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Background: Novel diagnostic predictors and drug targets are needed for LUAD (lung 

adenocarcinoma). We aimed to build a specific SVM (support vector machine) classifier for 

diagnosis of LUAD and identify molecular markers with prognostic value for LUAD.

Methods: The expression differences of miRNAs, lncRNAs and mRNAs between LUAD and normal 

samples were compared using data from TCGA (The Cancer Genome Atlas) database. A LUAD related 

miRNA-lncRNA-mRNA network was constructed, based on which feature genes were selected for the 

construction of LUAD specific SVM classifier. The robustness and transferability of SVM classifier 

were validated using gene expression profile datasets GSE43458 and GSE10072. Prognostic markers 

were identified from the network. A set of LUAD-related differentially expressed miRNAs, lncRNAs 

and miRNAs were identified and a LUAD related miRNA-lncRNA-mRNA network was obtained. 

The LUAD specific SVM classifier constructed on the basis of the network was robust and efficient 

for classification of samples from TCGA dataset and two independent validation datasets.

Results: Eight RNAs with prognostic value were identified, including hsa-miR-96, hsa-miR-204, 

PGM5P2 (phosphoglucomutase 5 pseudogene 2), SFTA1P (surfactant associated 1), RGS20 

(regulator of G protein signaling 20), RGS9BP (RGS9-binding protein), FGB (fibrinogen beta 

chain) and INA (alpha-internexin). Among them, RGS20 and INA were regulated by hsa-miR-96. 

RGS20 was also regulated by hsa-miR-204, which was a potential target of SFTA1P.

Conclusion: The LUAD specific SVM classifier may serve as a novel diagnostic predictor. 

hsa-miR-96, hsa-miR-204, PGM5P2, SFTA1P, RGS20, RGS9BP, FGB and INA may serve as 

prognostic markers in clinical practice.

Keywords: lung adenocarcinoma, lncRNA-miRNA-mRNA network, SVM classifier, molecular 

marker, prognosis

Introduction
LUAD (lung adenocarcinoma) is the most common subtype of non-small cell lung 

cancer, accounting for about 40% of lung cancer worldwide.1,2 Molecularly targeted 

therapies using TKIs (tyrosine kinase inhibitors) are standard treatments for LUAD 

patients with mutations in EGFR (epidermal growth factor receptor) and fusions of ALK 

(anaplastic lymphoma kinase), ROS1 (ROS proto-oncogene 1), and RET (rearranged 

during transfection).3,4 Acquired resistance, however, often occurs approximately 

1–2 years after TKI treatment.4 Moreover, few effective therapies have been devel-

oped to target alterations in other genes, such as TP53 (tumor protein p53),5 KEAP1 

(kelch-like ECH associated protein 1)6 and STK11 (serine/threonine kinase 11).7 
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Therefore, it is still urgent for developing new drug targets 

for the diagnosis and treatment of LUAD.

Increasing evidence has highlighted the involvement 

of ncRNAs (non-coding RNAs) in tumorigenesis.8 Two 

typical subtypes of ncRNAs are miRNAs (microRNAs) and 

lncRNAs (long non-coding RNAs).9–11 miRNAs are small 

ncRNAs with about 22 nucleotides, which can interact with 

target mRNAs to degrade mRNAs or inhibit the translation 

of mRNA.9,10 In comparison to miRNAs, lncRNAs are much 

longer ncRNAs with more than 200 nucleotides and function 

through more diverse mechanisms.9,11 In addition to directly 

targeting mRNAs, it has also been shown to function as 

ceRNAs (competing endogenous RNAs), interacting with 

miRNAs to indirectly regulate mRNAs.11,12 It is thus believed 

that interplays between lncRNAs and miRNAs may play an 

important role in tumorigenesis.12 Recently, investigations 

about the lncRNA-miRNA-mRNA ceRNA networks provide 

a better understanding of the roles lncRNA-miRNA inter-

actions in mRNAs regulation and LUAD development.13,14 

Important regulatory pathways, as well as therapeutic targets, 

could be revealed based on lncRNA-miRNA-mRNA net-

works. For example, MEG3 (maternally expressed 3), MIAT 

(myocardial infarction associated transcript) and LINC00115 

may serve as prognostic lncRNAs and may be involved in 

regulatory pathways in LUAD.14 According to the lncRNA-

miRNA-mRNA network, MEG3 and MIAT regulate MAPK9 

(mitogen-activated protein kinase 9) by interacting with 

miR-106, whereas LINC00115 regulate FGF2 (fibroblast 

growth factor 2) by interacting with miR-7.14

Two gene expression profile datasets GSE4345815 and 

GSE1007216 have been used to reveal genes related to LUAD. 

It has been shown that ETS2 (V-ets erythroblastosis virus 

E26 oncogene homolog 2) is downregulated in LUAD, using 

GSE43458 dataset.15 ETS2 may inhibit cancer cell invasion, 

migration and growth by suppressing MET activation.15 

Cigarette smoking related signature genes in LUAD patients 

have been identified using GSE10072 dataset.16 It is remark-

able that most of the signatures are involved in cell cycle, 

such as NEK2, TTK, and PRC1.16 Though advances have 

been made to identify LUAD related signatures, efficient 

diagnostic predictors and potential drug targets of LUAD 

are still in need.

In order to identify novel diagnostic predictors and 

molecular markers, we first constructed a LUAD specific 

lncRNA-miRNA-mRNA ceRNA network in our study, using 

data from TCGA (The Cancer Genome Atlas). A LUAD 

specific SVM (support vector machine) classifier was built 

and prognosis related nodes were identified based on the 

ceRNA network. GSE43458 and GSE10072 datasets were 

further used to validate the efficiency and robustness of the 

SVM classifier in predicting LUAD. The SVM classifier and 

the prognosis related nodes may contribute to the diagnosis 

and treatment of LUAD in clinical practice.

Materials and methods
Data source and data preprocessing
The mRNA and miRNA expression data of LUAD-related 

samples was downloaded from TCGA (https://gdc-portal.nci.

nih.gov/). After checking the barcode information of samples, 

a total of 464 LUAD samples with both mRNA and miRNA 

data were obtained for subsequent analysis, including 445 

LUAD and 19 normal samples. All the clinical information 

related to these samples was also obtained.

Two independent validation datasets GSE10072 (contrib-

uted by Landi et al)16 and GSE43458 (contributed by Kabbout 

et al)15 were downloaded from GEO (Gene Expression 

Omnibus) database (https://www.ncbi.nlm.nih.gov/geo/). 

In total, 107 lung samples (58 LUAD versus 49 normal 

samples, GPL96 [HG-U133A] platform) were included in 

the GES10072 dataset, and 110 lung samples (80 LUAD 

versus 30 normal samples, GPL6244 [HuGene-1_0-st] 

platform) were included in the GES43458 dataset. The 

package oligo17 under R was used for background adjust-

ment of expression values and normalization preprocessing 

of expression profile data, including conversion of the 

original data format, imputation of missing values and data 

standardization.

Identification of LUAD related lncRNAs, 
mirnas and mrnas
According to annotation information from HGNC (HUGO 

Gene Nomenclature Committee, http://www.genenames.

org/), the lncRNA data of LUAD-related samples downloaded 

from TCGA were obtained based on the gene ID. Expression 

differences of mRNAs and miRNA-seq data between LUAD 

and normal samples were analyzed using edgeR package18 

under R3.0.1 and FDR (false discovery rate) was calculated 

using multtest package.19 LncRNAs, miRNAs and mRNAs 

with FDR ,0.05 and FC (fold change) .1.5 or ,0.67 

(|logFC|.0.585) were considered to be significantly differ-

entially expressed between LUAD and normal samples.

Identification of lncRNAs, miRNAs and 
mrnas related to clinical features
LUAD samples downloaded from TCGA were binary 

classified according to clinical information. Classifications 
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included age ($60 versus ,60), gender (female versus 

male), pathologic M (M1 versus M0), pathologic N (N3 + N2 

versus N0 + N1), pathologic T (T3 + T4 versus T1 + T2), 

pathologic stage (I + II versus III + IV), cancer status (with 

versus without), smoking history (yes versus no) and vital 

status (living versus deceased). The mRNAs, miRNAs and 

lncRNAs related to clinical features were then screened 

from differentially expressed RNAs between LUAD and 

normal samples, using edgeR package and multtest pack-

age. lncRNAs, miRNAs and mRNAs with FDR ,0.05 and 

|logFC|.0.585 were considered to be related to clinical 

features.

construction of lUaD-related lncrna-
miRNA-mRNA ceRNA network
The miRNAs targeted by differentially expressed lncRNAs 

were predicted using miRcode (version 11, http://www.

mircode.org/)20 and starBase (version 2.0)21 databases. 

Results from these two databases were combined and inter-

sected with differentially expressed miRNAs. The intersec-

tion contained differentially expressed miRNAs targeted by 

differentially expressed lncRNAs. A LUAD-related lncRNA-

miRNA regulation network was thus obtained.

Similarly, differentially expressed mRNAs targeted by 

differentially expressed miRNAs were obtained based on the 

information of miRTarBase (version 6.0, http://mirtarbase.

mbc.nctu.edu.tw).22,23 Then the common PPIs (protein–protein 

interactions) existed in three databases, including BioGRID 

(http://thebiogrid.org/),24 HPRD (Human Protein Reference 

Database, http://www.hprd.org/)25 and DIP (Database of 

Interacting Proteins, http://dip.doe-mbi.ucla.edu/),26 were 

identified. PPIs corresponding to differentially expressed 

mRNAs targeted by differentially expressed miRNAs were 

extracted and then integrated with differentially expressed 

miRNA-mRNA regulatory relationships, generating a 

LUAD-related miRNA-mRNA regulation network.

The lncRNA-miRNA and miRNA-mRNA regulatory 

networks were combined to obtain a comprehensive lncRNA-

miRNA-mRNA ceRNA regulatory network.

Functional and pathway annotation of 
mRNAs in the ceRNA network
In order to reveal LUAD-related biological functions and 

pathways, GO (gene ontology) biological process27 analysis 

and KEGG (Kyoto Encyclopedia of Genes and Genomes) 

pathway analysis28 were performed for mRNAs in the ceRNA 

regulatory network. Fisher’s exact test was used during 

the enrichment process. Fisher’s score could be calculated 

according to Table 1 and the following equation:
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where N indicates the total number of genes, M indicates the 

number of pathway genes, K indicates the number of differ-

entially expressed genes, and the Fisher’s score p indicates 

the possibility that at least x in K differentially expressed 

genes were pathway genes.

Construction of SVM classification model
The optimal subset of feature genes used for SVM classifica-

tion model was selected from differentially expressed mRNAs 

in the LUAD specific ceRNA network, using recursive 

feature elimination (RFE),29 an algorithm of machine learn-

ing. Specifically, the optimal subset was selected through a 

leave-one-out cross-validation approach. Expression values 

of selected feature genes in the combination were used as 

eigenvalues to estimate the possibility that a sample belonged 

to certain classification. Based on the possibility, a sample 

was classified to be LUAD or a normal sample. The optimal 

subset was the combination giving the best SVM classification 

accuracy for TCGA samples. The LUAD specific SVM classi-

fier was built based on the optimal subset of feature genes.

GSE10072 and GSE43458 datasets were used to validate 

the robustness and transferability of the SVM classifier. This 

SVM classifier was trained with a fivefold cross validation 

strategy and its performance was assessed by establishing 

receiver operation characteristic (ROC) curve, followed 

by detection of prediction accuracy, sensitivity, specificity, 

positive prediction value, negative prediction value and AUC 

(area under ROC curve).

Identification of prognosis related 
mRNAs, miRNAs and lncRNAs
The expression value of each differentially expressed 

mRNA, miRNA and lncRNA and the survival information of 

Table 1 The parameters for calculating Fisher’s score

DEGs Non-DEGs Total

Pathway genes n11 n12 M
non-pathway genes n21 n22 N–M
Total K N–K N

Abbreviations: DEG, differentially expressed genes; N, total number of genes; 
M, number of pathway genes; K, number of differently expressed genes.
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each sample were extracted from TCGA dataset. Prognosis-

associated lncRNAs, miRNAs and mRNAs were identified 

by univariate Cox regression using the survfit function of 

the survival package (version 2.40-1, https://cran.r-project.

org/package=survival)30 under R. Cancerous samples were 

divided into two groups based on the cutoff (median expres-

sion value), followed Kaplan–Meier curve analysis.

Results
Differentially expressed lncRNAs, 
mirnas and mrnas in lUaD samples
A total of 811 lncRNAs, 1,047 miRNAs and 18,013 mRNAs 

were obtained from mRNA-seq data. RNAs with low expres-

sion level (expression value less than 1.0) were removed, with 

396 lncRNAs, 517 miRNAs and 14,012 mRNAs remained. 

Significant differentially expressed lncRNAs, miRNAs and 

mRNAs were obtained by comparing LUAD and normal 

samples. In total, 21, 53 and 925 differentially expressed 

lncRNAs, miRNAs and mRNAs were obtained in LUAD 

samples. Sample hierarchical cluster analysis was then per-

formed based on the expression value of these differentially 

expressed RNAs. The results of heatmap (Figure 1A–C) 

showed that LUAD samples were clustered together and 

discriminated from normal samples.

Key lncRNAs, miRNAs and mRNAs 
related to clinical features
In order to screen lncRNAs, miRNAs and mRNAs related 

to clinical features, LUAD samples were binary classified 

according to age ($60 versus ,60), gender (female versus 

male), pathologic M (M1 versus M0), pathologic N (N3 + N2 

versus N0 + N1), pathologic T (T3 + T4 versus T1 + T2), 

pathologic stage (I + II versus III + IV), cancer status (with 

versus without), smoking history (yes versus no) and vital 

status (living versus deceased). The differentially expressed 

lncRNAs, miRNAs and mRNAs were further compared and 

identified between each two groups according to different 

clinical features, which were summarized in Table 2.

The mirna-lncrna and mirna-mrna 
regulatory relationships
Elucidation of the physiological roles of lncRNAs is chal-

lenging as complex and diverse mechanisms are involved.11 

We used bioinformatics methods to predict the roles of 

lncRNAs in regulating miRNAs in LUAD. The regulatory rela-

tionships between significant differentially expressed miRNAs 

and differentially expressed lncRNAs were predicted using 

miRecode20 and starBase21 database. We first acquired 264 

lncRNA-miRNA regulation pairs from miRecode and 217 

regulation pairs from starBase, of which lncRNAs were dif-

ferentially expressed between LUAD and normal samples. 

Combining these two sets, a total of 291 lncRNA-miRNA 

pairs were obtained, 41 of which were LUAD related dif-

ferentially expressed miRNAs. The 41 lncRNA-miRNA 

pairs were integrated to build a miRNA-lncRNA regula-

tory network consisting of 31 nodes, including 6 lncRNAs 

(3 upregulated versus 3 downregulated) and 25 miRNAs 

(6 upregulated versus 19 downregulated) (Figure 2A).

The regulatory relationships between significant dif-

ferentially expressed miRNAs and significant differentially 

expressed mRNAs were obtained using miRTarBase database, 

a database providing the latest and broadest experimental 

validated miRNA-mRNA interactions.22,23 Most miRNAs 

in Figure 2A were predicted to have targeted differentially 

expressed mRNAs, except hsa-miR-139 and hsa-miR-590. 

A total of 126 differentially expressed mRNAs were found 

to be targets of these miRNAs. Based on the information of 

BioGRID, HPRD and DIP databases, PPIs corresponding 

to these target mRNAs were predicted. A miRNA-mRNA 

network was constructed by integrating miRNA-mRNA regu-

latory relationships and PPIs of target mRNAs. As shown in 

Figure 2B, the miRNA-mRNA regulatory network contained 

25 miRNAs (including hsa-miR-139 and hsa-miR-590) and 

126 mRNAs, which formed a total of 549 edges, 115 of which 

were mRNA-mRNA interactions and 434 were miRNA-

mRNA regulation relationships.

construction of lncrna-mirna-mrna 
ceRNA network
To provide an insight about how lncRNAs and miRNAs 

cooperate to regulate mRNAs in LUAD, a ceRNA network 

(Figure 2C) was constructed, through the integration of 

lncRNA-miRNA network and miRNA-mRNA network. 

Figure 1 hierarchical clustering analysis of Tcga samples using differentially 
expressed lncrna (A), miRNA (B) and mrna (C).
Abbreviation: TCGA, The Cancer Genome Atlas.

IncRNA

miRNA

mRNA

CancerNormal

A

B

C
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All nodes in the ceRNA network were LUAD related 

differentially expressed lncRNAs, miRNAs or mRNAs. 

A total of 157 nodes were included in the ceRNA network, 

including 6 lncRNAs, 25 miRNAs (including hsa-miR-139 

and hsa-miR-590) and 126 mRNAs. In total, 588 edges 

were formed, including 39 lncRNA-miRNA regulation 

relationships, 434 miRNA-mRNA regulation relationships 

and 115 PPIs of corresponding mRNAs.

In order to reveal the functional processes involved 

in LUAD development and progression, mRNAs in the 

ceRNA network (Figure 2C) were subjected to Fisher’s 

exact test-based GO biological process analysis. We acquired 

Table 2 Clinical features related differentially expressed lncRNAs, miRNAs and mRNAs

Comparisons Upregulated Downregulated

lncRNA miRNA mRNA lncRNA miRNA mRNA

age
($60 versus ,60)

– hsa-mir-133a-1 ADH1B, CLEC9A, 
TMEM132D, C6, 
CHST9, DNAH9, 
MT1A, RGS6, 
C2orf40, PZP, RSPO2, 
SOSTDC1, CPB2, 
TMEM132C, ADH1A

FLJ41941, 
DGCR9, 
Terc

– DLL3, HAVCR1, FEZF1, GAL, 
KCNK12, CDK5R2, ZNF695, 
CRYGN, VGF, B4GALNT4, 
MUC13, INHA, NKAIN4, 
PTPRN

gender
(M/F)

DKFZp779M0652, 
Kiaa0087

hsa-mir-1247, 
hsa-mir-133a-1

TEPP, SLC5A8, 
PCSK2, LHX9, 
MEGF11

C15orf54, 
C2orf48, 
CECR7, 
DGCR9, 
egOT

hsa-mir-503 TFF1, VIL1, RAB3B, FGL1, 
ANKRD34B, DUSP9, AKR1B10, 
FGB, AKR7A3, INHA, GLB1L3, 
ABCC2, SERPINB5, PCSK1, 
SLC6A3, IVL, HGD

new tumor
(yes/no)

FAM138F, 
KIAA0087, 
SFTA1P

 TMEM213, 
TMEM132D, C6, 
KIAA0408, CST5

EGOT, 
Dgcr9

hsa-mir-196a-1, 
hsa-mir-1269

HOXC13, PRAME, HOXC10, 
GAL, IGF2BP1, HHIPL2, 
KRT6C, HIST1H2BG, INHA, 
GLB1L3, KRT6B, KRT6A, 
CLDN6, PPP2R2C, SERPINB5

Pathologic M
(M1/M0)

SFTA1P – IRX6, CAPSL, 
KIAA0408, C8B

C1orf220, 
C2orf48, 
KIAA0087, 
C15orf54

hsa-mir-323b, 
hsa-mir-31, 
hsa-mir-1269, 
hsa-mir-539

DUSP13, HAVCR1, BARX1, 
FEZF1, C1orf61, GAL, 
CASKIN1, RAB3B, NKAIN1, 
CRYGN, AKR1B10, VGF, 
C1orf220, INHA, GLB1L3, 
PTPRN, INA, BCAN, ABCC2, 
C1QL1, GPX2

Pathologic N
(n2 + N3/N0 + n1)

DKFZp779M0652, 
Kiaa0087

hsa-mir-184 PENK, C20orf85, 
MT1A, TEKT1, 
S100A12, C6orf118, 
DNAI2, HAS1, PPBP, 
ANKRD1

C20orf197, 
cecr7

hsa-mir-1269, 
hsa-mir-31, 
hsa-mir-577

HOXB9, GAL, KLK6, IGF2BP1, 
FCRL4, SLC7A10, FGB, PAEP, 
CCDC154, PCP4, FOXE1, 
TNFRSF13C, STRC, SPINK2

Pathologic T
(T3 + T4/T1 + T2)

C22orf34, 
DIO3OS, 
Kiaa0087

hsa-mir-133a-1 FBN3, KLK7 C15orf54, 
C10orf91, 
C20orf197, 
cecr7

hsa-mir-1269, 
hsa-mir-31, 
hsa-mir-323b, 
hsa-mir-450b

C11orf86, TFF1, HAVCR1, 
DMRTA2, KLK6, CRABP1, 
FCRL4, ARL14, MUC13, PRSS3, 
TRIM31, CD19, CR2, IL20RB

Pathologic 
stage (iii + IV/I + ii)

DIO3OS, 
DKFZp779M0652, 
Kiaa0087

hsa-mir-1247 DNAH12, RSPH10B2, 
VWA3A, IL5RA, 
C20orf85, MS4A15, 
MT1A, DNAI2

C20orf197, 
CECR7, 
EGOT, 
har1B

hsa-mir-1269, 
hsa-mir-577, 
hsa-mir-9-2

BARX1, GAL, CDK5R2, 
CRYGN, KLK6, IGF2BP1, 
FCRL4, FGB, CCDC154, PCP4, 
IL17REL, TNFRSF13C, MIA, 
RUFY4, CD19, PNOC

cancer status
(with/without)

KIAA0087, 
SFTA1P

– TMEM132D, SCN2B, 
C6, SCGB1A1, 
CLDN18, KIAA0408, 
CST5, GRIA1, C8B, 
TMEM132C, F11

EGOT, 
HAR1B, 
c2orf48

hsa-mir-539, 
hsa-mir-1269

PRAME, GAL, IGF2BP1, KRT6C, 
CNGA3, HMGA2, KRT6B, 
UGT2B15, KRT6A, ABCC2, 
SERPINB5

Smoking history
(yes/no)

DIO3OS, 
DKFZp779M0652, 
Kiaa0087

hsa-mir-184 TEPP, REN, PCSK2, 
PLA2G3, CST5, 
RETN, C8B

C15orf54, 
C20orf197, 
C2orf48, 
EGOT, 
FLJ12825

hsa-mir-1269, 
hsa-mir-31

DLL3, PADI1, BARX1, 
C6orf222, YBX2, CA9, FGB, 
CCDC129, GLB1L3, UPK3A, 
UGT2B15, MSMB
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Figure 2 LUAD specific lncRNA-miRNA-mRNA ceRNA network. LUAD specific lncRNA-miRNA regulatory network (A), miRNA-mRNA regulatory network (B) and 
ceRNA network (C). The ceRNA network is acquired by integrating lncRNA-miRNA and miRNA-mRNA regulatory network. Squares, triangles and circles indicate lncRNAs, 
miRNAs and mRNAs, respectively. Upregulated lncRNAs, miRNAs and mRNAs in LUAD are shown as red and downregulated ones shown as green. Red lines and blue lines 
indicate lncRNA-miRNA and miRNA-mRNA regulatory relationships, whereas gray lines indicate protein–protein interactions of corresponding mRNAs. 
Abbreviation: LUAD, lung adenocarcinoma.
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18 significantly related GO biological processes, most of 

which were associated with cell cycle (Table 3). We also per-

formed KEGG pathway analysis for mRNAs in the ceRNA 

network, and 5 significant KEGG pathways were identified, 

including ErbB signaling pathway, cell cycle, homologous 

recombination, neuroactive ligand-receptor interaction and 

pathways in cancer (Table 3).

SVM classification model of cancerous 
samples
In order to provide an efficient and reliable molecular tool for 

LUAD diagnosis, we build a LUAD specific SVM classifier 

based on the feature genes associated with LUAD. Optimal 

subset of feature genes was selected from differentially 

expressed mRNAs in the ceRNA network (Figure 2C) using 

RFE.29 The accuracy reached the best (95.3%) when the 

number of selected feature genes in the optimal subset was 44 

(Figure 3A). The 44 selected feature genes were summarized 

in Table 4 and used for the construction of LUAD specific 

SVM classifier. Scatter plot of TCGA samples based on the 

SVM classifier was shown as Figure 3B.

To validate the robustness and transferability of the SVM 

classifier, two independent datasets under accession number 

of GSE1007216 and GSE4345815 were downloaded from 

GEO. After normalization, samples in the validation datasets 

were classified using the SVM classifier. As a result, samples 

in the GSE10072 dataset could be correctly classified with an 

accuracy of 90.7% (97 out of 107 samples), and samples in 

the GSE43458 dataset could be classified with a precision of 

97.3% (107 out of 110 samples) (Table 5). Besides prediction 

accuracy, the performance of our SVM classification model 

were also assessed using sensitivity, specificity, positive 

prediction value, negative prediction value and AUC (area 

under ROC curve) (Figure 3C, Table 5).

The lncRNAs, miRNAs and mRNAs 
related to prognosis
Prognosis-related RNAs for LUAD were identified from 

differentially expressed lncRNAs, miRNAs and mRNAs 

using univariate cox analysis. In total, 5 lncRNAs, 6 miRNAs 

and 44 mRNAs were identified to be prognosis related 

(Table 6). Among them, PGM5P2 (phosphoglucomutase 5 

pseudogene 2) and SFTA1P (surfactant associated 1) were 

lncRNAs and hsa-miR-96 and hsa-miR-204 were miRNAs in 

the ceRNA network. RGS20 (regulator of G protein signal-

ing 20), RGS9BP (RGS9-binding protein), FGB (fibrinogen 

beta chain) and INA (alpha-internexin) were mRNAs in 

the feature subset of the SVM classifier. According to the 

ceRNA network (Figure 2C), two miRNA-mRNA pairs 

and an lncRNA-miRNA-mRNA triplet were formed among 

these prognosis related RNAs, specifically hsa-miR-96-INA, 

hsa-miR-96-RGS20 and SFTA1P-hsa-miR-204-RGS20.

We further performed Kaplan–Meier curve analyses 

for these prognosis-related RNAs (Figure 4). Our results 

showed that LUAD patients with higher expression level of 

PGM5P2, SFTA1P, RGS9BP and INA had a better prognosis, 

and patients with higher expression level of hsa-miR-96, 

hsa-miR-204, RGS20 and FGB had a worse prognosis 

(Figure 4). Meanwhile, the expression level of PGM5P2, 

SFTA1P, hsa-miR-204 and RGS9BP were downregulated 

in LUAD samples whereas hsa-miR-96, RGS20, FGB and 

INA were upregulated.

Discussion
In the present study, we constructed a ceRNA network delin-

eating interplays among differentially expressed lncRNAs, 

Table 3 Functional annotation of mRNAs in the ceRNA network

Term Count P-value

GO-BPs
gO:0000278~mitotic cell cycle 31 5.16E–19

gO:0022403~cell cycle phase 32 9.85E–19

GO:0007067~mitosis 25 1.25E–17

gO:0000280~nuclear division 25 1.25E–17

gO:0000087~M-phase of mitotic cell cycle 25 1.92e–17

GO:0048285~organelle fission 25 3.24e–17

gO:0000279~M-phase 28 6.32E–17

gO:0022402~cell cycle process 33 8.46E–16

gO:0007049~cell cycle 37 2.12E–15

GO:0051301~cell division 22 2.78e–11

GO:0007059~chromosome segregation 11 1.43E–06

gO:0007017~microtubule-based process 13 0.001431

GO:0007346~regulation of mitotic cell cycle 10 0.005949

GO:0010564~regulation of cell cycle process 9 0.005999

gO:0000070~mitotic sister chromatid 
segregation

6 0.01543

gO:0000819~sister chromatid segregation 6 0.017727

GO:0006259~Dna metabolic process 16 0.02048

GO:0006260~Dna replication 10 0.036122

KEGG pathways
hsa04012:erbB signaling pathway 6 0.001138
hsa04110:cell cycle 6 0.005563
hsa03440:homologous recombination 3 0.027134
hsa04080:neuroactive ligand-receptor 
interaction

7 0.029121

hsa05200:Pathways in cancer 7 0.079398

Abbreviations: GO-BPs, gene ontology-biological processes; KEGG, Kyoto Ency-
clopedia of genes and genomes.

Powered by TCPDF (www.tcpdf.org)

www.dovepress.com
www.dovepress.com
www.dovepress.com


OncoTargets and Therapy 2018:11submit your manuscript | www.dovepress.com

Dovepress 

Dovepress

3136

Zhao et al

miRNAs and mRNAs between LUAD and normal samples. 

An optimal subset of 44 selected feature genes was identified 

in the network and the SVM classifier SVM constructed with 

these 44 feature genes could accurately classify samples in 

both TCGA training data and GSE10072 and GSE43458 vali-

dation data. Remarkably, we also identified key prognosis-

related RNAs in the ceRNA network, including 2 miRNAs 

(hsa-miR-96, hsa-miR-204), 2 lncRNAs (PGM5P2, SFTA1P) 

and 4 selected feature mRNAs (RGS20, RGS9BP, FGB, INA). 

Among the 8 prognostic RNAs, higher expression level of 

PGM5P2, SFTA1P, RGS9BP and INA were shown to cor-

relate with better prognosis, indicating tumor-suppressive 

roles of these RNAs. Meanwhile, higher expression levels of 

hsa-miR-96, hsa-miR-204, RGS20 and FGB were found to 

correlate with worse prognosis, indicating tumor-promoting 

roles of these RNAs.

Most of these RNAs have been previously shown to 

be involved in certain types of cancers. INA is a neuronal 

intermediate filament protein,31 correlated with better prog-

nosis of glioblastoma.32,33 RGS20 is a negative regulator 

of heterotrimeric G proteins and may promote cancer cell 

metastasis by upregulating vimentin and downregulating 

E-cadherin.34,35 FGB is one component of fibrinogen, which 

is a critical for tumor cell proliferation, angiogenesis and 

cancer metastasis.36,37 Elevated plasma level of fibrinogen 

is a strong indicator of poor prognosis of various tumors, 

such as breast tumor,38 prostate cancer,39 and lung cancer.40 

SFTA1P is a lncRNA tumor suppressor functioning through 

Figure 3 Construction and validation of the LUAD specific SVM classifier. (A) Feature gene selection based on recursive feature elimination. The prediction accuracy 
versus the number of selected feature genes is plotted as blue line. The red dashed line labels the best prediction accuracy (95.3%, 442 out of 464 TCGA samples), with the 
corresponding number of selected feature genes being 44. (B) Scatter plot of TCGA samples based on the LUAD specific SVM classifier. (C) ROC curves of TCGA (black), 
GSE10072 (blue) and GSE43458 (orange) datasets generated using the LUAD specific SVM classifier. AUCs are calculated to be 0.996, 0.963 and 0.985 for each data.
Abbreviations: LUAD, lung adenocarcinoma; SVM, support vector machine; TCGA, The Cancer Genome Atlas; ROC, receiver operating characteristic; AUC, area under 
rOc curve.
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inhibiting LUAD cell migration, invasion and metastasis.41–43 

RGS9BP is an anchor protein of RGS9, was also identified as 

being involved in bladder cancer,44 though the role it played 

remained elusive. The function of PGM5P2 is also unclear, 

however, it is implicated that PGM5P2 may be involved 

in pro-apoptosis and antiangiogenesis process,45 which is 

essential for the development and progression of cancer. 

Considering their roles in different cancer types, it is rea-

sonable that these genes may play a role in the development 

and progression of LUAD. However, further studies are still 

needed to gain an insight into the roles of these molecules 

in LUAD.

The remaining two RNAs, however, was found to play 

controversial roles in different cancer types. hsa-miR-96 

is involved in various cancers, however, divergent roles 

are reported with respect to different cancer types.46,47 It is 

shown that hsa-miR-96 can suppress tumor invasion in renal 

cell carcinoma47 and colorectal cancer,48 but it can promote 

cancer cell proliferation and invasion in breast cancer,49,50 

bladder cancer46 and lung cancer.51 hsa-miR-204 has been 

reported to be a tumor suppressor in clear cell renal cell car-

cinoma, induced by VHL and functioning through inhibiting 

macroautophage by targeting LC3B.52 Besides, its variant 

hsa-miR-204-5p is also involved in endometrial carcinoma, 

and is shown to suppress the clonogenic growth, migration 

and invasion of endometrial carcinoma cells.53 However, 

we found that it played a tumor-promoting role in LUAD. 

Therefore, we speculate that hsa-miR-96 and hsa-miR-204 

may also play divergent roles in different cancer types, which 

should be addressed in future experimental research.

Table 4 Selected feature genes from the ceRNA network

Gene LogFC P-value FDR Gene LogFC P-value FDR

TERT -3.10475 2.24E–15 3.57E–13 ALS2CR11 -0.65072 0.000921 0.009757
HOXB9 -2.72135 3.37e–19 1.07E–16 SLC6A3 -0.61702 0.001212 0.012241
FGB -1.67587 6.18E–16 1.11e–13 PRMT8 0.604752 0.000166 0.00223
KRT6C -1.64033 3.87e–09 1.72e–07 SH2D1B 0.606032 0.000124 0.001713
MMP3 -1.62809 3.02e–10 1.83e–08 CAMK2A 0.651515 6.89E–05 0.001019
HIST1H2BG -1.4877 7.22e–09 2.97e–07 NRG1 0.660387 1.92E–06 4.34E–05
TRIM54 -1.45014 1.73e–08 6.45E–07 NRG2 0.66095 0.000318 0.003954
HMGA2 -1.35673 4.59E–11 3.42e–09 KCNA5 0.679193 1.20E–05 0.000223
GFAP -1.33536 5.52E–07 1.44E–05 SCN2B 0.702108 3.72e–07 1.01E–05
KRT6B -1.14566 1.92e–07 5.59E–06 SOX5 0.706481 1.46E–06 3.38E–05
RGS20 -1.14019 5.99E–07 1.55E–05 CCDC33 0.720253 1.62E–05 0.000289
CKM -1.13563 2.26E–06 4.99E–05 RGS9BP 0.726607 2.48E–05 0.000421
INA -1.0867 5.42E–06 0.000109 RGS9 0.729584 2.47e–07 7.05E–06
GRIK2 -0.95974 1.39E–05 0.000252 KCNE1 0.75071 3.69E–08 1.29E–06
MMP10 -0.9316 1.33E–06 3.11E–05 CXCR1 0.839385 1.81e–08 6.69E–07
BCAN -0.92189 6.43E–05 0.00096 KHDRBS2 0.946016 4.26E–10 2.42e–08
CNGB1 -0.76123 0.000196 0.002587 RGS6 0.950831 1.54E–08 5.79E–07
TWIST1 -0.7507 9.53E–05 0.001363 ASPA 1.08277 3.86E–11 2.92e–09
TMEM171 -0.72205 0.000455 0.005339 RXRG 1.158801 1.99E–15 3.21e–13
GNB3 -0.71549 0.000379 0.004581 ACTN2 1.189844 1.04e–14 1.43e–12
TSHR -0.71264 0.006238 0.048666 GRIA1 1.275478 8.00e–22 4.87e–19
CAMK2B -0.68691 0.001514 0.014765 SLC6A4 1.801564 9.18E–46 1.29e–41

Abbreviations: FC, fold change; FDR, false discovery rate.

Table 5 Performance of support vector machine classifier in 
training and validation datasets

Datasets No of 
samples

Correct 
rate

Se Sp PPV NPV AUC

Tcga 464 95.3% 0.889 0.957 0.886 0.995 0.996
gse10072 107 90.7% 0.918 0.897 0.882 0.929 0.963
GSE43458 110 97.3% 0.967 0.975 0.935 0.987 0.985

Abbreviations: TCGA, The Cancer Genome Atlas; Se, sensitivity; Sp, specificity; 
PPV, positive prediction value; NPV, negative prediction value; AUC, area under 
rOc curve.

Table 6 Prognosis related lncRNAs, miRNAs and mRNAs

RNA Upregulated Downregulated

lncrna KIAA0087, PGM5P2, SFTA1P C15orf54, C20orf197
mirna hsa-miR-184, hsa-miR-204 hsa-miR-651, hsa-miR-188, 

hsa-miR-96, hsa-miR-708
mrna CCDC81, LDLRAD1, ACSM5, 

WDR63, CAMK2A, DTHD1, 
PNMT, C1orf194, RGS9BP, 
SLC8A3, TTLL10, PCSK2, ENPP6, 
TSLP, KCNMB2, LHX9, PRIMA1, 
C11orf88, S100A12, FAM189A1, 
GPC5, IHH

KISS1R, DMBX1, INA, 
CST4, RGS20, DUSP13, 
ECEL1, IGF2BP1, HPCA, 
KRT6C, NPW, FGB, NOX1, 
SOHLH2, INHA, NKAIN4, 
PFN4, CLDN6, KIF4B, 
NAT8L, FLRT1, GDA
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Further, two miRNA-mRNA regulation pairs and an 

lncRNA-miRNA-mRNA regulation triplet were formed 

among these prognosis related RNAs according to the ceRNA 

network. Specifically, hsa-miR-96 formed two miRNA-mRNA 

regulation pairs with INA and RGS20, whereas hsa-miR-204 

formed an lncRNA-miRNA-mRNA regulation triplet with 

SFTA1P and RGS20. We speculate that hsa-miR-96 may 

target INA and RGS20 in LUAD, whereas hsa-miR-204 may 

target RGS20 and regulated by SFTA1P. However, further 

experimental and functional studies are needed to disclose 

and confirm the pathways these RNAs involved.

However, the limitation of SVM classification model on 

evaluating the selected feature genes is lack of experiment 

validation. Further experiments, such as quantitative 

Figure 4 Kaplan–Meier analysis of prognosis related lncRNAs, miRNAs and mRNAs. (A, B) Kaplan–Meier curves of two lncRNAs PGM5P2 and SFTA1P. (C, D) Kaplan–Meier 
curves of two miRNAs hsa-miR-96 and hsa-miR-204. (E–H) Kaplan–Meier curves of four mRNAs RGS20, RGS9BP, FGB and INA. red and blue lines indicate patient groups 
with expression level above and below median value, respectively. P-value indicates the significance of difference.
Abbreviations: PGM5P2, phosphoglucomutase 5 pseudogene 2; SFTA1P, surfactant associated 1; RGS20, regulator of G protein signaling 20; RGS9BP, RGS9-binding protein; 
FGB, fibrinogen beta chain; INA, alpha-internexin.
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reverse-transcription PCR and/or western blot methods 

are still required to confirm our results. Moreover, the 

Kaplan–Meier curve analysis for these 8 prognosis-related 

RNAs was performed individually. If the prognostic value 

of these RNAs is validated by various combination analyses, 

more valuable results will be obtained for predicting the 

prognosis of LUAD.

In summary, we constructed a LUAD-specific SVM 

classification model based on the LUAD-related ceRNA 

network. The SVM classifier may serve as a novel diagnos-

tic predictor of LUAD. Moreover, we also identified 8 key 

molecular markers with prognostic value from the ceRNA 

network, including PGM5P2, SFTA1P, hsa-miR-204, hsa-

miR-96, RGS20, RGS9BP, FGB and INA. These molecular 

markers may be promising prognostic markers and drug 

targets in future clinical practice.
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