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Abstract. — OBJECTIVE: Lung adenocarci-
noma (LUAD) accounts for the majority of can-
cer deaths worldwide, with a high incidence rate
and mortality. It is highly important to develop
biomarker model to accurately predict the prog-
nosis.

MATERIALS AND METHODS: RNA-Seq data
and clinical follow-up data of LUAD were down-
loaded from The Cancer Genome Atlas (TCGA)
database. Hypoxia-related gene sets were col-
lected from the Gene Set Enrichment Analysis
(GSEA) website. A gene signature model was
established using the Limma package in the R
software, univariate and multivariate survival
analyses, and least absolute shrinkage and se-
lection operator (LASSO) algorithms.

RESULTS: Two hypoxia subtypes (C1 and C2)
were classified according to the expressions
of 55 prognostic hypoxic-related genes. Dif-
ferentially expressed genes (DEGs) between
two hypoxia subtypes and immune group
were analyzed. Then, 390 DEGs related to
hypoxic immune microenvironment were fil-
tered. According to hypoxia type and immune
type, the samples were classified into hypox-
ia-high & immune-low group, hypoxia-low &
immune-high group. Based on these differen-
tially expressed genes (DEGs), a 5-genes sig-
nature model, which showed a stable predic-
tion performance on datasets of different plat-
forms and immunotherapy datasets, was final-
ly developed. Meanwhile, it demonstrated a
better performance compared with other exist-
ing models. The AUC of the 5-gene signature
was high in both the training dataset and 4 in-
dependent validation datasets and was con-
firmed as a clinical feature-independent prog-
nostic model.

CONCLUSIONS: This study developed a hy-
poxic immune microenvironment associated
gene-based model for prognostic prediction of
LUAD, providing clinicians with a reliable prog-
nostic assessment tool and facilitating clinical
treatment decision-making.
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Introduction

Lung cancer is a fastest-growing malignancy
with high morbidity and mortality. Non-small
cell lung cancer (NSCLC) as the most common
histologic type of lung cancer accounts for about
85% of all lung cancer cases'. NSCLC is divided
into lung adenocarcinoma (LUAD) and squa-
mous cell carcinoma®. At present, the incidence
of LUAD has exceeded squamous cell carcinoma
to become the main type of lung cancer’. There
have been significant advances in the diagnosis
and classification of LUAD, and tumor treat-
ment has evolved from initial surgical resection,
surgical combined adjuvant chemoradiotherapy,
and targeted therapy to immunotherapy, however,
only a small number of patients can benefit from
it*>. Hypoxia is a physical microenvironment
of lung cancer cells that can cause changes in
signaling pathways in lung cancer cells, further
promoting tumor metastasis and angiogenesis.
Therefore, hypoxia is regarded as one of the
important factors decisive in the prognosis of
malignant tumors®. Hence, identifying reliable
prognostic tools to predict clinical outcomes and
facilitate treatment decision-making is clearly of
paramount importance.

At present, computer science and information
technology have witnessed a rapid development,
and are widely used in many fields, which also
lays a solid foundation for the research of life
science’. Driven by the development of molecular
biology technology, the Human Genome Project
has produced a large amount of biological data,
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and on such a basis, bioinformatics was pro-
duced® to offer support for the study of specific
drug use and prognosis of patients with a specific
disease based on gene expression®!’. However,
single-parameter prediction of prognosis survival
in LUAD patients is challenging because of the
influence of extensive variability on prognosis
and genetic heterogeneity. Therefore, exploring a
prognostic evaluation system with a combination
of multiple biomarkers may help improve the ac-
curacy of prediction.

At present, the prognostic model based on
multiple genes has been widely studied in pre-
dicting overall survival of patients with LUAD
and has a greater diagnostic significance than
the single-parameter prediction model'’'2. In
the present study, hypoxia-related genes not
only participate in the disease process but can
also be used to predict the severity of the dis-
ease"*’. Moreover, immune related genes have
also been found to have certain value in the
prediction of disease prognosis'®!". In this study,
we found that through different bioinformatics
analysis process more hypoxia and immune-re-
lated genes were associated with prognosis.
Moreover, according to the low oxygen immune
microenvironment influence on cancer cell pro-
liferation expansion, LUAD hypoxia-related
genes and immune-related genes were chosen
to establish a prognosis of clinical parameters,
which demonstrated a higher accuracy than the
traditional model.

Materials and Methods

Data Source and Preprocessing

LUAD RNA-seq data and clinical follow-up
information were downloaded from The Cancer
Genome Atlas (TCGA) database (https:/portal.
gdc.cancer.gov/). The expression profile was con-
verted to TPM, with genes with low expression
levels being removed (genes with expression lev-
els below 1 accounted for more than 50% of all
samples). Ensembl ID was converted to Gene

Symbol. If multiple Ensembl IDs correspond to
the same gene Symbol, the median was taken as
the expression profile of the gene symbol. Log2
conversion was performed on the expression pro-
file data.

The raw data of three datasets, including
GSE31210"%, GSE30219" and GSES50081%°, were
downloaded from Gene Expression Omnibus
(GEO) database (https:/www.ncbi.nlm.nih.gov/
geo/). All the three datasets were sequenced
by GPL570 platform ([HG-U133 Plus 2] Affy-
metrix Human Genome U133 Plus 2.0 Array).
The RMA function (Robust multi-array Average
expression measure) of R-packet Affy (V1.66.0)
was used for processing spectral data’. The
expression profile of the dataset was obtained
by normalization. The probe was converted to
a Gene Symbol chip according to the data set
based on the GPL570 annotation file. Specifical-
ly, when multiple probes correspond to the same
Gene Symbol, the median value was taken as the
expression profile of the Gene Symbol. When
one probe corresponds to multiple gene symbols,
the probe expression was removed. Only LUAD
tumor samples with survival time and status were
kept in the microarray dataset. The samples with
survival information in immunotherapy dataset
Imvigor210?? were retained. Clinical information
after data preprocessing was showed in Table I.

A total of 200 hypoxia-related genes were ob-
tained from HALLMARK HYPOXIA pathways
in the document H.A.L. v7.3.symbols. gmt. on the
gene set enrichment analysis (GSEA) website®.
The workflow was showed in Figure 1.

Identification of Hypoxia
Subtype and Hypoxic-Related
Differentially Expressed Genes
ConsensusClusterPlus was used to identify
anoxic molecular subtypes. Expression profile
data in TCGA dataset were used to filter genes
with low expression (expression level below
1 was in more than 50% in all samples), and
then the expression level of hypoxia gene was

Table I. Risk coefficient of risk model and multivariate COX results.

Gene coef HR HR (lower, 0.95) HR (upper, 0.95) P
MS4A1 -0.148 0.862 0.748 0.994 0.042
CPA3 -0.148 0.863 0.764 0.975 0.018
FSCNI 0.173 1.190 1.047 1.352 0.008
PTPRH 0.184 1.203 1.053 1.374 0.007
DKK1 0.110 1.116 1.032 1.207 0.006

3808
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Figure 1. Flowchart of the whole study.

extracted. Based on 200 hypoxia-related genes,
univariate Cox analysis was performed using
the Coxph function in R to obtain DEGs related
to the prognosis of LUAD (p < 0.05). Con-
sensusClusterPlus in R Package (With Volume
Parameters: Distance = “Euclidean”, clusterAlg
= “km”, and innerLinkage = ‘ward.d2’) were
applied to classify samples base on these hy-
poxic-related DEGs. The subtype allocation was
then verified using the mRNA expression data
of the above hypoxic genes by applying random
neighbor embedding (T-SNE) method based on
the T-distribution. R software package GSVA
was used to perform single-sample GSEA anal-
ysis, and the scores of each sample on different
functions of Hallmark dataset were calculated.

Identification of Immune Status and
Immune-Related DEGs

R software package Estimation of Stromal
and Immune cells in MAlignant Tumor tissues
using Expression data (ESTIMATE) was used to
calculate the ImmuneScore of each sample in the
TCGA dataset. The optimal segmentation point

was determined by SurvMiner package, and the
samples were divided into two groups of high and
low immunization.

Identification of Hypoxia-Immune-
Related Prognostic DEGs

The hypoxia and immune status identified
above was further combined into a two-di-
mension index, whereby patients were divided
into three groups (Hypoxia™¢" & Immune°,
Hypoxia¥ & Immune®ish, and Mixed groups).
Limma packet analysis was conducted to iden-
tify DEGs between Hypoxia'e" & Immune'°¥
and Hypoxia'®¥ & Immune®eh group according
to the threshold FDR < 0.05 and | log2 fold
change (FC) | > 1.

Functional Enrichment Analysis of DEGs

With the screened DEGs, gene ontology (GO)
enrichment analysis and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways analysis
were performed on R software package Cluster-
profiler (v3.16.0). A p<0.05 was considered as
statistically significant.
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Establishment and Validation of a
Prognostic Predictive Signature

The univariate Cox regression analysis was
conducted to analyze the prognostic value of the
DEGs for overall survival (genes of a p<0.05
being considered as statistically significant). Sub-
sequently, the range of genes was narrowed by
Lasso Cox regression analysis was performed
using Glmnet in R package. Finally, multivariate
Cox regression analysis was performed to iden-
tify closely correlated genes. And the selected
genes were recruited into the prognostic model,
and the calculation formula of the prognostic risk
model was as follows:

RiskScore = )" coef (i)* expression (i)

Where coef was the coefficient of a gene, i
represented the gene, and expression (i) repre-
sented the gene expression. RiskScore cutoff was
bounded by the median value, and those samples
with a value greater than the median value were
seen as high-risk samples, while those samples
less than or equal to the median value were low-
risk samples.

The risk calculation method was adopted to
verify the hypoxia data from TCGA training
dataset, TCGA validation dataset, entire TCGA
data sets, and completely independent GSE30219,
GSE31210, and GSE31210 datasets. Imvigor210
acted as a validation immunotherapy dataset.

Comparison of RiskScore Between
Clinical Features

Based on the median RiskScore, all the sam-
ples were divided into high-risk group and low-
risk group. Kaplan-Meier survival analysis us-
ing Log-rank test was used to compare survival
differences between the two groups. Univariate
Cox proportional risk regression analysis was
used to analyze the effects of RiskScore, T
stage, N stage, M stage, AJCC stage, grade,
grouping, gender, age, smoking and other clini-
cal parameters on LUAD prognosis. In addition,
whether above features were an independent
prognostic factor for LUDA was studied through
conducting multivariate Cox proportional risk
regressions.

Comparison of Immune Scores Between
High and Low Risk Groups

We used immune assessment softwares, ESTI-
MATE, MCPCounter?*?, TIMER?®, and ssGSEA
of GSVA to evaluate the immune infiltration.

Also, immune checkpoints, such as PDCD1 and
CTLAA4, for immunotherapy***"?* were compared
in high- and low-risk groups to analyze the possi-
bility of immunotherapy.

Reliability of Prognostic Models

We performed univariate and multivariate
analysis with clinical characteristics and Risk-
Score to validate the stability of our RiskScore
model. Based on the univariate and multivariate
results, we constructed a Nomogram and the cor-
rected histogram to provide a basis for clinical
diagnosis and prognosis of LUAD. At the same
time, the decision curve analysis (DCA) diagram
was drawn. In addition, we collected published
models for comparison of receiver operating
characteristic (ROC) curves.

Statistical Analysis

Heatmap of DEGs was plotted using “pheat-
map” R package with zero-mean normalization.
Two groups of boxplot were analyzed by Wil-
coxon-test. For Kaplan-Meier curves, p-values
and hazard ratio (HR) with 95% confidence in-
terval (CI) were generated by log-rank tests and
univariate Cox proportional hazards regression.
All analytical methods mentioned above were
performed on R package software version 4.2.2.
All statistical tests were two-sided. p<0.05 was
considered as statistically significant.

Results

Identification of Hypoxic
Molecular Subtypes

Firstly, 182 hypoxia genes were obtained from
TCGA expression profile data. Univariate COX
survival analysis was performed on the 182 hy-
poxia genes using the COXPH function in R, and
55 hypoxia related DEGs were identified to be
related to the prognosis of LUAD. Based on these
55 hypoxia related DEGs, the LUAD samples in
TCGA were well classified into C1 subtype (257
samples) and C2 subtype (243 samples) (Fig-
ure 2A). Then, the T-distribution-based random
neighbor embed (T-SNE) method was used to
verify the subtype allocation using the mRNA
expressions of 55 hypoxia genes, and the two sub-
types could be clearly classified (Figure 2B). In
addition, KM survival analysis demonstrated that
LUAD samples in C1 group had a higher surviv-
al rate in comparison to C2 subtype (p<0.0001,
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Figure 2. Identification of hypoxia molecular subtypes. A, ConsensusClusterPlus identifies hypoxic molecular subtypes.
B, T-distribution random neighbor embedding (T-SNE) method to distinguish hypoxia subtypes. C, Kaplan-Meier survival
analysis on the effects of hypoxia subtypes on patient survival. D, Volcanic map of differentially expressed genes in hypoxia
subtypes. E, A single sample GSEA analysis was performed using the R software package GSVA to calculate the scores of
each sample on different functions in the Hallmark dataset. F, The GSEA input file contains the expression profile data of
TCGA, the sample labels of molecular subtype markers, and the sample label marks the sample as group C1 or group C2. G,
Volcanic map of differential genes between subtypes. (H) Heat maps of genes that differ between subtypes.

Figure 2C). A heat map of 55 hypoxic gene
expressions showed that most of the genes were
higher-expressed in the C2 subtype (Figure 2D).

We compared the difference in HALLMARK
HYPOXIA score using ssGSEA analysis between
the C1 and C2 subgroups and found that the Hy-
poxia score in C2 was significantly higher than
that in C1 (Figure 2E). Functional enrichment
results showed that HALLMARK HYPOXIA
was significantly enriched in the C2 subtype
(Figure 2F). Based on the above analysis, C2 sub-
type was defined as the hypoxia-high expression
group, whereas Cl was the hypoxia-low expres-
sion group.

Next, limma packet analysis was conducted to
determine DEGs between C1 and C2 subgroups,
285 DEGs including 213 up-regulated genes and
72 down-regulated genes were identified (Figure
2G, H).

Classification of Immune
Molecular Subtypes

First, we used R software package ESTI-
MATE to calculate the ImmuneScore of sam-
ples in the TCGA dataset, and the samples were
divided into two categories, namely, immune'ih

and immune'” group. KM survival analysis
result showed that survival time in the immune-
High oroup was significantly longer than that in
the immune™™ group (Figure 3A). Next, 403
DEGs were obtained between immunet¢® and
immunet" group using Limma package, and
here 10 genes were upregulated, and 393 genes
were down-regulated in immune'€" group (Fig-
ure 3B, C).

Identification of Hypoxic Immune
Microenvironment Group

According to the above hypoxic and immune
status, LUAD patients were classified into three
groups (Hypoxia'ieh & Immune'°¥, Hypoxia®" &
Immunet’eh and Mixed groups). The samples in
Hypoxia®is" & Immune'° group showed a shorter
survival time compared to Hypoxia“¥ & Im-
munetie group (Figure 4A). 645 DEGs were iden-
tified between Hypoxiate" & Immune'® group
and Hypoxia*®" & Immune" group, and here
271 genes were upregulated, and 374 genes were
down-regulated in Hypoxia'e" & Immune-"
(Figure 4B). The Venn diagram results showed
that there were 133 risk DEGs and 257 protective
DEGs (Figure 4C, D).
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Figure 3. Immune infiltration score group analysis. A, SurvMiner package was used to determine the optimal segmentation
point (immunescore_cutof. PDF), which was divided into two groups of high and low immunization, and then the survival
curves between immunization groups were calculated. B, Volcanic map of differential genes in immune grouping. C, Heat
maps of differential genes in immune groupings.
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Functional Analysis of Protective
DEGs and Risk DEGs

KEGG pathway analysis and GO enrichment
analysis were performed on the protective DEGs
and risk DEGs using R software package Clus-
terprofiler (v3.16.0). For GO and KEGG analyses
of the protective DEGs, the functions annotated
were significantly correlated with immunity path-
ways (Supplementary Figure 1). For the GO and
KEGG analyses of the risk DEGs, the functions
and pathways annotated were significantly asso-
ciated with p53 signaling pathway and PI3K-Akt
signaling pathway (Supplementary Figure 1).

Establishment of Prognostic Risk Models

Univariate cox analysis of 390 DEGs (risk
DEGs and protective DEGs) on the training data-
set revealed 103 prognostic genes correlated with
LUAD (p < 0.05). Then, R software package
glmnet was introduced to carry out LASSO re-
gression analysis®. Firstly, the change trajectory
of each independent variable was analyzed, as
shown in Figure 5A. With the gradual increase
of lambda, the number of independent variable
coefficients approaching 0 also increased gradu-
ally. 10-fold cross validation was applied to build
the model and analyzed the confidence interval
under each lambda. The model reached the opti-
mal when lambda=0.061 (Figure 5B). Therefore,
we selected 12 genes when lambda=0.061 for
further analysis. Next, multivariate cox analysis
was performed on the 12 genes, and the number
of genes was further reduced by stepAIC method.
Finally, 5 genes were retained to build prognostic
model (Table II). The 5 genes could effectively
distinguish samples as high-risk and low risk
(Supplementary Figure 2).

The RiskScore was constructed based on their
cox coefficients of the 5 genes: RiskScore =
-0.148*Exp (MS4A1)-0.148*Exp (CPA3)+0.173*-
Exp (FSCN1)+0.184 *Exp (PTPRH)+0.110*Exp
(DKK1).

The RiskScore of each sample in TCGA train-
ing dataset was obtained according to the calcu-
lation formula of RiskScore, and then the median
was taken as the cutoff point. Samples with Risk-
Score greater than the median were divided into
high-risk group, while those samples with RiskS-
core lower than or equal to the median value were
in low-risk group. The distribution of survival
time was plotted from low risk to high-risk group
in the TCGA training dataset, with a higher pro-
portion of survivors distributing in the low-risk
area (Figure 5C, D). Meanwhile, the expression

profile of five genes was developed, with the
RiskScore increasing from left to right, moreover,
the results showed that MS4A1 and CPA3 were
protective factors, while FSCN1, PTRRH and
DKKI1 were risk factors (Figure SE). Through
survival curve analysis, we found that patients in
low-risk group showed a high survival rate than
that in high-risk group (Figure 5F). However, at
different time points (1, 3 and 5 years), the ROC
curves of our RiskScore all had high AUC values
above 0.7 (Figure 5G), indicating that our model
had a high performance.

At the same time, to verify the reliability of our
risk model, we used TCGA validation dataset and
entire dataset for validation. The results showed
that our risk model also had a strong performance
in TCGA validation dataset (Figure 6A-E) and
entire dataset (Figure 6F-J).

Meanwhile, in order to further verify our
risk model on different platforms, we validated
our risk model in three independent datasets of
GSE30219 (Figure 7A-E), GSE31210 (Figure 7F-
J) and GSE50081 (Figure 7K-O). Similarly, our
risk model performed well in LUAD prognostic
prediction.

RiskScore Analysis of Clinical
Characteristics Samples

We compared the distribution of RiskScore
on clinical features in TCGA dataset. The re-
sults showed that RiskScore distribution of sam-
ples in AJCC-stage, subtype, gender, age, smok-
ing, immune group and immune hypoxia group
were significantly different. Specifically, higher
RiskScore was positively correlated with great-
er clinical characteristics indicative of a worse
prognosis (Figure 8). Besides, we performed risk
stratification on patients with AJCC-stage, sub-
type, gender, age, Smoking, immune group and
immune hypoxia group, and conducted the KM
survival analysis. The high-risk scores had worse
OS than the low-risk scores in stage T1-T2, stage
T3-T4, stage NO, stage N1-N3, M0, M1, stage I-11,
stage III-1V, Smoking 1, Smoking 2-4, Age>65,
Age=65, male, female, indicating the a strong
performance of RiskScore (Supplementary Fig-
ure 3).

RiskScore Was an Independent
Prognostic Factor

To identify the independence of the RiskS-
core model in clinical application, univariate
and multivariate COX analyses were used to
analyze the relevant HR, 95%CI of HR, and P
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Table Il. Clinical information of datasets.

Features TCGA-LUAD GSE31210 GSE30219 GSE50081 IMvigor210
EVENT
Alive 318 191 40 76 109
Dead 182 35 43 51 189
T Stage
T1 167
T2 267
T3 45
T4 18
X 3
N Stage
NO 324
N1 94
N2 69
N3 2
NX 11
M Stage
MO 332
M1 24
MX 144
Stage
I 268
11 119
111 80
v 25
X 8
Smoking
1 71
2 119
3 129
4 163
5 4
7 14
Gender
Male 230
Female 270
Age
<65 237
> 65 253
NA 10
Response
CR 25
PR 43
PD 167
SD 63
IC.Level
ICO 83
IC1 112
1C2+ 102
NA 1
TC.Level
TCO 238
TC1 17
TC2+ 42
NA 1
Immune phenotype
Desert 69
Excluded 113
Inflamed 62
NA 54
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Figure 6. Validation of risk model in TCGA validation dataset and TCGA all dataset. A-B, TCGA verifies the distribution
of RiskScore and the corresponding distribution of survival states in the dataset. C, Heat map of RiskScore model gene
expression. D-E, TCGA verifies the KM curve and ROC curve of the dataset. F-G, The distribution of RiskScore and the
corresponding distribution of survival states in all TCGA datasets. H, Heat map of RiskScore model gene expression. I-J, KM

curve and ROC curve of all TCGA data sets.

values in clinical information from the entire
TCGA dataset. We systematically analyzed clin-
ical information from TCGA patient records,
including age, gender, T stage, N stage, M stage,
smoking, stage, and our Risktype grouping in-
formation, and univariate analysis showed that
RiskType, TNM stage, Stage were significant
factors associated with patients’ survival (p<
0.05). Multivariate analysis demonstrated that
RiskType, T stage and N stage were an indepen-
dent prognostic factors (p < 0.001). Those data
suggested that RiskType was also an indepen-
dent prognostic (Figure 9).

RiskScore and Clinical Characteristics
Were Used to Construct the Nomogram
Based on above analysis, clinical features T
stage, N stage and RiskScore in entire TCGA
dataset were used to construct a nomogram (Fig-
ure 10A). According to the results of the model,
RiskScore feature had the greatest influence on
the prediction of survival rate, indicating that the
risk model could better predict LUAD prognosis.
At the same time, the histogram (1, 3 and 5 years)
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was corrected to visualize its performance. Com-
pared with the ideal model, the calibration curves
showed a strong performance (Figure 10B). The
clinical prediction model was evaluated by DCA,
and the results showed that the nomogram had
the optimal prediction effect than the RiskScore
(Figure 10C).

Immune Status Analysis of High- and
Low-Risk Population

We compared the expression differences of the
immune checkpoint genes in high-risk group and
low-risk group in the TCGA dataset. It was found
that the expressions of CD27, CTLA4 and TIGIT
in the low-risk group were higher than the high-
risk group (Figure 11A). In addition, immune
scores on the TCGA dataset samples showed that
the immune scores of the low-risk group were
higher than the high-risk group (Figure 11B-F).

Predictive Analysis of
Immunotherapy Response

An immunotherapy dataset (Imvigor210) re-
cording expression data of human mUC samples
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Figure 7. Validation of the risk model in GSEA independent datasets. A-B, The distribution of RiskScore and the corresponding
distribution of survival states in the independent dataset GSE30219. C, Heat map of RiskScore model gene expression. D-E,
KM curve and ROC curve of independent dataset GSE30219. F-G, The distribution of RiskScore and the corresponding
distribution of survival states in the independent dataset GSE31210. H, Heat map of RiskScore model gene expression. I-J,
KM curve and ROC curve of independent dataset GSE31210. K-L, The distribution of RiskScore and the corresponding
distribution of survival states in the independent dataset GSE50081. (M) Heat map of RiskScore model gene expression. N-O,

KM curve and ROC curve of independent dataset GSE50081.

from patients responsive or unresponsive to an-
tiPD-L1 immunotherapy was used to explore
whether the 5-gene model could predict patients’
benefit from immunotherapy. The Kaplan-Meier
curve showed that higher RiskScore was asso-
ciated with worse survival in mUC patients re-
ceiving immunotherapy (Figure 12A). The ROC
curve demonstrated that RiskScore had a higher
AUC (0.71) value compared to NEO (AUC=0.67)
and TMB (AUC=0.64) features (Figure 12B). The
mUC patients receiving immunotherapy were di-

vided into high- and low-groups according to
their RiskScore. The number of patients with dis-
ease progression was more in the high-risk group
but fewer in stable patients in the low-risk group
(Figure 12C). We used MpCounter to calculate
the immune cell scores of Imvigor210 samples
and the correlation among Riskscore and TMB,
NEO and immune cell scores. The results showed
that Riskscore was negatively correlated with
CD8 T cells, T cells, and NK cells (Figure 12D).
At the same time, comparison of the difference
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Hazard Ratio (Univariate analysis)
Feature HR P. Value
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Figure 9. Clinical characteristics and univariate and multivariate RiskScore analyses. A, Univariate analysis of clinical
characteristics of TCGA dataset. B, Multivariate analysis of clinical features of the TCGA dataset.

of RiskScore among four responses (CR, PD, PR
and SD) showed significant differences in the ef-
fectiveness of RiskScore and immunotherapy that
samples with worse immunotherapy outcomes

were associated with higher RiskScore (Figure
12E). There was no significant difference among
RiskScore and immune cell grouping, tumor cells
and immunophenotype (Figure 12F-H).
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construct a histogram. C, Clinical characteristics and Riskscore Decision Curve Analysis.

Comparison of Risk Models With
Other Models

By reviewing previous papers, we selected
four published prognostic risk models 3 for
comparison with our 5-gene model. To make the
model comparable, we calculated the RiskScore
of each LUAD sample in TCGA dataset using
the same method according to the corresponding
genes in the four models, and then compared the
ROC curve of the RiskScore of these models with
our model. Compared with the four published
prognostic risk models, our risk model had high-
er AUC values at 1-, 3- and 5 years, which were
0.74, 0.7 and 0.68, respectively (Supplementary
Figure 4). The data indicated that our model out-
performed in predicting prognosis.

Discussion

At present, pathological staging is still a
commonly used method to evaluate the prog-
nosis of LUAD, though it is not often accu-
rate**. In recent years, rapid development of
high-throughput technology enables a large
amount of bioinformatics data to play an im-
portant role in LUAD diagnosis, treatment
efficacy evaluation and prognosis prediction®.
At present, with the development and applica-
tion of genomics, functional genomics, tran-
scriptomics and proteomics, multiple genetic
markers have been explored and studied in the
prognostic diagnosis of LUAD?¢*". Increasing
evidence showed that some genes have critical


https://www.europeanreview.org/wp/wp-content/uploads/Supplementary-Figure-4-11555.pdf
https://www.europeanreview.org/wp/wp-content/uploads/Supplementary-Figure-4-11555.pdf
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Timer, MCPCounter, Cibersort, ssGSEA invasion scoring software.
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an important regulatory functions in the occur-
rence and development of tumors, and could be
reliable in the prognostic prediction of cancer
patients***°. For example, Li et al*’ found a total
of 8 RNA binding proteins (IGF2BP1, IFIT1B,
PABPC1, TLRS, GAPDH, PIWIL4, RNPC3,
ZC3HI12C) in the RNA binding proteins that
are predictive of the prognosis of LUAD, and
have been identified as pivotal genes related to
the prognosis. Moreover, these 8 RNA binding
proteins were used to construct a prognostic
model. A total of 4 genes (FUT4, SLC25A42,
IGFBP1 and KLHDCS8B) with expression dif-
ferences in LUAD were obtained through TC-
GA database combined with GEO dataset, and
these 4 genes can predict the prognostic char-
acteristics of GEO dataset LUAD*".

In addition, the biological characteristics of
cells can intuitively reflect whether the cell life
process is proceeding normally*. Studies***
have found that hypoxia-related genes may
help overcome hypoxia-related drug resistance
in tumor treatment. Hypoxia is a characteristic
of tumor microenvironment, and it is related to
the malignant degree of cancer*. Current re-
search reports show that hypoxia can regulate
the activity of important carcinogenic pathways
through changing gene expression and histone
modification status*, such as the overexpres-
sion of related genes (HIF-1 alpha, CA IX,
VEGF) in nasopharyngeal carcinoma, and this
is common and may be related to the up-reg-
ulation of HIF-dependent pathway expression
caused by hypoxia and a poor prognosis®. The
hypoxia-related gene YTHDF 1 plays a key
role in hypoxia adaptation and pathogenesis of
non-small cell lung cancer*®. As a response to
tumor hypoxia, hypoxia-inducible factor-1 is
activated and its genetic polymorphisms are
found to be closely related to the risk of lung
cancer?’. In this study, we typed 55 LUDA sam-
ples of TCGA based on the prognostic-related
genes of hypoxia. These samples can be divid-
ed into two subtypes, and we found that the C2
subtype was more related to hypoxia and could
predict LUAD prognosis.

LUAD as the most common type of non-
small cell lung cancer’® is characterized by dense
lymphocyte infiltration, and this indicates that
immune system plays an active role in the oc-
currence and growth of LUAD*. Luo et al®
developed a robust model for predicting the
survival outcome of LUAD patients from the
perspective of tumor immunology, and pro-

posed an immune prognostic model for LUAD,
which can independently identify high-risk pa-
tients with poor survival. This study suggested a
close relationship between local immune status
and prognosis. At present, immune checkpoint
blockade (Icb) has achieved significant clinical
effects on the treatment of non-small cell lung
cancer™. In the research of immune-related gene
pairs, some studies have been conducted based
on the practical and robustness of immune gene
data sets with cross-platform compatibility. A
four-gene prediction model demonstrated po-
tential predictive value in improving the TNM
staging of patients with LUAD?!. Therefore, in
this study, we further selected genes related to
the immune microenvironment, and through the
immune infiltration score analysis of the TCGA
dataset, we divided them into two groups of
high immunity and low immunity according to
the optimal segmentation point of ImmuneScore
and found highly immune groups showed a fa-
vorable prognosis.

At present, there is no research reporting on
the genes related to hypoxia and immunity in
the prognosis of LUAD. We found that the hy-
poxia-high and immune-low group had the worst
prognosis, and the hypoxia-low & immune-high
group had the most favorable prognosis. Final-
ly, 390 differential genes related to the hypoxic
immune microenvironment were identified from
differential genes between the groups. Based on
these DEGs, a 5-gene signature model was final-
ly developed. At the same time, we compared
the current model with previously established
ones’*#, and finally confirmed that 5-gene sig-
nature had a strong robustness and could stably
predict LUAD samples in the datasets of dif-
ferent platforms (TCGA, GSE30219, GSE31210,
GSE50081 and the immunotherapy data set IM-
vigor210).

Conclusions

This work developed a 5-gene signature prog-
nostic hierarchical system with a high AUC in
both the training set and the independent valida-
tion set. Based on hypoxia and immune micro-
environment, we were the first to report a 5-gene
risk signature that could help to predict overall
survival of LUAD patients. The current finding
provided more gene targets and will help future
researchers to develop new treatments for LUAD
patients.
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