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ABSTRACT

Hypoxia occurs frequently in human cancers and promotes stabilization and activation of hypoxia
inducible factor (HIF). HIF-1a is specific for the hypoxia response, and its degradation mediated by
three enzymes EGLNT, EGLN2 and EGLN3. Although EGLNs expression has been found to be related to
prognosis of many cancers, few studies examined DNA methylation in EGLNs and its relationship to
prognosis of early-stage non-small cell lung cancer (NSCLC). We analyzed EGLNs DNA methylation data
from tumor tissue samples of 1,230 early-stage NSCLC patients, as well as gene expression data from The
Cancer Genome Atlas. The sliding windows sequential forward feature selection method and weighted
random forest were used to screen out the candidate CpG probes in lung adenocarcinomas (LUAD) and
lung squamous cell carcinomas patients, respectively, in both discovery and validation phases. Then Cox
regression was performed to evaluate the association between DNA methylation and overall survival.
Among the 34 CpG probes in EGLNs, DNA methylation at ¢g25923056,¢,r, Was identified to be
significantly associated with LUAD survival (HR = 1.02, 95% CI: 1.01-1.03, P = 9.90 x 107°), and correlated
with EGLN2 expression (r = — 0.36, P = 1.52 x 10"""). Meanwhile, EGLN2 expression was negatively
correlated with HIF1A expression in tumor tissues (r = — 0.30, P = 4.78 x 107®) and significantly (P = 0.037)
interacted with HIFT1A expression on overall survival. Therefore, DNA methylation of EGLN2- HIF1A is
a potential marker for LUAD prognosis and these genes are potential treatment targets for further
development of HIF-1a inhibitors in lung cancer therapy.
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Introduction curative surgical resection is possible, provides
a good opportunity for improving survival [4].
However, even for early-stage patients with similar
clinical characteristics, significant heterogeneity has
been observed, which indicated that there are mole-
cular mechanisms not well understood yet [5].

Molecular  characterization such as DNA

Lung cancer is a leading cause of cancer death world-
wide [1] and non-small cell lung cancer (NSCLC)
accounts for about 85% [2]. Five-year survival in
populations with lung cancer varies from 4-17%
depending on stage and regional differences [3].
Diagnosed at early stage (TNM stage I, II), when
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methylation is increasingly used to predict tumor
prognosis and offers great potential for improving
understanding of lung cancer.

DNA methylation, an inheritable reversible epi-
genetic modification, affects the spatial conforma-
tion of DNA, regulates gene expression and
interacts with various positive and negative feed-
back mechanisms [6,7]. Thus, aberrant DNA
methylation CpG probes have been considered
potential cancer biomarkers and therapeutic targets
not only in NSCLC [8,9], but also in other cancers
[10,11].

Due to rapid cancer cell division and aberrant
angiogenesis, hypoxia occurs frequently in human
cancers [12]. Hypoxia in solid tumor tissues pro-
motes stabilization and activation of hypoxia indu-
cible factor (HIF), which is essential for adapting
the cell's oxygen homeostasis to hypoxia, physiolo-
gically as well as pathologically [13,14]. HIF-1a is
specific for the hypoxia response. In normoxia,
HIF-1a is rapidly degraded, and its low levels do
not allow heterodimer formation and transcrip-
tional activation. The hydroxylation of two proline
residues (Pro-402 and Pro-564) of HIFla by three
distinct enzymes allows the specific recognition and
ubiquitination of HIFla by the tumor suppressor
pVHL (von-Hippel-Lindau protein), leading to the
proteasomal degradation [15,16]. When hypoxia
occurs, this degradation is suppressed and HIF-1a
is stabilized rapidly. These three enzymes are
encoded by Egl-9 family hypoxia inducible factor
1 (EGLNI, also called PHD2: hydroxylase domain-
containing proteins 2), EGLN2 (PHD1) and EGLN3
(PHD3) and all of them hydroxylate HIF-a, thus
play a vital role in many pathophysiological pro-
cesses including tumor promotion. EGLNs expres-
sion has been found to be related to prognosis in
many cancers, such as colorectal cancer [17], pan-
creatic cancer [18] and breast cancer [19]. Due to
different cancer type and mechanism, in some stu-
dies, the EGLN/HIF axis appears to drive tumori-
genesis [17,18], but in the others it could play
a positive role in tumor suppression [19,20]. All of
these studies proved that EGLNs are important for
many tumor processes. Several studies have
reported that EGLN3 (PHD3) hypermethylation
might reduce DNA expression in colorectal cancer
[21], invasive breast carcinomas [22] and a diverse
set of malignant cells [23]. However, few studies
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have examined the role of DNA methylation in
EGLNs and its relationship to prognosis of NSCLC.

Therefore, using multi-center cohorts with
DNA methylation as well as gene expression
data, we performed a comprehensive analysis of
DNA methylation in EGLN gene family and
EGLN-HIFIA interaction on survival of early-
stage NSCLC, aiming to find epigenetic biomar-
kers for potential therapy targets. The two-stage
designed study composes a discovery set combin-
ing four independent Caucasian cohorts from
Harvard, Spain, Norway and Sweden, as well as
an independent validation set from The Cancer
Genome Atlas (TCGA).

Results

Demographics and clinical characteristics of the
study populations are described in Supplementary
Table S1. The 34 CpG probes located in EGLN
gene family members were included in the follow-
ing analysis (Supplementary Table S2).

Analysis workflow was given in Figure 1. Among
lung adenocarcinomas (LUAD) patients, the sliding
windows sequential forward feature selection
(SWSES) algorithm identified top 8 and 10 CpG
probes in the discovery phase and the validation
phase, respectively (Figure 2(a-b)). Two probes,
€g25923056 and cg08080060, were simultaneously
ranked in the top list of both two phases (Figure 2
(c-d)). Meanwhile, cg07040244 and cg08078058 were
also identified in lung squamous cell carcinomas
(LUSC) patients (Supplementary Figure Sl(a-d)).
These four CpG probes were further evaluated by
Cox regression. After correction for multiple testing,
only the probe ¢g25923056gG1n, Was significantly
associated with survival among LUAD patients in
both two phases (HR = 1.02, 95% CI: 1.01-1.04,
P=1.27 x 107 in the discovery phase; HR = 1.03,
95% CI: 1.00-1.05, P= 0.026 in the validation phase)
and showed stronger association in combined set
(HR = 1.02, 95% CI 1.01-1.03, P= 9.90 x 107).
Therefore, the following analyses were performed
in LUAD patients only.

To better illustrate the effect of DNA methy-
lation on overall survival, patients were categor-
ized into two methylation level groups (low and
high) based on the median value. Kaplan-Meier
survival curves for patients in combined set with
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Figure 1. Analysis work flow. Lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) patients from Harvard, Spain,
Norway, and Sweden cohorts were used in the discovery phase for screening. Data from The Cancer Genome Atlas (TCGA) were used
for validation. The sliding windows sequential forward feature selection method (SWSFS) was used to identify the top important CpG
probes by minimizing the ‘out of bag (OOB)" error rate. Ranger is a weighted version of random forest. CpG probes ranked by
variable importance score (VIS) in the tops in both discovery and validation phases were selected for further evaluation using Cox
regression model. False discovery rate (FDR) < 0.05 in the discovery phase and P < 0.05 in the validation phase were considered

statistically significant.

high- and low-methylation of ¢g2592305656.n2
were shown in Figure 3 (HR = 1.71, 95% CI:
1.33-2.20, P= 2.46 x 107°).

To consider both linear and non-linear effects of
variables and handle complex interactions among
them efficiently, RPART, a tree-based method, offers
an attractive alternative to Cox models. Among

LUAD patients, ¢g25923056pc.n, and covariates
were used to build a survival classification tree in
the combined dataset (Figure 4(a)). Four clusters
were identified with significantly different survival
curves (Figure 4(b)) and mortality (Figure 4(c)) The
probe cg25923056gG; 2 Was identified as the second
most important predictors associated with LUAD
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Figure 2. Ranger provides variable importance score (VIS) for each CpG probe for lung adenocarcinoma (LUAD) patients only in the
discovery phase and the validation phase. ‘Out of bag (OOB)’ error rate of top CpG probes in the model, when probes were included one by
one based on their VIS ranks in the discovery (a) and the validation phase (b). CpG probes (red lollipop) that were both in the top 8 in the
discovery (c) and in top 10 in the validation phase (d) were carried forward for further evaluation using Cox regression model.

survival, followed by stage. The model showed that
high methylation (> 0.48) at cg259230565Gn2 in
stage I patients was associated with worse survival
compared with the low methylation group.

Interestingly, cg25923056c.n, Was significantly
hypermethylated in tumor tissues versus adjacent
normal tissues (fold change (FC) = 123,
P = 7.05 x 107) (Figure 5(a)). Meanwhile, EGLN2
was significantly down-regulated in tumor tissues
versus adjacent normal tissues (FC = 048,
P =510 x 107 (Figure 5(b)). Not surprisingly,
DNA methylation of ¢g259230565c;n, Was nega-
tively associated with EGLN2 gene expression
(r = - 036, P= 152 x 107'") (Figure 5(c)).
Further, ENGL2 expression level was negatively
correlated with its downstream gene HIFIA expres-
sion in tumor tissues (r = — 0.30, P= 4.78 x 107%)
(Figure 5(e)) which was also differentially expressed

in tumor tissues (FC = 2.45, P = 9.85 x 107'})
(Figure 5(d)). Moreover, none of DNA methylation
of the 9 CpG probes located in HIFIA was asso-
ciated with prognosis of either LUAD or LUSC
patients (Supplementary Table S3). By dichotomiz-
ing patients per median HIFIA expression, HIFIA
overexpressed patients had a worse prognosis than
the group with low expression (HR = 2.09,
P = 502 x 107°) (Supplementary Figure S2).
EGLN2 expression was not independently asso-
ciated with patient overall survival (P = 0.527).
However, EGLN2 had a significant interaction effect
with HIFIA expression on patient outcome
(P = 0.037). As presented in Figure 5(f), with the
decreased expression of EGLN2, there was an ele-
vated effect size of HIFIA expression on LUAD
survival. On the other hand, patients with over-
expressed EGLN2 didn’t retain  statistical
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Figure 3. Kaplan-Meier survival curves of different DNA methylation level at cg25923056. Patients were categorized into low- and
high-methylation groups using median value of cg25923056. P value was calculated using Cox regression model, and HR indicates

hazard ratio.

significance between HIFIA expression and overall
survival.

We additionally assessed the effect of
€g25923056G N2 on LUAD survival in subgroup
patients with different demographic and clinical vari-
ables. Almost all these associations remained signifi-
cant, except some subgroups with small sample size
(Supplementary Figure S3).

Discussion

Several epigenetic studies of lung cancer prognosis
have identified potential biomarkers relevant to the
etiology of NSCLC [8,9]. To the best of our knowl-
edge, this is the first multi-center integrating five
independent cohorts and large-scale integration ana-
lysis of DNA methylation alterations and expression
at the EGLN gene family in early-stage NSCLC, as well
as association analysis with HIFIA expression.
Weighted random forest (Ranger) was used to screen
DNA methylation CpG probes as well as a survival
classification tree to improve statistical power and
reveal potential interactions. We identified one probe
€g25923056 51N located at the 1st exon region of
EGLN?2, as a biomarker for the prognosis of early-
stage LUAD. Nevertheless, no promising individual
CpG probe was identified for LUSC, which may be
due to underlying epigenetic heterogeneity between
LUAD and LUSC [24,25] or to the low power

resulting from the small sample size of LUSC.
Previous studies have found that DNA methylation of
€g25923056 G N2 Was associated with the variant of
1s7937 in chronic obstructive pulmonary disease
(COPD) patients [26]. Moreover, this association
was also reported in a study on meQTLs in blood
across the human life course [27]. However, our find-
ings extended the function of ¢g25923056xgn, in
LUAD patients. High DNA methylation of
€g25923056 ;1 N2 is associated with poor LUAD prog-
nosis. The association of promoter DNA methylation
with transcriptional silencing is well recognized.
Moreover, DNA methylation of the transcription
start site (TSS), in the region of the first exon, is
much more tightly correlated with transcriptional
silencing [28]. Our study consistently found that
hypermethylation at ¢g25923056gG N, down-
regulated the corresponding gene EGLN2 expression
in tumor tissues.

EGLN2 encodes the oxygen-sensing enzyme
prolyl hydrolase 1 (PHD1) responsible for mediat-
ing the HIF-1a degradation and related to tumor
progression. EGLN2 is implicated as a tumor sup-
pressor, since its overexpression could inhibit the
tumor growth in colon cancer cell [20].
Additionally, in pancreatic adenocarcinomas,
absence of EGLN2 expression was significantly
associated with perineural invasion [29]. In lung
carcinoma cells, overexpression of EGLN2 induces
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Figure 4. Survival classification tree for lung adenocarcinomas (LUAD). Survival classification tree was built with cg25923056 as well
as covariates in the combined data (a), which identified four clusters with significantly different survival curves (b). Cox regression
model was used to compare the outcomes among clusters (cluster 4 as reference) and represented by hazard ratio (HR), 95%

confidence interval (95%Cl), and the P value (c).

cell cycle arrest and suppresses proliferation [30].
Although EGLN2 has been involved in many can-
cers, the mechanisms involved are not fully
understood.

HIF-1a is an important regulator in tumor angio-
genesis and distant metastases, and plays a pivotal role
in the cellular response to tumor hypoxia which repre-
sents a major obstacle to the success of radiotherapy
and chemotherapy [31]. HIFIA is overexpressed in
many human cancers and has been associated

consistently with a poor prognosis, including color-
ectal, oropharyngeal cancers [32-34]. Here, we pro-
vide further evidence that this association appeared to
be generalized to NSCLC patient. Inhibition of HIF-
la activity has already become an effective anti-tumor
therapy for various tumors and research effort to
develop therapeutic drugs have been ongoing for
many years but still requires more selectivity and
effectiveness [35]. Moreover, DNA methylation of
HIFIA were not significantly associated with the
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prognosis of lung cancer patients, which suggested
that the effect of HIFIA expression on overall survival
might be modified by other pathways.

Meanwhile, our results indicated that there
might be a pathway that possibly accounts for
the mechanism of EGLN2 involved in LUAD:
hypermethylation at ¢g259230565G.n2 could sup-
press EGLN2 expression, further lead to high
HIFIA expression and result in a poor prognosis
(Figure 6). Our findings are consistent with pre-
vious functional studies of EGLN2 and HIFIA.
We found that the HR of HIFIA expression did
not retain statistical significance in patients with
overexpressed EGLN2, which might result from
high expression of EGLN2 patients with low
expression of HIFIA and a relatively good prog-
nosis. Moreover, experiments both in vivo and
in vitro have confirmed that overexpression in
EGLN2 can inhibit the stabilization of HIF-la
after hypoxia and inhibit tumor growth [20].
Thus, our study provides evidence for potential
development of HIF-la inhibitors in LUAD
therapy by decreasing DNA methylation of
€g25923056 G, n2- However, the causation across
this path cannot be concluded, which need
further exclusive study (e.g. Mendelian randomi-
zation analysis) to confirm.

We acknowledge some limitations of our study.
First, the censored rate of TCGA cohort is relatively
high, which may result in loss of statistical power.
However, the association between ¢g25923056xG;n2
and survival remained significant in TCGA, indicat-
ing that our results are conservative and robust. And
early-stage NSCLC patients could be followed longer
to obtain more precise estimates in future. In addition,
the association between DNA methylation and the
corresponding gene expression lacks biological evi-
dence. DNA methylation is believed to play a crucial
role in regulating gene expression [36] and may also
influence disease development via gene function [37],
cell differentiation, and reprogramming [38].
However, further functional experiments are needed
to confirm these associations. Finally, our study was
performed mainly in Caucasian populations
(89.19%). The findings of this study should be inter-
preted with caution among other populations.

In conclusion, our study identified that the
EGLN2-HIFIA axis interacts in affecting the prog-
nosis of LUAD. These results elucidate some of the
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Figure 6. Diagram for DNA methylation-EGLN2-HIF1A-survival
pathway for LUAD patients.

molecular mechanisms underlying LUAD and
provide potential reversible therapeutic targets for
HIF-1a inhibitors.

Patients and methods

Study population

Harvard. The Harvard Lung Cancer Study cohort
was described previously [39]. All cases were recruited
at Massachusetts General Hospital (MGH) since 1992
and were newly diagnosed, histologically confirmed
primary NSCLC. Snap-frozen tumor samples were
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collected from NSCLC patients during curative sur-
gery with complete resection. There were 151 early-
stage (TNM stage I, II) cases selected for this study
which had complete survival information. Tumor
DNA was extracted from 5-umthick histopathologic
sections. Each specimen was evaluated by a MGH
pathologist for amount (tumor cellularity > 70%)
and quality of tumor cells and histologically classified
using WHO criteria.

Spain. Study population was reported previously
[40]. In brief, tumors were collected by surgical
resection from patients who provided consent and
under approval by the institutional review boards.
Tumor DNA was extracted from fresh-frozen
tumor specimens (10 pmthick, tumor cellularity
>50%) which were collected by surgical resection.
The median clinical follow-up was 7.2 years. The
study was approved by the Bellvitge Biomedical
Research Institute institutional review board. All
patients provided written informed consent.

Norway. As described previously [41], partici-
pants were 16 LUAD patients with operable lung
cancer tumors who were seen at Oslo University
Hospital-Riks hospitalet, Norway, from 2006 to
2011. None of the enrolled patients had received
chemotherapy or radiotherapy prior to surgery.
Tumor tissues obtained during surgery were snap
frozen in liquid nitrogen and stored at —80°C until
DNA isolation. Only early-stage (stage I, II)
patients were selected for the current study.

Sweden. We collected tumor tissue specimens from
103 early-stage lung cancer patients who underwent
an operation at the Skane University Hospital, Lund,
Sweden [42]. The study was approved by the Regional
Ethical Review Board in Lund, Sweden (Registration
no. 2004/762 and 2008/702). All patients provided
written informed consent.

TCGA. We used The Cancer Genome Atlas
(TCGA) resources for validation, including 332
early-stage lung adenocarcinomas (LUAD) and
285 early-stage lung squamous cell carcinomas
(LUSC) which had survival information and com-
mon covariates. Level-1 HumanMethylation450
DNA methylation data (image data) of each
patient were downloaded on 1 October 2015.

In the TCGA cohort, 328 lung adenocarcinoma
(LUAD) patients had complete mRNA sequencing
data. TCGA mRNA sequencing data processing
and quality control was done by the TCGA work-
group. Raw counts were normalized using RNA
Sequencing by Expectation Maximization (RSEM).
Level-3 (gene level) gene quantification data were
downloaded from TCGA data portal and were
further checked for quality. Besides, we extracted
29 early-stage LUAD patients from the TCGA
cohort with both tumor and adjacent normal tis-
sues DNA methylation data and 57 early-stage
LUAD patients with both tumor and adjacent
normal tissues gene expression data for differential
methylation and differential expression analysis,
respectively. Expression of EGLN2 genes was
extracted and log2-transformed before analysis.

Quality control procedures

DNA methylation was profiled using Infinium
HumanMethylation450 BeadChips (Illumina Inc.,
SanDiego, CA, USA) for all patients. All centers
followed the same quality control (QC) procedures
before association studies. Raw image data were
transformed into beta values to perform background
subtraction and control normalization. Unqualified
probes were excluded if they met either one of the
following criteria: (i) failed detection P > 0.05 over
5% of patients; (ii) coefficient of variance (CV) < 5%;
(iii) methylated or unmethylated in all samples; (iv)
common single nucleotide polymorphisms (SNP)
located in the probe sequence or 10-bp flanking
regions; (v) cross-reactive probes or cross-
hybridizing probes; (vi) or did not pass quality con-
trol in all centers. Samples with >5% undetectable
probes were excluded. Methylation signals were
further processed for quantile normalization, design
bias correction for type I and II probes, and batch
effects adjustment. Details of QC processes are
described in Supplementary Figure S4.

Statistical analysis

Continuous variables were summarized as mean *
standard deviation (SD), and categorized variables
were described by frequency (n) and proportion (%).
We used paired Student’s t-test to compare the
differential expression values and DNA methylation



beta values between tumor and adjacent normal
tissues. We used Pearson correlation (r) to explore
relationships between DNA methylation and gene
expression. False-discovery-rate (FDR) correction
g-value was used to adjust for multiple comparisons.
Statistical analyses were performed using R version
3.4.4 (The R Foundation of Statistical Computing).

Among LUAD and LUSC patients, we employed
Ranger, a weighted version of random forest, in the
discovery and the validation set, to evaluate the
importance of each individual DNA methylation
CpG probe with R package ranger. A weight of
100% was given to each covariate to ensure a 100%
chance to be selected into each tree. Variable impor-
tance score (VIS) for the 34 CpG probe in
EGLNs was estimated and ranked in a descending
order. The sliding windows sequential forward fea-
ture selection method (SWSEFS) was used to identify
the top important CpG probes [43]. The SWSES
method includes the CpG probes one by one to the
random forest (RF) model by the order of VIS. Then,
we plotted the ‘out of bagging (OOB)’ error, which
measured the performance of each model consisting
of a specific number of CpG probes. The top poten-
tial CpG probes were screened out for further ana-
lysis when the RF model having the lowest error rate.
CpG probes that were in tops in both discovery and
validation set were identified as candidates.

Then, these candidate CpG probes were further
evaluated with a two-stage design, as well as a series
of stratified analyses. In the discovery phase, we
applied a Cox proportional hazards model adjusted
for age, gender, smoking status, clinical stage and
study center to test the association between a DNA
methylation CpG probe and overall survival in LUAD
and LUSC patients, respectively. The hazard ratio
(HR) per 1% methylation increment and 95% confi-
dence interval (CI) were estimated for each probe.
Probes with FDR-q < 0.05 were further replicated in
TCGA. Robustly significant probes were finally
retained if they met the all following criteria: (i)
P < 0.05 in the validation phase; (ii) consistent effect
direction in both discovery and validation phases.

In addition, survival tree construction was done
using the recursive partitioning and regression tree
(RPART) [44], which extends the classification and
regression trees (CART), to identify clusters with
heterogeneous survival outcome with R package
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rpart . Kaplan-Meier method was used to illustrate
the survival curves of different clusters.
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