzymes such as catalase.15 For example, a previous

study showed that PEX5 was essential for the growth of hepato-

cellular carcinoma cells.52 Another study showed that depletion of

PEX5 increased cell sensitivity to oxidative stress and induced

apoptosis.53 Catalase is primarily imported by PTS1 and PEX5, and

higher levels of ROS reduce PEX5L‐mediated import of catalase into

the peroxisome.54‐56 Therefore, peroxisomal control of cytosolic

catalase levels through PEX5L may be a mechanism by which cancer

cells cope with higher levels of oxidative stress throughout tumor

growth. It is also possible that PEX5L influences cancer survival

F IGURE 3 eQTL analysis of single‐nucleotide polymorphisms (SNPs), SNP variants, and associations with messanger (mRNA) expression
levels from GTEx in (A) DDO rs9384742 lung tissue; (B) DDO rs9384742 whole blood; (D) PEX5L rs9825224 lung tissue. Kaplan−Meier
associations of dichotomized mRNA expression level and lung cancer overall survival with of (C) DDO; (E) PEX5L. [Color figure can be viewed at
wileyonlinelibrary.com]
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through a modified immune response, as silencing PEX5 was shown

to reduce macrophage phagocytic ability.57 To date, few studies have

investigated the role of peroxisomes in NSCLC, and none have

examined the role of PEX5L.13

D‐Aspartate oxidase (DDO) is a peroxisomal enzyme that

selectively degrades D‐Aspartate into oxaloacetate, hydrogen perox-

ide (H2O2), and ammonia, and overexpression of DDO has been

shown to lead to cell death due to high levels of H2O2.
58 Thus, lower

levels of DDO, leading to lower levels of ROS, may facilitate cancer

growth. D‐Aspartate is the D enantiomer of the more common amino

acid L‐Aspartate and has known some effects on nervous and

endocrine systems through activating the N‐methyl‐D‐aspartate

receptor (NMDAR).59 One study showed that NMDAR receptors

were expressed by small‐cell lung cancer (SCLC) lines and that

NMDAR antagonist impaired SCLC cell growth in tumor xenografted

mouse models.60 Additional studies have shown that NMDAR

antagonists reduce proliferation and migration of various tumor

types in vitro and increase survival in vivo in mice with breast cancer,

melanoma, and lung tumors, through the inhibition of MAP kinase,

ERK, and AKT pathways.61,62 While some studies have investigated

D‐Aspartate in lung cancer, there are no reported studies that have

investigated the role of DDO in NSCLC.

DDO and PEX5L may work together to influence NSCLC

progression, as DDO is located to the peroxisome through the

PTS1 pathway (B). However, in the present study, it is unclear

whether PEX5L rs9825224 and DDO rs9384742 affect survival

jointly or independently. Thus, possible interactive mechanisms of

these genes versus their independent contribution that influences

NSCLC survival need to be further explored.

The role of peroxisomes in lung cancer is not well understood,

and more mechanistic studies may reveal treatment targets in

peroxisome‐related pathways.63 The present study demonstrates

associations between two SNPs in two genes involved in peroxisome

functions and survival of NSCLC. However, the present study has

several limitations, including being conducted using a sample of only

Caucasian patients, which may reduce generalizability to all popula-

tions. Additionally, even after correcting for multiple testing with

BFDP, there is the possibility of false positives, because these

multiple test corrections are relatively less stringent. Furthermore,

although several clinical variables were available for us to analyze in

the discovery PLCO data set, more detailed treatment and disease‐

progression information was not available in the validation HLCS data

set. Finally, although our findings may provide some predictive

biomarkers of NSCLC survival, the biological mechanisms behind how

these SNPs may affect transcription regulation remain incompletely

understood. Although additional and functional experiments should

be performed, the present study suggests that the peroxisomal

pathways may be a potential treatment target.
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