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Establishment of potential IncRNA-related ===

hub genes involved competitive endogenous
RNA in lung adenocarcinoma

Yong Li', Danfei Shi? Yan Jiang?, Yangin Hu', Qiuxia Liu', Yanping Xie® and Xilin Zhang*’

Abstract

Long non-coding RNAs (IncRNAs) have a notable role in the diagnosis and prognosis of cancer. However, the asso-
ciations between IncRNA-related hub genes (LRHGs) expression and the corresponding outcomes have not been
fully understood in lung adenocarcinoma (LUAD). Here, a total of 71 patients diagnosed with LUAD and 60 healthy
volunteers at The First Affiliated Hospital of Huzhou University from April, 2023 to December, 2023 were enrolled

in the present study. A LRHGs model was established using least absolute shrinkage and selection operator analyses
of The Cancer Genome Atlas-LUAD datasets. The underlying mechanisms of the LRHGs were investigated via Gene Set
Enrichment Analysis and Gene Set Variation Analysis. Additionally, the diagnostic role of serum HOXD cluster antisense
RNA 2 (HOXD-AS2) was assessed by receiver operating characteristic (ROC) curve analysis. Lastly, TCGA-LUAD samples
were divided into high- and low-HOXD-AS2 expression groups based on the median expression. The associations
between HOXD-AS2 expression and miR-4538 as well as Calmodulin-Dependent Protein Kinase Type Il subunit Beta
(CAMK2B) levels were conducted through Pearson correlation analysis. A comprehensive analysis identified 141 differ-
entially expressed INcRNAs between 539 LUAD tissues and 59 normal samples. A prognostic marker for overall survival
was established by constructing a predictive signature consisting of 9 LRHGs. Subsequently, 474 LUAD samples were
categorized into a high or low-risk group based on the median of the risk score. An independent prognostic model
was constructed to confirm the validity of this categorization. Further comparisons of the clinicopathological features
and LRHG-related pathways were performed between the two groups. Examinations of LRHG expression in two LUAD
clusters and of the association between LRHG expression and immune infiltration were also conducted. HOXD-AS2
expression was shown to be elevated in LUAD tissues compared with matched normal tissues, and the serum HOXD-
AS2 level was also notably increased in LUAD samples compared with healthy controls. The results of the ROC analysis
indicated that the sensitivity and specificity of HOXD-AS2 were higher than that of cytokeratin-19 fragment (CYFRA21-
1), which is a serum marker for LUAD. Pearson analyses indicated that miR-4538 level was negatively associated

with HOXD-AS2 expression, but CAMK2B level showed positive correlation in LUAD. The results of the present study
therefore indicated that the constructed LRHG model, particularly HOXD-AS2, could independently diagnose and pre-
dict the prognosis of LUAD, which suggested the underlying mechanism of the HOXD-AS2/miR-4538/CAMK2B,

and might offer efficient strategies for LUAD treatment.
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Introduction

Lung adenocarcinoma (LUAD) is the most common
pathological type of non-small cell lung cancer (NSCLC),
accounting for~50% of primary NSCLC cases [1, 2].
With the widespread use of low-dose computed tomog-
raphy for early screening and the rapid development of
target drugs for the drivers of genetic changes, the treat-
ment of LUAD has obtained great progress [1]. How-
ever, the 5-year survival rate of patients with LUAD has
still not significantly improved. The LUAD serum tumor
markers, carcinoembryonic antigen, cytokeratin-19 frag-
ment (CYFRA21-1) and neuron-specific enolase (NSE),
are used for clinical diagnosis, but the specificity and
sensitivity of these protein markers are not sufficient [3].
Therefore, LUAD remains a serious public health concern
and the discovery of novel effective diagnostic targets for
these patients is vital.

Long non-coding RNAs (IncRNAs) are RNAs that
are>200 nucleotides in length which do not have
protein-coding capacity. Accumulating evidence has
demonstrated that IncRNAs have a pivotal role in the
modulation of multiple pathological and physiologi-
cal processes via interacting with sponging target micro
(mi)RNAs, transcription factors and proteins [4—6]. It
has been reported that IncRNAs could be regarded as
diagnostic and prognostic markers in LUAD [7-9]. For
instance, IncRNA metastasis-associated lung adenocarci-
noma transcript 1 (MALAT1) is one of the most notable
IncRNA and is significantly promoted in LUAD, where
it promotes cell proliferation, migration and metasta-
sis, leading to LUAD progression [10]. The sensitivity
and specificity of MALAT1 in NSCLC is 0.87 and 0.95,
respectively [11]. In addition, Fan et al. [12] reported
that the expression of IncRNA LITATS1 was reduced in
LUAD tissues compared with matched adjacent normal
tissues, and that patients with low LITATS1 expression
had a poor prognosis. It was also observed that IncRNA
HOXD-AS2 was highly expressed in cisplatin-resistance
A549 cell lines than in cisplatin-sensitive cell lines, pro-
viding a new therapeutic target for patients with LUAD
[13]. Thus, the identification of novel diagnostic and
prognostic IncRNAs has contributed to the early detec-
tion, prognosis monitoring and treatment of patients
with LUAD. However, a large number of IncRNAs have
still not been studied in LUAD.

The present study was aimed to construct a IncRNA-
related hub genes (LRHGs) model to diagnose and pre-
dict prognosis and immune infiltration of patients with
LUAD using multiple databases, advanced bioinfor-
matics tools and statistical methods. Firstly, a LRHGs
model was constructed to investigate the role of LRHGs
in the diagnosis and prognosis of LUAD, using the data-
sets from The Cancer Genome Atlas (TCGA) database.
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Subsequently, the LRHGs associated networks were
enriched based on Gene Set Enrichment Analysis (GSEA)
and Gene Set Variation Analysis (GSVA) to certify their
biological functions and downstream pathways. The
associations between LRHGs expression and the tumor
immune microenvironment were also investigated. Fur-
ther experimental validations were conducted to confirm
the expression levels of the LRHGs and the diagnostic
value of HOXD cluster antisense RNA 2 (HOXD-AS2)
in LUAD. Lastly, it was observed that the HOXD-AS2/
miR-4538/CAMK2B axis plays an extremely important
role in LUAD. Overall, the present study is one of the
few studies to focus on the biological characteristics and
mechanisms of IncRNAs in LUAD, which provides a new
perspective for understanding the progression of LUAD.

Materials and methods

Patients

According to the inclusion and exclusion criteria, a total
of 71 patients diagnosed with LUAD and 60 healthy
controls at The First Affiliated Hospital of Huzhou Uni-
versity (Huzhou, China) from April, 2023 to December,
2023 were enrolled in the present study. The criteria for
patient recruitment included: (a) diagnosed LUAD; (b)
no neoadjuvant therapy; (c) complete basic informa-
tion. We excluded patients who (a) previously combined
with other malignant tumors or other severe diseases;
(b) received radiotherapy, chemotherapy, targeted ther-
apy, or/and other treatments before operation; (c) were
unwilling to participate [14]. The LUAD group contained
37 men and 34 women (age range, 32—87 years; aver-
age age, 63 years). The healthy control group consisted
of 28 men and 32 women (age range, 33—88 years; aver-
age age, 64 years). Serum samples were obtained from
patients on preoperative day 1 and from healthy donors,
and then stored at -80°C until further use. In addition,
total of 21 paired LUAD tissues and adjacent normal tis-
sues were collected. Data on the clinicopathological fea-
tures of patients were also collected. The present study
was approved by The Medical Research and Clinical
Trials Ethics Committee of The First Affiliated Hospi-
tal of Huzhou University (approval no. 2023KYLL014),
in accordance with the Declaration of Helsinki. Written
informed consent was obtained from all patients.

Data acquisition

The RNA-sequencing (RNA-seq) data of 598 speci-
mens consisting of 539 LUAD and 59 normal lung tis-
sues were downloaded from TCGA database (https://
portal.gdc.cancer.gov/) [15]. After eliminating without
complete clinicopathological information and survival
data, 474 patients were included in the further analysis.
The RNA-seq data were subsequently normalized into
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the Fragments Per Kilobase per Million format using
the “easyICGA” package. Then, the batch effects were
revised using the ComBat algorithm. The expression val-
ues for each gene were standardized as z-scores. The clin-
icopathological characteristics of the patients with LUAD
were obtained from the UCSC Xena database (http://
genome.ucsc.edu) [16].

Enrichment analyses of differentially expressed genes
(DEGs)

To identify the potential mechanisms of the DEGs in
LUAD, the RNA-seq data were firstly standardized
using the “limma” package (https://bioinf.wehi.edu.au/
limma/). To construct a reliable prognostic and diagnos-
tic model, |log, fold change (FC)|>0 and P <0.05 served
as the screening criteria, which was consistent with pre-
vious reports [17, 18]. Then, a volcano plot of the DEGs
was constructed using |log,FC|>0 and false discovery
rate (FDR)<0.05 as the criteria for significant differen-
tial expression. The genes with log,FC >0 and FDR <0.05
were considered upregulated genes, and the genes with
log,FC<0 and FDR<0.05 were considered downregu-
lated genes.

Construction and evaluation of a LRHGs model

According to the screening criteria (|log,FC|>0 and
P<0.05), 141 differentially expressed IncRNAs (DELRs)
were obtained and a volcano plot was constructed using
the “ggplot2” package. To investigate the relationship
between the DELRs and overall survival (OS), univariate
Cox regression analysis was conducted. It was observed
that 10 IncRNAs were notably associated with the OS of
patients with LUAD. Least absolute shrinkage and selec-
tion operator (LASSO) was subsequently used to obtain
the LRHGs based on DELR expression through the “glm-
net” package, and deviance and tenfold cross-validation
were conducted [16, 19]. LASSO uses L1 regulariza-
tion which not only contributes to overfitting reduction
but also to selecting characteristics by shrinking certain
coefficients to 0. Lastly, an efficient 9 LRHGs model
was constructed on the basis of the following computa-
tional formula utilizing the LASSO regression algorithm:
Risk scores = 3, coefficient (hub gene;) x IncRNA expression (hub gene,)
‘Coeflicient (hub gene;)’ and ‘IncRNA expression (hub
gene;) represent the LASSO coefficient and correspond-
ing LRHGs expression levels, respectively. The risk score
for each patients with LUAD was calculated using the
computational formula, and the risk score threshold was
measured using the “survminer” package. All patients
with LUAD were divided into the high and low-risk
groups according to the median risk score.
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Prognostic value of the LRHGs model

The OS of the LRHGs high and low-risk groups were
analyzed using Kaplan—Meier (KM) curve (https://
CRAN.R-project.org/package=survival). In addition,
the LRHGs model was evaluated by constructing a
LRHGs expression diagram and a time-dependent ROC
curve based on the risk scores [20]. The area under the
curve (AUC) was also calculated to evaluate the diag-
nostic efficiency for predicting LUAD survival. The
“pheatmap” R package was used to show the distribu-
tion of clinicopathological features, including tumor (T)
stage, node (N) stage, metastasis (M) stage, age, gender,
OS, disease-specific survival (DSS) and progression-
free interval (PFI). Cox regression analysis was used to
determine whether the risk scores were independent
prognostic factors when combined with other clinical
characteristics. A nomogram to predict the OS prog-
nosis for LUAD was developed and validated (https://
CRAN.R-project.org/package=rms) [21]. A calibration
curve was also constructed to evaluate the performance
of the LRHGs model in patients with LUAD [22]. The
sensitivity and specificity of the risk scores model were
evaluated using decision curve analysis (DCA) [23],
which is a simple method to evaluate clinical predictive
models, diagnostic tests and biomarkers.

GSEA

GSEA is a commonly used computational method for
evaluating differentially expressed gene sets between
two groups, such as tumor and normal gene sets [24].
To perform the GSEA, the DEG data from both the
tumor and normal groups were firstly obtained through
the “clusterProfiler” package. The analysis parameters
were as follows: seed for 2022, number of calculations
for 10,000, and at least 10 genes and a maximum of 500
genes for each gene set. The c2.cp.all.v2022.1.Hs.sym-
bols.gmt gene cluster was subsequently downloaded
from the Molecular signatures database 3.0, and KEGG
and Hallmark gene sets served as a reference for path-
way analysis [25]. Finally, the P-value was adjusted by
the Benjamini-Hochberg (BH) method, and P.adj<0.05
and FDR<0.05 were considered as the screening
criteria.

GSVA

GSVA was used to explore the biological processes and
signaling pathways associated with the LRHGs between
tumor and normal samples in TCGA-LUAD datasets
[26]. The P-value was adjusted by the BH method, and
P.adj<0.05 was considered as the screening criteria. The
top 10 pathways were plotted and compared.
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Construction of a IncRNA-RNA binding protein (RBP)
network

The Encyclopedia of RNA Interactomes database
(ENCORIL https://starbase.sysu.edu.cn/) is an open-
source platform for revealing the miRNA-ncRNA,
miRNA-mRNA, ncRNA-RNA, RNA-RNA, RBP-IncRNA
and RBP-mRNA interactions from cross-linking and
immunoprecipitation-seq and degradome-seq datasets
[27]. The RBPs interacting with the LRHGs were pre-
dicted using the ENCORI database and the IncRNA-RBP
network was constructed with the screening criteria,
cluster number > 1.0 using Cytoscape software [28].

Identification of disease subtype

Consensus clustering is an algorithm based on resam-
pling that identifies each sample and its subgroup, and
verifies the rationality of the clustering [29]. To identify
and screen the LRHGs in different LUAD subtypes, the
consensus clustering analysis was performed using the
“ConsensusClusterPlus” package [30]. The consensus
clustering number was set between 2 and 8, and 80% of
the total samples was clustered 50 times. The conditions,
clusterAlg="km” and distance="euclidean” were also
set. The difference was calculated and analyzed using the
Wilcoxon rank sum test and P<0.05 was considered to
indicate a statistically significant difference.

Immune infiltration

The high specificity and sensitivity of the immune cell
phenotype in tumor microenvironment of patients with
LUAD were detected using the single sample (ss)GSEA
algorithm [31]. The fraction scores for 28 immune cell
subtypes were evaluated via CIBERSORT ([32]. Immune
infiltration was analyzed and compared by clustering and
assessing the risk scores of the two groups. The associa-
tions between immune cells in tumor microenvironment
and the LRHGs levels were obtained. A dot plot was then
constructed using the R packages, “ggplot2” or “pheatmap”.

RNA extraction and reverse transcription-quantitative PCR
(RT-gPCR)

Total RNA from tissues and serum samples was isolated
using TRIzol® reagent (Invitrogen; Thermo Fisher Scien-
tific, Inc.). 500 ng RNA was subsequently reverse-tran-
scribed using the PrimeScript’ RT Master Mix (Perfect
Real Time; Takara Biotechnology Co., Ltd.). Briefly, the
10 pl reaction mix was as follows: 500 ng RNA, 2 ul 5X Pri-
meScript RT Master Mix (for Real Time) and RNase free
dH,O. The mixture was incubated for 15 min at 37°C and
for 5 s at 85°C. qPCR analysis was conducted using an ABI
7500 instrument and UltraSYBR Green PCR Master mix
(CWBio), according to the manufacturer’s instructions.
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The reaction conditions were as follows: 95°C for 10 min,
followed by 40 cycles of 95°C for 15 s and 60°C for 1 min.
Gene expression was normalized to 18S ribosomal RNA,
and the relative gene expression levels were calculated
using the 27244 method [33]. The sequences of the prim-
ers (designed and synthesized by Sangon Biotech (Shang-
hai) Co., Ltd.) used for RT-qPCR are listed in Table SI.

ceRNA analysis

We downloaded LUAD gene expression data from the
TCGA database [15] and divided the samples into high-
and low-HOXD-AS2 expression groups based on the
median expression. Differential expression analysis was
performed to identify low expression miRNAs (LEmiR-
NAs) with log,FC<0 and P<0.05, and high expression
mRNAs (HEmRNAs) with log,FC>0 and P <0.05. Pearson
correlation analysis was used to investigate the association
between miR-4538 and HOXD-AS2. Subsequently, we used
the TargetScan [34] and miRWalk [35] databases to predict
the target genes of miR-4538, intersecting these with the
HEmRNASs and a list of necrosis-related genes [36], ulti-
mately identifying CAMK2B as a necroptosis-related gene.
The correlation analysis was also conducted and the Venn
diagram were visualized through the “ggplot2” package.

Statistical analysis

All data analyses were conducted using R software (ver-
sion 4.1.2; (https://mirrors.tuna.tsinghua.edu.cn/CRANY/).
For the comparison of two sets of continuous variables,
the Student’s unpaired t-test was employed. The differ-
ences between non-normally distributed variables were
compared using the Wilcoxon signed-rank test. Compari-
son of the survival between groups was investigated using
KM analysis and the log-rank test. The AUC value was
determined by receiver operating characteristic (ROC)
curve analysis. The correlation between groups was calcu-
lated by Pearson correlation analysis. P <0.05 was consid-
ered to indicate a statistically significant difference.

Results

Identification of the LRHGs

Figure 1 shows a schematic diagram of the methods
conducted in the present study. From TCGA-LUAD
RNA-seq datasets, 141 DELRs were selected for further
analysis and were shown in a volcano plot in Fig. 2A.
Among these DELRs, 105 were upregulated, while the
remaining were downregulated in LUAD (Fig. 2A, Table
SII). To identify the LRHGs, the relationship between
the 141 DELRs levels and the OS of patients with
LUAD was firstly determined by univariate Cox regres-
sion analysis. The results revealed that the 10 IncRNAs
(AC004687.1, AC074011.1, AC090371.1, AC100781.1,
AC110285.1, AL596087.2, AP000322.2, AP004609.1,
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Fig. 1 Schematic diagram of the present study. TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; LASSO, least absolute shrinkage
and selection operator; INCRNA, long non-coding RNA; LRHGs, IncRNA-related hub genes; ROC, receiver operating characteristic; KM, Kaplan-Meier;
DEGs, differentially expressed genes; GSEA, Gene Set Enrichment Analysis; GSVA, Gene Set Variation Analysis

HOXD-AS2 and LINCO02779) expressions were closely
associated with the prognosis of patients with LUAD.
LASSO was subsequently used to identify the LRHGs
based on DELR expression through the “glmnet” pack-
age. It was observed that the key LRHGs model con-
sisted of 9 optimal LRHGs: AC004687.1, AC074011.1,
AC100781.1, AC110285.1, AL596087.2, AP000322.2,
AP004609.1, HOXD-AS2 and LINC02779 (Fig. 2B).
Moreover, a variable trajectory diagram of the 9 LRHGs
was analyzed and visualized (Fig. 2C). To construct the
risk score formula, the expression level of each of these
9 optimal LRHGs was weighted and represented as its

corresponding regression coefficient. In addition, the over-
all risk score for each patient was calculated using the total
weighted values, which has been widely used and validated
in medicine [37]. Therefore, the designed risk score formula
was as follows: Risk score=(AC004687.1x0.7750717) +
(AC074011.1 x 0.03097888) + (AC100781.1 X 1.36442837)
+ (AC110285.1 x -1.24924136) + (AL596087.2 X
1.24701852) + (AP000322.2 x 21.393488) + (AP004609.1 X
0.84695884) + (HOXD-AS2 x -0.75041734) + (LINC02779
X 2.38601789). The median risk score was then obtained
according to the scores calculated for each sample. Subse-
quently, the samples were divided into high and low-risk



Lietal. BMC Cancer  (2024) 24:1371

Page 6 of 21

A B
Up = Not sig * Down 1010999999999999999888 86520
‘ 3 X i
41 | £124- : :
6 | 8 | |
3 ¥ Y S 1231 | |
> f Q"r e I 1111
e; 21 AR = = 1224 |11l : 14111 !
S - ' I3} 79909999090 00000000000000009%T
&b =4 ! :
SEEE = 1211 | i
= ! -
] ]
0 4 Down 36I , : E 12.0 1 : :
05 0.0 05 -6 5 -4 3
Log, (Fold Change) Log (Lambda)
C D 4
o 3 Risk group
9 9 9 6 § 2 a LQW
25— v 1 High
—~— @ 0
20 1 T &
3 g { ] Status
§ 15 1 - 6000 . . 0
Q ™
l7 L] Hl (Y
© 5 \ (% 0 S
— LINC02779 3
; ; ; - HOXD-AS2 2
% &5 4 3 AP004609. 1 (1)
Log ) AP000322.2 1
AL396087.2 b2
AC110285.1 -3
AC100781.1
AC074011.1
AC004687.1

Fig. 2 Construction of a LRHGs model. A Volcano plot of the LRHGs in TCGA-LUAD datasets. B LRHGs model diagram following LASSO regression. C
Variable trajectory diagram of the LASSO regression. D Risk factor map for the LRHGs model. TCGA, The Cancer Genome Atlas; LASSO, least absolute
shrinkage and selection operator; LUAD, lung adenocarcinoma; LRHGs, long non-coding RNA-related hub genes

groups based on the median (Fig. 2D). Compared with the
high-risk group, the OS of the low-risk group indicated a
relatively improved prognosis for these patients (Fig. 2D).

Prognosis significance of the LRHGs in LUAD

To further investigate the expression of the 9 LRHGs,
TCGA-LUAD datasets were analyzed. It was observed
that AC100781.1, AC110285.1, AL596087.2 and
HOXD-AS2 levels were abnormally expressed in LUAD
(P<0.001; Fig. 3A). Among these LRHGs, the expres-
sion levels of AC110285.1, AL596087.2 and HOXD-AS2
were upregulated, while AC100781.1 was downregulated
in LUAD (Fig. 3A). To evaluate the role of AC100781.1,
AC110285.1, AL596087.2 and HOXD-AS2 in the diag-
nosis of LUAD, the AUC values were determined, which
were 0.626, 0.755, 0.774 and 0.683 for AC100781.1,
AC110285.1, AL596087.2 and HOXD-AS2, respectively,

demonstrating the signature had a comparatively good
prediction value (Fig. 3B and C). In addition, according to
the risk scores, the 1, 3 and 5-year OS AUCs were 0.683,
0.623 and 0.601, respectively (Fig. 3D), suggesting that
the signature had a relatively good diagnostic value.
Moreover, the OS of patients in the high and low-
risk groups were analyzed using KM plotter. As the
expression levels of AC100781.1, AP000322.2 and
LINCO02779 were low, these data were excluded from
the analysis. The risk score of the remaining LRHGs
was analyzed. It was revealed that the high-risk group
patients had a poor prognosis (P <0.001; Fig. 3E). Sub-
sequently, the relationships between the AC004687.1,
AC074011.1, AC110285.1, AL596087.2, AP004609.1
and HOXD-AS2 expression levels and OS were inves-
tigated. The data showed that the patients with higher
AC074011.1 and AL596087.2 expression levels had a
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**P<0.01,***P<0.001, ns, not significant. LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; KM, Kaplan-Meier; OS, overall survival;
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antisense RNA 2

poor prognosis (P=0.027 and P=0.012, respectively;
Fig. 3G and I), while patients with higher HOXD-AS2
expression had an improved prognosis (P=0.004;
Fig. 3K). The remaining LRHGs were not significantly
associated with the OS of patients (Fig. 3F-]). These
results suggested that the LRHGs were notably distin-
guished the risk level in different groups, and therefore
the signature may be an independent prognostic indica-
tor in patients with LUAD.

Clinical significance of the LRHGs in TCGA-LUAD

To investigate the clinical significance of the LRHGs in
the high and low-risk groups in TCGA-LUAD datasets,
data on all clinicopathological factors, including T stage,
N stage, M stage, stage, age, sex, OS, DSS and PFI, were
collected and analyzed. It was revealed that T stage, N
stage, M stage, stage, sex, OS and DSS were statistically
varied in the two groups (Fig. 4A-I). However, age and
PFI were not significantly different (Fig. 4E, I and Table
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LRHGs, long non-coding RNA-related hub genes; DCA, decision curve analysis

SIII). In addition, the univariate Cox regression analy-
sis indicated that the 9 LRHGs were closely associated
with the OS of patients with LUAD (P<0.05; Fig. 5A and
Table 1), which served as an independent prognostic indi-
cator in LUAD. A nomogram was further constructed to

forecast the LUAD 1, 3, and 5-year survival. It was dem-
onstrated that the value of AP000322.2 was notably var-
ied compared with the rest of the 8 LRHGs (Fig. 5B). In
addition, to evaluate the predictive efficacy of the LRHGs
model, calibration curves were constructed. The findings
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Table 1 COX analysis of dataset TCGA-LUAD
Factor Univariate analysis Multivariate analysis

Hazard ratio (95% ClI) P value Hazard ratio (95% Cl) P value
AC004687.1 1.19[1.01—141] 0.0409 1.11[0.912—1.35] 0.301
AC074011.1 1.98 [1.04—3.77] 0.0375 1.13[0.527—2.43] 0.752
AC100781.1 10.7 [4.28—26.9] 4.05E-07 3.79[1.08—133] 0.038
AC110285.1 0.343 [0.125—0.94] 0.0375 0.169 [0.0524—0.542] 0.0028
AL596087.2 3.12[1.19—82] 0.021 4.76[1.81—12.5] 0.0016
AP000322.2 3.3e+09 [3720—2.92e +15] 0.00171 5.5e+10[51500—5.86e +16] 0.000479
AP004609.1 335[1.1—10.2] 0.0338 3.5[0.869—14.1] 0.0781
HOXD.AS2 0.335 [0.124—0.906] 0.0312 0.337[0.121—0.935] 0.0367
LINC02779 56.3 [8.52—372] 2.86E-05 14.6 [1.36—156] 0.0268

observed that the predicted survival rates were consist-
ent with the observed 1, 3, and 5-year survival rates, and
that the 5-year prediction was more consistent than the
3 and 1-year predictions (Fig. 5C-E). Finally, a DCA was
conducted to evaluate the clinical effectiveness of the 1,
3, and 5-year predictive signatures, and the findings also
showed that the 5-year prediction was more consistent
than the 3 and 1-year predictions (Fig. 5F-H). The afore-
mentioned results verified that the LRHGs were linked to
the OS of patients with LUAD in the constructed predic-
tive model.

Identification of LRHG-associated pathways

To identify the relationship between expression of the
LRHGs and the underlying mechanism in LUAD, LRHG-
associated pathways were identified by GSEA. It was
observed that expression of the LRHGs was associated
with tumor-associated pathways, such as the ‘integrin
4’ [normalized enrichment scores (NES)=-2.009 and
nominal P=0.045), ‘advanced-glycosylation end product
receptor signaling’ (NES=-2.018 and nominal P=0.037),
‘mitochondrial-translation’ (NES=1.707 and nominal
P<0.001) and ‘fatty-acid metabolism’ (NES=1.485 and
nominal P=0.006) pathways (Fig. 6A-E and Table SIV),
leading to tumor metastasis and abnormal metabolism.
Following GSVA enrichment analysis, the top 10 posi-
tively enriched pathways included ‘breast cancer luminal,
‘farmer breast cancer cluster, ‘thyroid cancer poor sur-
vival, ‘cell cycle; ‘reactome phosphorylation, ‘aging mid-
dle; ‘DNA replication, ‘unwinding, ‘breast cancer kinome’
and ‘crosby-E2F4 targets’ (Fig. 6F, 6G and Table SV). The
top 10 negatively enriched pathways included ‘prostate
cancer, ‘erythrocytes take up oxygen and release car-
bon dioxide, ‘muscarinic acetylcholine receptors; ‘alveo-
lar epithelium; ‘ficolins bind to repetitive carbohydrate
structures on the target cell surface, ‘hypoxia; ‘ligand

receptor interactions, ‘LDL pathway, ‘defective CSF2RB
causes SMDP5] and ‘activated NTRK2 signals through
PI3K’ (Fig. 6F, G and Table SV). These results revealed
that the LRHGs probably promoted tumor progression
via influencing cell cycle or DNA replication in LUAD.

Construction of a IncRNA-RBP interaction network

The ENCORI database was used to explore the interac-
tions between the LRHGs and RNA binding proteins
(RBPs). A IncRNA-RBP interaction network was subse-
quently visualized using Cytoscape software (Fig. 7 and
Table SVI). The IncRNA-RBP interaction network was
composed of 5 LRHGs and 40 RBPs (Fig. 7 and Table
SVI).

Construction of a LUAD-associated cluster subtype

To investigate the expression of the LRHGs in LUAD-
associated subtypes, the consistent clustering method
was conducted using the “ConsensusClusterPlus” pack-
age. Subsequently, two LUAD clusters (clusters 1 and
2) were identified and analyzed (Fig. 8A). Among them,
cluster 1 contained 362 LUAD cases and cluster 2 con-
tained 177 cases. The cumulative distribution func-
tion (CDF) curve of consistent clustering and the Delta
curve of the CDF were also visualized (Fig. 8B and C).
As shown in Fig. 8B, the result of consistent cluster-
ing was the best when k=2 recognized as the number
of unsupervised clusters. Additionally, the differential
expressions of the 9 LRHGs in the two LUAD clusters
were determined by the “pheatmap” package, and it was
revealed that the expression of AC004687.1 in cluster 2
was notably increased compared with in cluster 1, while
the remaining LRHG levels were not different (Fig. 8D).
Then, principal component analysis was performed and
it was showed that the LRHGs levels in the two LUAD
clusters were significantly varied (Fig. 8E). As shown in
Fig. 8F, the expression levels of AC004687.1, AC074011.1,
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AC110285.1 and AP004609.1 in cluster 2 were higher
than that in cluster 1. The stromal score, immune score,
estimate score and tumor purity of the two LUAD clus-
ters were further determined by the “estimate” package. It
was observed that the three score types and tumor purity
were markedly changed (Fig. 8G-J).

Immune infiltration profile

To investigate the association between the LRHGs and
immune function, immune cell subgroup analysis was
conducted by the ssGSEA algorithm. It was indicated that
23 immune cells (activated B cells, activated CD4 T cells,
activated dendritic cells, CD56 dim natural killer cells,
central memory CD4 T cells, central memory CD8 T
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cells, effector memory CD4 T cells, effector memory CD8
T cells, eosinophil, y§ T cells, immature B cells, imma-
ture dendritic cells, macrophages, mast cells, myeloid-
derived suppressor cells, monocytes, natural killer cells,
natural killer T cells, neutrophils, plasmacytoid den-
dritic cells, T follicular helper cells, type 1 T helper cells
and type 2 T helper cells) were notably varied between
the LUAD and matched normal tissue groups (Fig. 9A).
Possible correlations between the 23 immune cells and
other immune cells were subsequently determined. The
findings revealed that the infiltration abundance of the
23 immune cells was positively correlated with the other
immune cells (Fig. 9B). Meanwhile, the correlations
between the infiltration abundance of the 23 immune
cells and the 9 LRHGs levels were investigated. It was
showed that expression of 3 of the LRHGs (AC110285.1,
AP004609.1 and HOXD-AS2) was observably nega-
tive correlation with the infiltration abundance of the
23 immune cells (Fig. 9C), while AC004687.1 expression
was positively correlated (Fig. 9C). However, the expres-
sion of AP000322.2 was not significantly associated with
the infiltration abundance of the 23 immune cells (data
not shown). To further certify the aforementioned find-
ings, the correlations between the infiltration abundance
of immune cells and expression of the LRHGs were

(See figure on next page.)

investigated by the CIBERSORT algorithm. It was dem-
onstrated that several immune cells infiltration occurred
in the tumor group, including resting dendritic cells,
eosinophils, MO macrophages, M1 macrophages, M2
macrophages, resting mast cells, monocytes, neutrophils,
resting NK cells, plasma cells, activated memory CD4 T
cells, resting memory CD4 T cells, T follicular helper cell
and regulatory T cells (Fig. 9D). However, the infiltration
abundance of the 15 immune cells was negatively associ-
ated with the other immune cells, and expression of the 9
LRHGs was positively or negatively linked to the infiltra-
tion abundance of the 15 immune cells (Fig. 9E and F).
These results demonstrated that the LRHGs were notably
correlated with the tumor immune microenvironment in
LUAD.

Validation of LRHG expression

To verify the expression levels of the LRHGs in LUAD,
the mRNA levels of the LRHGs in 21 paired LUAD and
matched normal lung tissues were quantified using RT-
qPCR. Consistent with the expression pattern of the
LRHGs in TCGA datasets, it was observed that HOXD-
AS2 was highly expressed in LUAD tissues compared
with the matched normal tissues (P<0.001; Fig. 10A and
B). However, the expression levels of the other LRHGs

Fig. 8 Identification of LUAD-associated subtypes. A Consistent clustering graph (k= 2). B CDF curve of consistent clustering. C Delta curve

of the CDF. D Heatmap of the LRHGs expression in clusters 1 and 2. E PCA of the LRHGs in clusters 1 and 2. F Comparison of the LRHGs expression
in clusters 1 and 2. G Stromal score. H Immune score. | Estimate score. J Tumor purity. *P <0.05, **P<0.01, **P<0.001, ns, not significant. TCGA, The
Cancer Genome Atlas; LUAD, lung adenocarcinoma; LRHGs, long non-coding RNA-related hub genes; CDF, Cumulative Distribution Function; PCA:

Principal Component Analysis
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(AC100781.1, AC004687.1, AC110285.1, AC074011.1,
AL596087.2, AP000322.2, AP004609.1 and LINC02779)
were not different between the LUAD tumor and
matched normal tissues (Fig. 10A). Further analysis
indicated that patients with LUAD with high HOXD-
AS2 expression had a shorter OS [n=601; hazard ration
(HR)=1.44; P=0.023] and recurrence-free survival
(n=366; HR=1.6; P=0.038) time than patients with low
HOXD-AS2 expression (Fig. 10C and D).

Diagnostic role of HOXD-AS2 in LUAD

To explore the diagnostic role of HOXD-AS2, the serum
HOXD-AS2 levels of patients with LUAD and healthy
donors were firstly detected. It was demonstrated that
serum HOXD-AS2 expression was significantly upreg-
ulated in patients with LUAD compared with in the
healthy controls (P<0.001; Fig. 11A). Additionally, the
associations between serum HOXD-AS2 levels and
the clinicopathological characteristics of patients with
LUAD were investigated. The results revealed that the
serum HOXD-AS2 level was closely associated with the
TNM stage, lymph node metastasis and tumor differ-
entiation (P<0.01; Fig. 11B-D). However, there were no
associations with sex, age, smoking history and tumor
size (Table 2). Finally, ROC curve analysis revealed that
the AUC of HOXD-AS2 (0.825) was higher than that of
CYFRA21-1 (0.618), and the sensitivity and specificity of
HOXD-AS2 were 0.765 and 0.867, respectively (Fig. 11E).
However, the sensitivity and specificity of CYFRA21-1
were only 0.632 and 0.511, respectively. These data sug-
gested that serum HOXD-AS2 could serve as a novel bio-
marker for the early diagnosis of LUAD.

CeRNA analysis of HOXD-AS2 in LUAD

Based on the competing endogenous RNA (ceRNA)
mechanism [38], we categorized the TCGA-LUAD
samples into high- and low-HOXD-AS2 expression
groups based on the median expression. Differential
analysis was subsequently conducted to identify differ-
entially expressed miRNAs and mRNAs. miRNA with
log,FC<0 and P<0.05 was classified as a low expres-
sion miRNA (LEmiRNA), while mRNA with log,FC>0
and P.adj<0.05 was used as a high expression mRNA

(See figure on next page.)
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(HEmRNA). Ultimately, three eligible LEmiRNAs were
identified, including miR-93, miR-4538, and miR-6859—4.
Pearson correlation analysis was used to investigate the
associations between HOXD-AS2 and those three miR-
NAs. It was indicated that miR-4538 showed notably
negative correlation with HOXD-AS2 (Fig. 12A), but
miR-93 and miR-6859—-4 had not correlation (data not
shown). Subsequently, the targeted mRNAs of miR-4538
were conducted using the TargetScan [34] and miRWalk
[35] databases, integrating the HEmRNAs and a list of
genes associated with necrosis to create a Venn diagram
(Fig. 12B). CAMK2B, a gene related to necroptosis, was
identified and exhibited a strongly positive correlation
with HOXD-AS2 (Fig. 12C). These data implied that a
potential regulatory network of HOXD-AS2/miR-4538/
CAMK2B in LUAD progression, providing a novel thera-
peutic target for this disease.

Discussion

LUAD is the most common histopathological subtype
of lung cancer that threatens younger female individu-
als who do not smoke, and its incidence of morbidity
and mortality is persistently increasing yearly [1]. At
present, although the clinical treatment for LUAD has
achieved encouraging progress, treatment still fails to
improve the outcome of patients with LUAD. There-
fore, identifying novel potential biomarkers for LUAD
is important for the early diagnosis, prognosis manage-
ment and therapy development. Increasing evidence
has revealed that disease-related IncRNA signatures
have a critical role in the diagnosis, prognosis, progres-
sion and tumor immune microenvironment in LUAD,
providing a new perspective for prognostic prediction,
personalized immune intervention and therapeutic
regimens in LUAD [39-42]. However, the function of
LRHGs in LUAD has not been fully understood. In the
present study, the DELRs associated with LUAD pro-
gression were evaluated, and a comprehensive analysis
was conducted to screen candidate LRHGs. Then, a
corresponding IncRNA-RBP interaction network was
constructed to study the potential underlying mecha-
nisms of the LRHGs, and a LRHG-associated diagnostic
and prognostic model were also built, which showed to
provide a trustworthy diagnostic and prognostic model

Fig. 9 Immune infiltration analysis. A Immune infiltration analysis using single sample Gene Set Enrichment Analysis. B Correlation analysis
between the infiltration abundance of 28 immune cells and other immune cells. C Correlation analysis between the infiltration abundance

of 28 immune cells and expression of the LRHGs. D Immune infiltration analysis using CIBERSORT. E Correlation analysis between the infiltration
abundance of 15 immune cells and other immune cells. F Correlation analysis between the infiltration abundance of 15 immune cells

and expression of the LRHGs. *P < 0.05, **P < 0.01, ***P <0.001, ns, not significant. LRHGs, long non-coding RNA-related hub genes; CIBERSORT, cell

type Identification By Estimating Relative Subtypes Of RNA Transcripts
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Fig. 10 Verification of the LRHGs expression level. A RT-gPCR analysis of the mRNA levels of the LRHGs in 21 paired LUAD tumor and normal
tissues. B RT-gPCR analysis of the HOXD-AS2 mRNA level in 21 paired LUAD tumor and normal tissues. C KM analysis of the overall survival data
from TCGA-LUAD datasets containing 601 patients. D KM analysis of the recurrence-free survival data from TCGA-LUAD datasets containing 366
patients. ***P <0.001. KM, Kaplan-Meier; LUAD, lung adenocarcinoma; HOXD-AS2, HOXD cluster antisense RNA 2; TCGA, The Cancer Genome Atlas;
LRHGs, long non-coding RNA-related hub genes; RT-qPCR, reverse transcription-quantitative PCR

for patients with LUAD. Moreover, LRHG- associated
networks based on GSEA and GSVA were identified
to certify their affected signaling pathways, revealing
promising mechanisms linked to LUAD progression.
Studies have previously demonstrated that a disease-
related IncRNA model was constructed using LASSO
algorithm for predicting the prognosis, diagnosis, clini-
cal outcome, immune landscape and progression based
on TCGA datasets [41, 43, 44]. The 16 tryptophan

metabolism-associated IncRNA prognostic model was
constructed based on TCGA-LUAD datasets (the train-
ing cohort) and Gene Expression Omnibus (GEO) data-
base (the validation cohort) [41]. Jiang et al. a novel
anoikis-related IncRNA signature was developed using
LASSO algorithm for predicting the prognosis and
immune response in pancreatic adenocarcinoma. In the
present study, a novel LRHGs model was constructed
for predicting the diagnosis and prognosis of LUAD.
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fragment

The univariate and multivariate Cox regression analyses
indicated that 9 LRHGs were closely associated with the
prognosis of patients with LUAD. Previous study indi-
cated that AC004687.1 was related with tumor progres-
sion and served as a prognostic marker to predict the
prognosis and tumor immunity of patients with LUAD
[45]. Xu et al. [46] found that AC074011.1 was related
with tumor immunity and constructed a immune-related

IncRNAs prognostic risk signature for predicting the
prognosis of patients with colon cancer. These findings
suggest that the identified 9 LRHGs may be promising
prognostic and diagnostic markers for LUAD, providing
novel targets for the research and development commer-
cial reagent kits.

The enrichment analyses of the 9 LRHGs revealed that
integrin 4, advanced glycosylation end product receptor,
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Table 2 Association between HOXD-AS2 level and
clinicopathological characteristics of patients with lung
adenocarcinoma

Features n HOXD-AS2 t P-value
(mean+SEM)

Sex 1.368 0.176
Male 37 247+041
Female 34 3.32+£048

Age (years) 0.050 0.960
>65 35 2.89+044
<65 36 2.86+044

Smoking history 1057  0.29%
Never 33 3.23+£046
Ever 38 257+043

Tumor size (cm) 0320 0750
>3 26 3.00+0.59
<3 45 2.80+0.36

Tumor differentiation 3368  0.001
Well/Moderate 52 2.28+022
Poor 19 450+£092

TNM stages 8.942 <0.001
[+l 50 1.58+0.11
M+1v 21 572+067

Lymphovascular invasion 5523 <0.001
Present 15 2.12£0.21
Absent 56 5.67+0.96

mitochondrial translation and fatty acid metabolism
signaling pathways were identified. Past researches had
revealed that LRHGs levels were tightly associated with
these tumourigenesis and immune-related pathways [47,
48]. Among them, the integrin pathway has a notable role
in a number of biological functions, such as metastasis,
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tumor growth and immune escape [49, 50]. Wei et al. [51]
found that IncRNA PVT1 expression was positively cor-
related with integrin -8, and that knockdown of PVT1
suppressed NSCLC progression by regulating the miR-
145-5p/integrin -8 axis and inhibiting the MEK/ERK
signaling pathway, implying the mechanism of PVT1 acts
as a ceRNA network in NSCLC progression. In addition,
mitochondrial translation and fatty acid metabolism are
essential to the progression of LUAD. Numerous studies
had demonstrated that high rates of oxidative phospho-
rylation and fatty acid oxidation exist in tumors [52—54].
Therefore, the aforementioned results indicated that the
identified 9 LRHGs promoted the progression of LUAD
by influencing the aforementioned 4 signaling pathways.
In the present study, patients with LUAD were assigned
to a high or low-risk group based on the median risk
score. The constructed nomogram implied that the
LRHGs had a particularly marked predictive efficacy.
Additionally, the difference of the 9 LRHGs levels was
analyzed and verified in two LUAD clusters and our col-
lected samples. It was observed that the LRHGs levels
were differentially expressed in the two LUAD clusters.
Further tumor microenvironment analysis indicated that
the stromal, immune and estimate scores were higher
in cluster 1 than in cluster 2, suggesting that antitumor
immunotherapy may have a more optimal therapeutic
effect in patients in cluster 1. Moreover, the results of the
ssGSEA algorithm also implied that the infiltration abun-
dance of 23 immune cells was positively associated with
other immune cells. Studies have previously revealed the
critical roles of the tumor microenvironment in modu-
lating immune escape and tumor malignancies [55, 56].
Immune cells within the tumor microenvironment can
promote an immune response through interacting with
other immune cells, contributing to an extensive impact
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Fig. 12 CeRNA analysis of HOXD-AS2 in LUAD. A Pearson correlation analysis was used to investigate the association between miR-4538
and HOXD-AS2. B A Wayne diagram conducted in conjunction with the TargetScan database, the miRWalk database, the HEMRNAs
and the necroptosis-related gene list. C Pearson correlation analysis was used to investigate the association between CAMK2B and HOXD-AS2
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on tumor progression and metastasis [57]. Liu et al. [58]
found that the six disulfidptosis-related IncRNA signa-
tures were tightly associated with immune escape by
influencing immune cell proportion, including T fol-
licular helper cells and MO macrophages. Overall, these
findings implied that the constructed LRHGs model has
provided a potential guidance for the administration of
immune checkpoint inhibitors.

Furthermore, to explore the potential mechanism of
HOXD-AS2 via a ceRNA network in LUAD [38], it was
indicated that a potential regulatory network involving
miR-4538 and CAMK2B was identified. The negative
correlation between HOXD-AS2 and miR-4538 sug-
gested that HOXD-AS2 was used as a molecular sponge
through sequestering miR-4538 and thereby modulating
the target gene expressions, underscoring the complex
regulatory mechanisms between non-coding RNAs and
their target gene expressions in cancer [59]. CAMK2B,
identification as a necroptosis-related gene, was posi-
tively correlated with HOXD-AS2 and played a critical
role in calcium signaling pathways in various cancers [60,
61]. These data suggest that the HOXD-AS2/miR-4538/
CAMK2B axis presents a promising avenue for further
research and potential therapeutic intervention in LUAD.

Taken together, the discovery of the 9 LRHGs has
contributed to the investigation of a more result-
ful and personalized therapeutic strategy for patients
with LUAD. There is no doubt that this research has
several limitations. For instance, findings were based
on the TCGA database without large clinical sam-
ples validation. Additionally, the TCGA-LUAD sam-
ples were mainly from North America and therefore
potential biases existed in the patient selection. More
diverse and multi-regional samples will be collected in
the future. Although we conducted some experimental
validations, there is a lack of more in-depth experimen-
tal validations. Further gain or loss of function experi-
ments should be conducted to explore the correlations
between LRHGs levels and associated signaling path-
way as well as immune cell infiltration, especially focus-
ing on HOXD-AS2. Combined with single-cell RNA
sequencing, we will provide more intuitive cell-specific
data, contributing to understand the role of HOXD-
AS2 in tumor evolution and immune escape. Lastly, the
role and particular mechanism of HOXD-AS2/miR-
4538/CAMK2B axis in LUAD progression remain to be
further investigated.

In summary, the present study constructed a LRHGs
model using integrated bioinformatics analyses to serve
as an independent prognostic and diagnostic predictor
for patients with LUAD. Underscoring the HOXD-AS2/
miR-4538/CAMK?2B axis as the potential mechanism in
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LUAD progression, offering a new perspective for prog-
nosis monitoring and targeted therapy in LUAD.
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