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Adenocarcinoma of the lung is a type of non-small cell lung cancer (NSCLC). Clinical outcome is associated with
tumor grade, stage, and subtype. This study aimed to identify RNA expression profiles, including long noncod-
ing RNA (IncRNA), microRNA (miRNA), and mRNA, associated with clinical outcome in adenocarcinoma of the
lung using bioinformatics data.

The miRNA and mRNA expression profiles were downloaded from The Cancer Genome Atlas (TCGA) database,
and IncRNA expression profiles were downloaded from The Atlas of Noncoding RNAs in Cancer (TANRIC) data-
base. The independent dataset, the Gene Expression Omnibus (GEO) accession dataset, GSE81089, was used.
RNA expression profiles were used to identify comprehensive prognostic RNA signatures based on patient sur-
vival time.

From 7,704 IncRNAs, 787 miRNAs, and 28,937 mRNAs of 449 patients, four joint RNA molecular signatures
were identified, including RP11-909N17.2, RP11-14N7.2 (IncRNAs), MIR139 (miRNA), KLHDC8B (mRNA). The
random forest (RF) classifier was used to test the prediction ability of patient survival risk and showed a good
predictive accuracy of 71% and also showed a significant difference in overall survival (log-rank P=0.0002; HR,
3.54; 95% Cl, 1.74-7.19). The combined RNA signature also showed good performance in the identification of
patient survival in the validation and independent datasets.

This study identified four RNA sequences as a prognostic molecular signature in adenocarcinoma of the lung,
which may also provide an increased understanding of the molecular mechanisms underlying the pathogene-
sis of this malignancy.

Biological Markers ¢ Carcinoma, Non-Small-Cell Lung ¢ MicroRNAs ¢ RNA, Long Noncoding ¢
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Background

Worldwide, adenocarcinoma is the most common type of lung
cancer and is classified as a types of non-small cell lung cancer
(NSCLC). The clinical outcome is associated with tumor grade,
stage, and subtype, and metastases may occur before diagno-
sis leading to reduced patient survival [1]. Therefore, there is
a need to identify prognostic biomarkers of adenocarcinoma
of the lung to improve treatment planning. In the era of high-
throughput genomics, efforts have been made to identify mo-
lecular prognostic biomarkers using data on adenocarcinoma
of the lung [2-5]. However, there has been some controversy
regarding the validity and reproducibility of molecular prog-
nostic biomarkers. Some valid mRNAs and noncoding RNAs
have been identified in lung cancer. For example, an eight mi-
croRNA (miRNA) signature was shown to be an independent
prognostic marker that predicted overall survival (0S), which
was based on a study of miRNA expression in lung cancer sam-
ples from 373 lung cancer patients and clinical data from The
Cancer Genome Atlas (TCGA) [6].

Dysregulation of long noncoding RNA (IncRNA) is associated
with the occurrence of adenocarcinoma of the lung, and
some IncRNAs have been identified as prognostic molecular
biomarkers. A 64 IncRNA molecular prognostic signature was
identified that could distinguish between normal lung tissue
and adenocarcinoma of the lung using the Affymetrix Human
Genome U133 Plus 2.0 microarray [7]. An eight IncRNA molec-
ular prognostic signature and a nine IncRNA molecular relapse-
associated signature were identified in adenocarcinoma of the
lung using re-annotated Affymetrix array probe sets to the hu-
man genome [8,9]. Until recently, most of the mRNAs, miRNAs,
and IncRNAs have been identified by single types of data pro-
files [10-13], there have been few studies that have integrated
multiple RNA expression profiles to identify RNA molecular sig-
natures, which still need to be explored further [14,15].

In the present study, the method of combined RNA expression
was used to identify prognostic biomarkers in adenocarcinoma
of the lung to develop a prognostic model for patient survival.
The basis for the identification of combined molecular prog-
nostic biomarkers is based on the finding that if a gene can
act as an independent biomarker of prognosis, a set of genes
might represent a combined or more representative prognos-
tic effect. Genes expressed in adenocarcinoma of the lung can
be individually selected on the basis of fold-change, log-rank
test, and patient spectral similarity methods to obtain candi-
date genes. Univariate and multivariate Cox regression anal-
ysis can then be used to identify the combined gene signa-
tures associated with the development of adenocarcinoma of
the lung and to identify the gene biomarkers were found. The
random forest classification method tests the effectiveness of
the classification in terms of patient prognosis. In the present
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study, one validation dataset and one independent dataset, the
Gene Expression Omnibus (GEO) accession dataset, GSE81089,
was used [16]. Combined biomarkers can be used to identify
patients with good and poor prognosis, based on clinical fac-
tors, including the tumor grade and stage.

Therefore, this study aimed to identify RNA expression profiles,

including IncRNA, miRNA, and mRNA, to develop a combined
prognostic molecular signature in adenocarcinoma of the lung.

Material and Methods

Patients cohorts with adenocarcinoma of the lung

Data from patients with adenocarcinoma of the lung, includ-
ing the microRNA (miRNA), and mRNA expression profiles
were downloaded from The Cancer Genome Atlas (TCGA) da-
tabase [17]. Long noncoding RNA (IncRNA) expression pro-
files were downloaded from The Atlas of Noncoding RNAs in
Cancer (TANRIC) database [18]. The data of mRNAs, miRNAs,
and IncRNAs with expression values <1 in two-thirds of the
sample were excluded from the profile. Finally, 7,704 IncRNAs,
787 miRNAs, 28,937 mRNAs of 449 patients were analyzed.

Identification of the candidate high-risk genes

There was 70% of the patient expression data selected as the
training dataset and the test dataset for cross-validation, and
the remainder were used as the validation dataset. Genes were
identified as candidate high-risk genes that showed significantly
different expression levels among the patients with adenocar-
cinoma of the lung, which affected patient prognosis, and re-
duced overall patient survival. The patients were divided into
two groups, high-risk and low-risk, according to the median
candidate gene expression. For each gene, the patients were
divided into two groups according to the median expression
level in the training dataset and the test dataset, and differ-
ential gene expression between these two patient groups was
determined according to its fold-change value (fold-change >2,
or fold-change <0.5). For each differentially expressed gene,
the gene was evaluated for an associated significant survival
difference between the two groups by using the log-rank test
(p<0.05), to identify the genes for further analysis. Patients
were expected to have high heterogeneity for all genes, and
the candidate high-risk genes were expected to show signifi-
cantly different expression levels and associated patient sur-
vival times. Therefore, any two patient groups with high gene
expression levels were compared. If there was at least one
overlap in the number of patients that was >40% of the total
number of the patients, then the gene was identified as a can-
didate high-risk gene.
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Construction of the prognostic prediction model based on
the combined RNA signature

Cox regression analysis was used to assess the effect of expres-
sion of the candidate high-risk genes on overall survival. Univariate
Cox regression analysis was used to test the association be-
tween mRNA, miRNA, IncRNA expression levels and overall pa-
tient survival in the training dataset. Genes with expression lev-
els that were significantly correlated with the overall survival of
the patients (p<0.05) were selected. To assess the relative con-
tribution of predictive genes for survival prediction, they were
examined by a multivariate Cox regression analysis with overall
survival as the independent variable and the significant genes
were subsequently analyzed. Based on the expression of these
genes, a combined signature was identified to build a prognostic
model of risk by the linear combination of the expression levels
of predictive genes with the multivariate Cox regression coeffi-
cient as the weight. This prognostic model calculated an expres-
sion-based risk score for each patient and was used to classify
patients into a high-risk group and a low-risk group using the
median risk score, and used receiver operating characteristic
(ROC) area under the curve (AUC) to evaluate the performance
with 10-fold cross-validation using the R package of pROC [19].

Statistical analysis

Kaplan-Meier analysis was used to determine the survival time
to predict low-risk and high-risk patients, and the two-sided
log-rank test was used to assess the differences between the
low-risk group and the high-risk group using the R survival
package. The hazard ratio (HR) and 95% confidence interval
(Cl) were determined using the Cox proportional hazard regres-
sion model and multivariate analysis was performed to deter-
mine whether the prognostic model was independent of other
clinical variables, adjusting for risk score, patient age, tumor
grade, and tumor stage. The out-of-bag estimate was used as
a method of measuring the prediction error of boosted deci-
sion trees, random forests, and other models utilizing boot-
strap aggregation of subsamples used for training. Statistical
analysis was performed using R software (www.r-project.org)
and Bioconductor software (www.bioconductor.org).

Implementation of the random forest method and
performance evaluation

The R package random forest (RF) method was used to clas-
sify the patients according to the identified combined RNA
signature. Two parameters required optimization for a given
supervised classification problem, the number of possible vari-
ables to divide each node of a tree (mtry), and the number
of decision trees to construct (trees). Trees were maintained
at a value of 100, as the resulting error, obtained using out-
of-bag estimates, was observed to reach a stable minimum.
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The performance of the RF classifier was evaluated by several
methods, including cross-validation, out-of-bag errors and ROC
curves. Cross-validations were used to determine the classifier
errors. Out-of-bag errors made use of the unselected samples
in each tree in the forest plot to determine the classifier er-
rors and were shown to be accurate empirically. Besides esti-
mating classifier errors, the area under the receiver operating
characteristic curve (AUROC) values was calculated to assess
the performance of the RF classifiers.

Functional analysis of risk gene lists

Functional analysis was performed using DAVID version 6.8
functional annotation (https://david.ncifcrf.gov/) to examine
the degree of enrichment of the high-risk gene set in Gene
Ontology (GO) terms [20]. GO terms with a g-value false dis-
covery rate-adjusted p-value (g-value) were calculated using
the Benjamini-Hochberg procedure. When the g-value is <0.01,
the GO functional term was considered to represent signifi-
cant enrichment by using the whole human genome as a ref-
erence. The high-risk genes included the mRNA of the com-
bined signature, the target genes of miRNA in the combined
signature, and the protein-coding genes that were positively or
negatively correlated with IncRNA in the combined signature.
The miRNA target genes were obtained from the miRBase da-
tabase [21]. The protein-coding genes that were positively or
negatively correlated with IncRNA were identified by calculat-
ing the correlation coefficients.

The construction of the combined signature associated
gene network

The target genes of MIR139 were obtained from the StarBase
database [22]. The data of the direct and indirect interaction
protein were downloaded with the KLHDC8B gene from the
STRING biological protein-protein database [23]. The miRNA
and its target genes, and protein-protein interaction relation-
ship were used to build an integrated network. The node in the
network represented the miRNA and genes, and the edge in
the network represented the regulation relationship or protein-
protein interaction relationship. The IncRNA target gene data
were investigated in the LncRNA2Target version 2.0 database
of differentially expressed genes, and there were no IncRNA
target genes data for RP11-909N17.2 and RP11-14N7.2 [24].

Results

Identification of integrated RNA sequences as a prognostic
signature in adenocarcinoma of the lung

There were 449 patients with adenocarcinoma of the lung
who had expression information for combined mRNA,
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microRNA (miRNA), long noncoding RNA (IncRNA) simultane-
ously from The Cancer Genome Atlas (TCGA) database. An in-
tegrated gene expression profile was established that included
7,704 IncRNAs, 737 miRNAs and 28,936 mRNAs. Random se-
lection of 70% of the integration profiles of the patients were
included in the training and test datasets to identify RNA bio-
markers associated with survival in patients with adenocar-
cinoma of the lung, the other 30% of the integration profile
from the patients was selected as a validation dataset, and
the patient cohorts from the Gene Expression Omnibus (GEO)
accession dataset, GSE81089, was selected as an additional
independent dataset [16].

A gene filtration method was used to identify the individual
candidate biomarker genes in the integration gene expres-
sion profile associated with survival time in patients with ad-
enocarcinoma of the lung to identify the potential prognostic
RNA biomarkers. For each gene, patients were classified into
two groups according to the median gene expression and this
gene was tested if it showed significantly different expres-
sion between the two patient groups (fold-change >2 or fold-
change <0.5), and differentially expressed mRNAs, IncRNAs,
and miRNAs were identified. The log-rank test was performed
for each differentially expressed RNA between the two patient
groups for their associations with overall survival using p<0.01
as a criterion and identified mRNAs, IncRNAs, miRNAs which
were differentially expressed and showed a significant differ-
ence between the two patient groups in terms of survival time.

Candidate biomarkers were further identified that were differ-
entially expressed and in which the overlap between the pa-
tient groups was »0.3. There were 100 mRNAs, 33 IncRNAs,
and 6 miRNAs as the candidate biomarkers that were finally
identified. The dot map of those candidate biomarker genes is
shown in Figure 1A. The candidate biomarker genes showed dif-
ferential gene expression levels and survival in the two patient
groups and were considered as potential candidate prognostic
biomarkers for in patients with adenocarcinoma of the lung.

Identification of the combined prognostic biomarker and
the prognostic model

Univariate Cox proportional hazard regression analysis was per-
formed for each candidate prognostic biomarker and identi-
fied eight significant RNAs. Multivariate Cox regression analysis
for these used overall survival as an independent variable and
identified four genes including RP11-909N17.2, RP11-14N7.2
(IncRNAs), MIR139 (miRNA), and KLHDC8B (mRNA), which were
significantly associated with overall survival in patients with
adenocarcinoma of the lung (p<0.05) (Table 1).

Therefore, a prognostic model was proposed for overall sur-
vival with the risk scoring method, which integrated the four
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RNAs expression levels and their relative contributions from
multivariate analysis. The formula for the prognostic model
was defined as follows: Risk score=(0.041xexpression value
of RP11-909N17.2)+(0.03xexpression value of RP11-14N7.2)+
(-0.008xexpression value of MIR139)+(—0.053xexpression
value of KLHDC8B).

The risk scores were calculated based on the formula of the
prognostic model and divided patients into a low-risk group
and a high-risk group according to the median risk score. For
this prognostic model, a good area under the curve (AUC)
value of 0.875 was obtained based on 10-fold cross-valida-
tion in the training dataset, as shown in Figure 1B. In the low-
risk group (n=157), the median survival time was 1.54 years,
which was a significantly improved when compared with the
high-risk group (n=158), and the median survival time was
2.03 years (p=2e-5, log-rank test) for all patients in the train-
ing dataset (Figure 1C).

The results showed that the four RNA signature had a better
prognostic performance for the prediction of outcome in pa-
tients with adenocarcinoma of the lung. The patients with high
expression levels of RP11-909N17.2 and RP11-14N7.2 and low
expression levels of the KLHDC8B gene and the MIR139 gene
had high-risk scores, as shown in Figure 1D. The risk score dis-
tribution of RNA expression and survival status of 315 patients
in the training cohort were ranked according to the four-RNA
signature risk score, as shown in Figure 1D.

Validation of the combined RNA prognostic biomarker
using Kaplan-Meier survival and building of the classifier
by those biomarkers

The prognostic ability of the combined RNA biomarker signa-
ture was evaluated in the validation cohort of 134 patients
from The Cancer Genome Atlas (TCGA) database. In the vali-
dation cohort, 134 patients were divided into a low-risk group
(n=58) and a high-risk group (n=76) by using the risk score
model described above and the cut off value derived from
the training cohort. The low-risk patient group and the high-
risk patient group showed a significant difference in overall
survival between two patient groups in the validation cohort
(log-rank test, p=0.031) by using Kaplan-Meier analysis, and it
was consistent with the findings from the training cohort. The
median overall survival in the low-risk patient group was sig-
nificantly greater compared with that in the high-risk group,
with a median overall survival of 2.05 years versus 1.49 years,
as shown in Figure 2A.

The robustness of the combined prognostic biomarker for pre-
dicting survival in patients with adenocarcinoma of the lung
was tested in the independent cohort of 84 patients in the
Gene Expression Omnibus (GEO) independent accession dataset,
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Figure 1. Identification of a combined RNA prognostic signature in adenocarcinoma of the lung. (A) The combined signature genes

(fold-change <0.05, log-rank p<0.05), dark green dots represent the long noncoding RNAs (IncRNAs), Light green dots
represent the microRNAs (miRNAs), yellow dots represent mRNA, gray dots represent genes with gene expression levels and
survival times with no significant differences between the two patient groups. (B) Kaplan-Meier survival plots of patients
with low-grade and high-grade adenocarcinoma of the lung in the training dataset. (C) Receiver operating characteristic
(ROC) curve for the prognostic risk model. The area under the curve (AUC) value of 0.875 showed the good performance of
the patient risk prediction. (D) The ranking of patient risk scores and survival time, and the expression pattern of prognostic

RNAs.
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Table 1. General information about the combined molecular prognostic biomarkers.

Gene name Ensemble ID Gene type q;:’;é:;‘:;'e Haz?;ldR)ratio Coefficient P-value
RP11-909N17.2  ENSG00000253931 A”tRisNTse 4?21'“;:90_51042? 5{71,‘:)35, . 1.04 4.14E-02 1.00E-02
RP11-14N7.2  ENSG00000232527 IncRNA 2?71,%;”3-51042,6215: 01’42‘; . 1.03 3.01E-02 7.09E-04
MIR139 ENSG00000272036 MIRNA 6?;"52:?;2'",661;: ﬁo 0.99 -8.04E-03 4.15E-02
KLHDCSB ENSG00000185909 'Zgztl‘:]'; Chr:rlnlofg'?ffé’:z 6171' 0.95 -5.25E-02 6.35E-04

GSE81089, and obtained similar risk stratification results. As with
the training and validation cohorts, the combined prognostic bio-
markers were able to classify 84 independent cohorts into low-
risk patients (n=26) and high-risk patients (n=58) with signifi-
cantly different survival times (log-rank test, p=0.027) (Figure 2B).
The median overall survival in the low-risk patient group com-
pared with the high-risk patient group was significantly greater
(median 3.86 years versus 2.98 years). The risk scores for the
combined prognostic biomarkers in the validation and inde-
pendent cohorts and the distribution of survival time and ex-
pression levels are shown in Figure 2C and 2D, which shows
the similar results observed in the training cohort. The AUC of
the prognostic model in the validation and independent data-
set were was 0.764 and 0.724, as shown in Figure 2E and 2F.

The ability of a single signature to identify patient risk was de-
termined. The median value of each signature gene was used
to divide the patients into two groups. Kaplan-Meier survival
curve analysis and the log-rank test were used to identify sig-
nificant survival differences between patient groups. For the
training dataset, there was significantly different survival be-
tween the patient groups divided by each signature: RP11-
909N17.2, p=0.02791; RP11-14B7.2, p=0.04341; MIR139,
p=0.04023; KLHDC8B, p=0.0444. However, the p-values were
less than the p-value of the patient group when divided by
the combined signature (p=2e-05) as shown in Figure 3A. For
the validation dataset, differences in overall survival were
not significant between the patient groups when divided by
each signature. For independent data, survival differences just
reached statistical significance in the patient group divided by
KLHDC8B (p=0.035), as shown in Figure 3B.

There were significant survival differences between the pa-
tient groups divided by age, tumor stage and residual tumor
in the training dataset, but the p-values of age (p=0.043558)
and residual tumor (p=0.00955) were less than the p-value
of the patient group divided by the combined signature. The
p-value of the tumor stage was similar to the p-value of the
patient group divided by the combined signature, as shown

in Figure 3C, 3D. Comparison of the results for differences in
overall patient survival between the patient groups showed an
improved prediction of patient prognosis using the combined
RNA expression profile signature when compared with the sin-
gle signature and other clinical prognostic factors.

In this study, the degree of overlap was evaluated between
the patient group with different stage and risk and the detail
of the overlap is shown as a Venn diagram in Figure 3E. The
overlap between patients with different stages of adenocar-
cinoma of the lung and patients with different risk was eval-
uated using a hypergeometric test in the training dataset, the
validation dataset, and the independent dataset. The results
showed that the patients with stage | and Il adenocarcinoma
of the lung enriched the low-risk patient group, including the
training dataset (p=0.0015), the validation dataset (p=0.038),
and the independent dataset (p=0.039). Patients with stage
[l and IV adenocarcinoma of the lung enriched the high-risk
patient group, including the training dataset (p=0.0007), the
validation dataset (p=0.038) and the independent dataset
(p=0.039), as shown in Figure 3E.

Comparison of the clinical and pathological characteristics
of patients in the high-risk and low-risk patient group was
divided by the combined signature in the training and valida-
tion dataset. The clinical and pathological characteristics of male
gender, tumor recurrence, anatomic neoplasm subdivision of
left and right upper and middle lobes of the lung showed con-
sistent results for the degree of patient risk. Patients with the
characteristics of male gender, tumor recurrence, tumor loca-
tion in the left upper lobe and right middle lobe, and exon 19
deletion of the EGFR gene, were significantly associated with
high risk. Patients with centrally located lung tumors were
more likely to have low risk, and patients with increased tu-
mor stage (NO to N2, T1 to T2, MO to M1) were more likely to
have a higher risk.

The random forest (RF) algorithm was used to test the ability
of the combined prognostic biomarker to classify patients into
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Figure 2. The value of the combined prognostic signature in the validation and additional independent datasets. (A) Kaplan-Meier
survival curves of total survival time between high-risk and low-risk patients in the validation dataset of The Cancer
Genome Atlas (TCGA). (B) Kaplan-Meier survival curves of total survival time between high-risk and low-risk patients in
the independent dataset of GSE81089. (C) The rank of the patient risk score and survival time, and the expression pattern
of prognostic RNAs in the validation dataset of TCGA. (D) The rank of the patient risk score and survival time, and the
expression pattern of prognostic RNAs in the independent dataset of GSE81089. (E) The receiver operating characteristic
(ROC) curve of the prognostic model for lung adenocarcinoma. The area under the curve (AUC) of the prognostic model was
0.764 in the validation dataset. (F) The ROC curve of the prognostic model for adenocarcinoma of the lung. The AUC of the
prognostic model was 0.724 in the independent dataset.
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Figure 3. Comparison of the ability of the single, combined signature, and clinical prognostic factors for identifying patient risk.
(A) Kaplan-Meier survival curve analysis and log-rank test for the single signature in the training dataset. (B) Kaplan-Meier
survival curve analysis and log-rank test for the KLHDC8B gene in the independent dataset. (C) Kaplan-Meier survival curve
analysis and log-rank test for the age in the training dataset. (D) Kaplan-Meier survival curve analysis and log-rank test
for residual tumor in the training dataset. (E) Venn diagram showed the overlap between the patient group with different
stage and risk was shown in all datasets. The significance test of overlap between the patients with different stage and the
patients with different risk using a hypergeometric test in the training, validation, and independent datasets. (F) Comparison
of the clinical and pathological characteristics of patients between the high-risk and low-risk patient groups that were
divided by the combined signature in all datasets.
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Figure 4. Construction of the classifier using the combined molecular biomarkers with the random forest method. (A) Comparison of
the training dataset error rates for the random forest method as the number of trees increased. (B) The distances between
patients in the training dataset in the first two dimensions. Minimum curvilinear embedding from the proximity matrix of
the random forest high and low-risk classifier. Each circle represents a patient’s sample with its labeled risk: low risk (blue)
or high risk (red). (C) Predictive accuracy of the validation dataset. (D) Variable importance as given by the mean decrease
in the Gini coefficient, which represents the contribution of each variable to the homogeneity of the results of the random

forest.

high-risk and low-risk patient groups. The forest plots were
created at the value of 100 using out-of-bag samples, and the
resulting error was observed to reach a stable minimum, which
was equal to 6.03%, with the optimal mtry parameter selected
as 4. The values of the Gini index of KLHDC8B, MIR139, RP11-
14N7.2, and RP11-909N17.2 were equal to 72.94, 55.42, 21.12,
and 7.49, respectively in the training dataset, and the accuracy
rate of the RF classifier was 93.28% for validation dataset,
as shown in Figure 4. The high values of the Gini index and
classification accuracy showed that the combined prognostic

This work is licensed under Creative Common Attribution-
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biomarker was able to group the patients into low-risk and
high-risk patient groups. These findings supported the poten-
tial role of RNA sequences as a prognostic molecular signature
in patients with adenocarcinoma of the lung.

Independence of the prognostic role of the combined RNA
signature and other clinical variables

The independent prognostic ability of the combined RNA sig-
nature in patients with adenocarcinoma of the lung was tested
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Table 2. Univariate and multivariate Cox regression analysis of overall survival in all datasets.

Univariate analysis Multivariate analysis
P-value Hazard ratio (HR) 95% Cl of HR P-value
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Figure 5. Results of the combined signature function and network analysis. (A) Gene Ontology (GO) enrichment analysis of the genes
from the signature, target, and related genes. GO enrichment of the 1482 genes was performed by using the web David
tools with P<0.05 (Benjamin-Hochberg method). (B) All significant enrichment GO terms enriched among the genes. The bar
plot depicts the enrichment scores. (C) Enrichment maps were used for visualization of the GO enrichment results; Nodes
represent enriched GO terms, whose size reflects the total number of genes in that GO term. Edge thickness (gray line)
represents the number of overlapping genes between gene sets. (D) An integrated network for the signature genes and their
related genes. The yellow nodes represent the signature genes and other genes represent related genes with the signature
gene. The green border of signature genes represents that the expression of the gene is down-regulated. Red nodes
represent that the expression of the gene is upregulated and green nodes represent that the expression of the gene is down-
regulated between high-risk and low-risk patients. The expression of the signature genes, MIR139 and KLHDC8B, and related
genes, VAV3, UBE2C, UBE2S, KLK3, and ALK were significantly different between the high-risk and low-risk patient groups.

against patient clinical factors, using multivariate Cox regres-
sion analysis. The results showed that the combined signature
remains significantly correlated with overall survival time af-
ter adjustment by age and stage (Table 2). In the training co-
hort, the hazard ratio (HR) of low-risk group compared with the
high-risk group for overall survival was 0.39 (95% Cl, 0.25-0.61;
p=3.89e-05), 0.46 in the validation cohort (95% Cl, 0.23-0.95;
p=3.5e-02), and 0.47 in GSE81089 dataset (95% Cl, 0.23-0.93;
p=0.03). The HR of low-risk group compared with the high-risk
group for overall survival was 0.45 in the training cohort (95%
Cl, 0.27-0.76; p=2.92e-03), 0.47 in the validation cohort (95%
Cl,0.19-1.18; p=0.11), and 0.41 in GSE81089 dataset (95% Cl,
0.18-0.91; p=0.03) when controlling for other clinical variables.

Functional identification of the combined signature

To obtain an understanding of the value of the combined RNA
signatures from known prognostic indicators in adenocarci-
noma of the lung, a literature review was conducted using
the PubMed database. All four RNA biomarkers were verified

as being associated with adenocarcinoma of the lung. RP11-
909N17.2 showed differential expression in patients with lung
cancer compared with normal patients in microarray data and
quantitative polymerase chain reaction (qPCR) data, and was
also reported to be co-expressed with several mRNAs, includ-
ing KIAA0430, DCLK1, GAS6, and E2F4, which play an impor-
tant role in adenocarcinoma of the lung[14,25]. RP11-14N7.2
was differentially expressed in EGFR exon 19 deletions and in-
teracted with RNA binding proteins in adenocarcinoma of the
lung [14,25]. The expression of miR-139-5p was shown to be
significantly dysregulated between patients with recurrent and
non-recurrent adenocarcinoma of the lung, and decreased ex-
pression was shown to be associated with cell apoptosis and
the inhibition of cell proliferation and migration in adenocar-
cinoma of the lung [26-28]. KLHDC8B has also been reported
previously as a molecular marker to predict the prognosis of
adenocarcinoma of the lung.

In the present study, functional enrichment analysis was per-
formed to determine the potential functional roles of the
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combined signature. In previous studies, target genes for has-
miR-139-5P and related genes with IncRNA RP11-909N17.2,
RP11-14N7.2 were obtained from the StarBase version 2.0
database, and the LNCipedia database for annotated human
IncRNA transcript sequences, respectively [29]. The gene set
including targets gene and related genes were used to per-
form the functional enrichment analysis using the DAVID soft-
ware and Enrichment Map Cytoscape software. As shown in
Figure 5A-5C, the results of functional enrichment analysis
showed that the genes associated with the combined signa-
ture were involved in negative regulation of transcription from
RNA polymerase Il promoter, positive regulation of transcrip-
tion from RNA polymerase Il promoter, transcription, and DNA
template, which were associated with the occurrence and de-
velopment of lung cancer.

The relationships between MIR139 and its target genes and
between KLHDC8B and its interacting proteins were evalu-
ated with the gene expression information to build an inte-
grated network, as shown in Figure 5D. The network results
showed that the expression of the signature genes of MIR139
and KLHDC8B were significantly down-regulated in the high-
risk group.

The related gene expression of VAV3, UBE2C, and UBE2S were
significantly upregulated in the high-risk group, and the re-
lated genes expression of ALK, KLK3 was significantly down-
regulated in the high-risk group. Previously published studies
have identified the gene for ubiquitin-conjugating enzyme E2C
(UBE2C) as a biomarker for survival and its expression level of
mRNA and protein has previously been shown to be upregu-
lated in lung cancer and to increase progressively in lung tu-
mors. Patients with stage | adenocarcinoma of the lung with
increased expression levels of UBE2C have previously been
reported to show significantly reduced overall survival and
progression-free survival than patients with lower expression
level [30]. Expression levels of UBE2S mRNA and protein levels
were have previously been shown to be upregulated and as-
sociated with reduced prognosis in patients with lung cancer,
and in preclinical studies, inhibition of expression of UBES2
has been shown to reduce cell proliferation [31]. In the pres-
ent study, as shown in Figure 5D, mRNA expression of UBE2C
and UBE2S showed significant upregulation in the high-risk
patient group, which is consistent with previously published
findings. The genes UBE2C and UBE2S have been reported to
be indirectly regulated by MIR139, and so this result suggested
that the down-regulation of expression of MIR139 could cause
the upregulation of UBE2C and UBE2S. MIR139 as the regu-
lator of UBE2C and UBE2S could be a potential target for ad-
enocarcinoma of the lung, as AKL was previously reported to
be a validated therapeutic target of lung cancer that showed
significant down-regulation in high-risk patients groups [32].
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The findings of this study identified three important molecular
biomarker pathways from the node MIR139 to node KLHDC8B
in the network as follows: MIR139-VAV3-SHC1-CSF1R-KLHDC8B,
MIR139-UBE2C-UBE2D1-KLHK2-KLHDC8B; MIR139-UBE2S-
RPS27A-REL-KLHDC8B. Most of the genes in the three path-
ways have been previously reported as being biomarkers for
lung cancer [33]. These findings may have implications not only
for the prognosis of adenocarcinoma of the lung but might
provide insights into its pathogenesis.

Discussion

There remains a need for improved prognostic biomarkers that
can guide treatment options for patients with adenocarcinoma
of the lung. Therefore, this study aimed to identify RNA expres-
sion profiles, including long noncoding RNA (IncRNA), microRNA
(miRNA), and mRNA, associated with clinical outcome in ad-
enocarcinoma of the lung using bioinformatics data. The ap-
proaches used in this study are supported by previous stud-
ies that have shown that molecular biomarkers for clinical
outcome can be used for patients with malignancy [34-39].
Previous studies have identified the cancer-related genes
that were verified in the present study as the candidate prog-
nostic genes and integrated them into expression and clini-
cal data [40-45]. Other studies have previously clustered the
whole gene expression into two groups to identify the associa-
tion between abnormal regulation of genes as molecular prog-
nostic biomarkers [46-48]. However, few studies have evalu-
ated the regulation of these genes in terms of patient overall
survival or provided an integrated RNA signature or profile as
a comprehensive prognostic biomarker in patients with ade-
nocarcinoma of the lung.

The findings of the present study demonstrated the use of
a novel method for the identification of four RNA sequences
as a prognostic molecular signature in adenocarcinoma of the
lung by integrating mRNA, miRNA, and IncRNA of patients from
The Cancer Genome Atlas (TCGA) database. Four genes were
identified that showed different expression in two groups,
a high-risk and a low-risk group, which were significantly dif-
ferent in terms of survival time by using individual gene fil-
tering and Cox regression analysis. The combined signature
included two mRNAs, one miRNA, and one IncRNA, and this
study showed that one gene was correlated with improved pa-
tient survival and two genes were correlated with poor patient
survival. A prognostic prediction model was created based on
the combined RNA prognostic signature to predict the progno-
sis of patients and also used one validation dataset and one
independent dataset to examine the accuracy of the predic-
tive model. The combined signature was shown to be useful in
terms of its predictive role in the validation and independent
dataset. Furthermore, each gene in the combined signature
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was studied for its ability to predict patient prognosis. The re-
sults showed that these genes were independent of the other
clinicopathological factors, including patient age, tumor stage,
and tumor grade.

Conclusions

This study identified four RNA sequences as a prognostic
molecular signature in adenocarcinoma of the lung, which
may also provide an increased understanding of the mo-
lecular mechanisms underlying the pathogenesis of this
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malignancy. The combined RNA prognostic signature was
identified by integrating RNA profiles in adenocarcinoma of
the lung. Bioinformatics data analysis using this method might
lead to the identification of a potential prognostic molecular
biomarker based on combined RNA signatures. Further stud-
ies using this approach might aid clinical diagnosis, prognosis,
and improve the understanding of the pathogenesis of com-
plex diseases such as adenocarcinoma of the lung.
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