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Abstract 

Background: Lung adenocarcinoma (LUAD) is one of the most common types in the world with a high mortality 
rate. Despite advances in treatment strategies, the overall survival (OS) remains short. Our study aims to establish a 
reliable prognostic signature closely related to the survival of LUAD patients that can better predict prognosis and 
possibly help with individual monitoring of LUAD patients.

Methods: Raw RNA‑sequencing data were obtained from Fudan University and used as a training group. Differen‑
tially expressed genes (DEGs) for the training group were screened. The univariate, least absolute shrinkage and selec‑
tion operator (LASSO), and multivariate cox regression analysis were conducted to identify the candidate prognostic 
genes and construct the risk score model. Kaplan–Meier analysis, time‑dependent receiver operating characteristic 
(ROC) curve were used to evaluate the prognostic power and performance of the signature. Moreover, The Cancer 
Genome Atlas (TCGA‑LUAD) dataset was further used to validate the predictive ability of prognostic signature.

Results: A prognostic signature consisting of seven prognostic‑related genes was constructed using the training 
group. The 7‑gene prognostic signature significantly grouped patients in high and low‑risk groups in terms of overall 
survival in the training cohort [hazard ratio, HR = 8.94, 95% confidence interval (95% CI)] [2.041–39.2]; P = 0.0004), and 
in the validation cohort (HR = 2.41, 95% CI [1.779–3.276]; P < 0.0001). Cox regression analysis (univariate and multivari‑
ate) demonstrated that the seven‑gene signature is an independent prognostic biomarker for predicting the survival 
of LUAD patients. ROC curves revealed that the 7‑gene prognostic signature achieved a good performance in training 
and validation groups (AUC = 0.91, AUC = 0.7 respectively) in predicting OS for LUAD patients. Furthermore, the strati‑
fied analysis of the signature showed another classification to predict the prognosis.

Conclusion: Our study suggested a new and reliable prognostic signature that has a significant implication in 
predicting overall survival for LUAD patients and may help with early diagnosis and making effective clinical decisions 
regarding potential individual treatment.
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Background
Despite the advancements in lung cancer treatment, 
non-small lung cancer (NSCLC) remains one of the 
most common types and the leading cause of cancer-
associated mortality among men and women worldwide 
[1]. NSCLC and small cell lung cancer (SCLC) are the 
two  major types of lung cancer. The two main types of 
NSCLC are lung squamous cell carcinoma (LUSC) and 
lung adenocarcinoma (LUAD) [2]; thus, these histologi-
cal subtypes may determine the choice of treatment [2, 
3]. The poor prognosis and short survival of lung cancer 
patients may be associated with the development of pul-
monary hypertension (PH) due to blockage of tumor cells 
in the pulmonary vessels [4, 5]. In the last few years, the 
absolute and relative frequencies of lung cancer’s inci-
dence and mortality have risen dramatically worldwide 
[6, 7]. Overall, the 5-year survival rate for lung cancer is 
19% [8]. A total of 235,760 new cases of lung cancer and 
131,880 deaths from lung cancer were expected to occur 
in 2021 [9].

Lung adenocarcinoma (LUAD) is one of the main sub-
types of lung cancer [2]. However, most of patients with 
lung adenocarcinoma are diagnosed in the late stages 
or in the metastatic stage (third or fourth stage) of the 
disease; significant and longer survival rates can be 
achieved for those who are diagnosed at an early stage, 
but in advanced stages, curative treatment options are 
prolonged and limited, resulting in poor prognosis and 
low survival rates [10]. Time is the crucial factor for all 
patients with cancer; in addition to the fact that lung 
adenocarcinoma (LUAD) is a heterogeneous group of 
diseases and individual differences of patients at the same 
pathological stages that may cause distinct prognoses for 
each patient, all these reasons have led to emergence of a 
clearly unmet medical need for identifying the accurate 
and promising prognostic biomarker and efficient thera-
peutic targets that can aid the clinicians by facilitating 
the accurate and early diagnosis of lung adenocarcinoma, 
enhancing poor survival of LUAD patients and guiding 
customized treatment [11, 12].

Recently, various studies have been conducted to iden-
tify a lot of biomarkers related to prognosis, drug resist-
ance and diagnosis to guide long-term prognosis in 
patients with NSCLC. Nevertheless, many studies have 
been limited to a single biomarker such as a SLC2A1 and 
PKM [13, 14] or a small set of samples, causing inaccu-
racies and unavailability of biomarkers. Therefore, the 
biomarker found through the study of high-throughput 
gene expression profiles and built through a combination 

of multiple biomarkers is more promising [15]. In addi-
tion, clinical variables and pathohistological charac-
teristics of the tumor have been used as biomarkers to 
predict patient’s overall survival. The most commonly 
used parameter to assess the prognosis and mentor the 
treatment of patients with cancer is the TNM classifi-
cation system [16]. However, predicting the survival of 
patients with lung adenocarcinoma (LUAD) by a single 
parameter or a single gene is one of the difficulties that 
lead to distinct prognoses for each patient due to the 
effect of genetic heterogeneity of the LUAD and the wide 
variations in patient’s outcomes [11, 12, 17]. Therefore, 
several studies began to identify gene biomarkers related 
to LUAD prognosis [18–20]. Prognostic gene signature 
based on combination of multiple genes plays an impor-
tant role in guiding and assisting clinicians in choosing 
the appropriate treatment method, highlighting about 
the cancer progression as well as detecting possible new 
treatment targets. Thus it is important to establish an 
expression-based gene signature to predict the outcomes 
and progress of LUAD patients.

In the current study, we conducted univariate cox pro-
portional hazard regression analysis, lasso regression and 
multivariate cox proportional hazard regression analy-
sis to screen new prognostic-related genes and establish 
a prognostic signature as a biomarker using LUAD data 
from Fudan  University. ROC curve and kaplan–Meier 
analysis were used to evaluate the prognostic perfor-
mance of the signature. Then prognosis value of the sig-
nature was further validated using a LUAD dataset from 
TCGA database. Furthermore, we performed stratifica-
tion analysis to estimate the performance of the signa-
ture in different subgroups, beyond that, we investigated 
the possible biological functions of the key genes in the 
signature. Overall, our study suggested that the 7-gene 
signature has successfully and effectively contributed to 
predicting survival for LUDA patients, and these genes 
may become a new target for future treatment.

Materials and methods
Data source
The raw data of RNA-sequencing (RNA.seq) and relevant 
clinical information (including survival information) of 
102 patients with LUAD were obtained from Fudan uni-
versity as the training group. For the validation group, the 
data related to gene expression and clinical information 
of lung adenocarcinoma (LUAD-TCGA) were down-
loaded from the TCGA database (https:// portal. gdc. can-
cer. gov/) and comprised a total of 594 (535 tumor sample 
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and 59 normal samples) adenocarcinoma cases. Samples 
without sufficient clinical information were excluded 
from both the training and validation groups. The main 
characteristics of the analysis included the following: 
age, tumor size, sex, pT-stage, pathologic stage, and his-
tory of smoking; details of patient clinical information are 
described in Table 1. Approximately 48% of the samples 
were males, while 52% are females, and the participat-
ing age ranged from 37 to 84 years, with a median age of 
61.5  years. Data were analyzed according to the ethical 
standards of the university review board (Fudan Univer-
sity Shanghai Cancer Center Institutional Review Board 
No. 090977-1). Collecting the samples from patients was 
conducted by the tissue bank of Fudan University Shang-
hai Cancer Center after the consent of patients or their 
relatives was obtained [21].

Determination of differentially expressed genes (DEGs) 
in LUAD
For generating the gene expression data in our study, the 
reads were mapped against the human genome (hg38) 
using STAR2 software [22]. The mapped reads with qual-
ity of more than 10 were selected using Samtools. The 
read counts per gene were defined using feature count 
[23] as the reference transcriptome. Differential expres-
sion analysis was performed using edgeR R package [24], 
and the tumor samples were compared to their matched 
normal samples to identify DEGs. The selected genes are 
significantly differentially expressed between tumor and 
normal samples and their FDR < 0.05 and absolute log2 
fold change (logFC) > 1.

Constructing a seven‑gene prognostic signature
First, DEGs (n = 2725 PC) in the Fudan dataset were 
used to screen out the prognostic-related genes by 
using Kaplan–Meier (K-M) analysis. These screened 
genes were verified in 719 patients with lung adeno-
carcinoma (LUAD) from the Kaplan–Meier Plot-
ter (http:// kmplot. com/) [25–27]. To obtain the 
novel prognostic-related genes, preferably those that 
were not reported in lung cancer, we confirmed the 
reported genes and removed them to build a novel 
genetic signature. Second, for the non reported prog-
nostic-related genes, univariate cox proportional haz-
ard regression and LASSO regression analysis were 
used sequentially to evaluate the reliability of prog-
nostic independent genes by using R packages, “sur-
vival” and “glment” respectively [28]. A P value of less 
than 0.05 was used as a cutoff to define and select the 
candidate genes related to patients’ survival. Finally, 

Table 1 The clinical information of patients with lung 
adenocarcinoma (LUAD), training (Fudan) and validation (TCGA) 
cohorts

Fudan (training group)

 Age—year (no.)

  < 60 year 40

  ≥ 60 year 62

 Pathological_stage no

  IA 59

  IB 27

  IIIA 16

 Smoking status—no

  Former/current 31

  Never 71

 Tumor_size—no

  < 3 cm 70

  ≥ 3 cm 32

 Sex—no

  Male 49

  Female 53

 T—no

  T1a 40

  T1b 27

  T2a 33

  T2b 1

  T4 1

TCGA (validation group)

 Age—year (no.)

  < 60 year 87

  ≥ 60 year 240

 Stage—no

  I 168

  II 78

  III 60

  IV 21

 N—no

  N0/N1 208/67

  N2/N3 51/1

 Sex—no

  Male 160

  Female 167

 T—no

  T1 100

  T2 182

  T3 28

  T4 17

 M—no

  M0 306

  M1 21

http://kmplot.com/
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a multivariate cox proportional hazard regression 
analysis was performed to recognize the correspond-
ing coefficients of LUAD prognostic signature by using 
“survminer” and “survival”R packages. We used the 
hazard ratio (HR) of each gene, to distinguish the pro-
tective genes from risk genes where the HR > 1 indi-
cates that genes are risk genes and are protective genes 
otherwise (HR < 1).

The risk scoring for each patient was estimated using 
the (Eq.  1) to calculate the expression values pertain-
ing to the selected genes weighted by regression coef-
ficients in multivariate cox regression analysis.

 where n is the number of selected prognostic genes, Expi 
is the expression value of the prognostic gene i, and CHR

i  
is the estimated regression coefficient for the correspond-
ing gene i in the multivariate cox regression analysis. 
Subsequently, the median prognostic score was used to 
differentiate between the high- and low-risk groups. The 
patients with lower risk than median value were assigned 
to the low-risk group, while the others were assigned to 
the high-risk group. Each of the K–M curve and the log-
rank test was implemented using the “survival” R pack-
age to evaluate the survival analysis for each set. Then the 
prognostic performance of the prognostic score model 
was measured using the ROC curve by comparing the 
area under the respective receiver operating characteris-
tic curve, and the “survivalROC” package was used in R 
to draw a ROC and then calculate the AUC.

EGFR and KRAS mutation analysis
In order to identify patients with EGFR (Epidermal 
Growth Factor Receptor) and KRAS (Kirsten rat sar-
coma viral oncogene homolog) mutations in the LUAD 
dataset, the whole exome sequencing (WES) data 
obtained from Fudan University was analyzed. Somatic 
mutations were filtered using Mutect2 under the fol-
lowing criteria: (i) the difference of mutant allele frac-
tion  (MAF) between the tumor and normal sample in 
the same patient was more than  one percent; (ii), in 
both tumor and normal samples, the sequencing cov-
erage was more than 200; (iii), the alternative readings 
in the tumor samples were more than10; (iv), the cor-
rected p value was less than 0.05. SNVs were annotated 
using ANNOVAR, and further filtered with population 
frequency in ExAC, 1000 Genomes  and dbSNP138. 
Then the correlation between EGFR and/or KRAS 
mutant patients and the gene expression of the seven 
prognostic genes was determined by using Wilcoxon 
test. Statistical significance was set as P < 0.05.

(1)Risk Score =

∑n

i−1
Expi ∗ C

HR
i

Functional enrichment analysis
In order to explore the potential biological functions 
and pathways relationship in the seven prognostic genes, 
OmicsBean (http:// www. omics bean. cn/) online database 
was used. Using a functional annotation tool in omics-
been, significantly enriched gene ontology (GO) terms 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathways were achieved at threshold P  value < 0.05. The 
annotations and background species for GO and KEGG 
pathways were set as Homo sapiens in omicsbeen.

Statistical analysis
The K-M analysis was used to evaluate the differences in 
patients’ survival time between the high- and low-risk 
groups of patients with lung adenocarcinoma. The P val-
ues and HR (95% confidence interval) were determined 
by log-rank test and univariate cox regression analysis 
to detect the significant differences between the groups. 
Multivariate cox regression analysis and stratification 
analysis were performed to evaluate the independence 
of the risk score model. ROC curve was used to estimate 
the performance of gene prognostic signature by com-
paring the AUC. Statistical significance was identified 
as P ≤ 0.05. All statistical analyses were performed using 
version 3.5.1 of the R language.

Results
Patients characteristic
The median age of patients with LUAD during diagnosis 
was 61.5 years (ranging from 37 to 84 years). Adenocar-
cinoma was the histological subtype for all patients in 
the current study. In addition, 48% (n = 49) of our sample 
group were males and 52% were females (n = 53). Out-
put status for all patients was either 0 or 1. Seventy-one 
patients (70%) have not smoked before, and 31 patients 
(30%) were former/current smokers. Fifty-nine patients 
(58%) had stage IA, 27 patients (26.4%) had stage IB, and 
16 patients (15.6%) had stage IIIA (Table  1) (Additional 
file 1: Table S1). The patients have not received any neo-
adjuvant treatment.

Identification of survival‑related genes of lung 
adenocarcinoma (LUAD) patients
K–M analysis was used to establish the relationship 
between gene expression and the patient’s overall sur-
vival in the training cohort. We identified 409 protein-
coding genes associated with overall survival, and these 
genes were verified by the Kaplan–Meier plotter database 
consisting 719 patients with lung adenocarcinoma. A 
total of 149 genes log-rank P value ≤ 0.05 were associated 
with LUAD survival. Of those, 31 genes have not been 
reported in patients with LUAD and used to conduct the 

http://www.omicsbean.cn/
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next analyses to develop a prognostic signature model 
(Fig. 1). (Additional file 2: Table S2) shown the 31 unre-
ported genes associated with LUAD survival.

Construction of a 7‑gene prognostic signature
Survival-related genes that have not been reported in lung 
adenocarcinoma (n = 31 genes) from the training set were 
exposed for univariate cox regression analysis and LASSO 

regression analysis. Then, 24 genes were identified via the 
univariate regression analysis. LASSO regression analy-
sis was performed to further identify the 24 genes that are 
significantly associated with the prognosis in patients with 
LUAD. Tenfold cross-validation was run to obtain the opti-
mal λ value that came from the minimum partial likeli-
hood deviance. The minimum value of the lambda for the 
optimal risk score model was 0.021940, as this value was 

Fig. 1 Flowchart of data processing, analysis, and validation in the current study
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associated with the 24 genes that were significantly corre-
lated with the patient’s overall survival (Fig. 2). Multivariate 
cox proportional hazard regression analysis was performed 
on the 11 genes obtained from LASSO regression analysis. 
A total of seven genes were finally identified as the key genes 
in the prognostic model: UCN2, RIMS2, CAVIN2, GRIA1, 
PKHD1L1, PGM5, and CLIC6, which used for construct-
ing the prognostic risk score for LUAD in the training group 
(Fig.  1). The seven gene-based risk score was constructed 
based on their coefficient of risk score model (Eq. 2):

(2)

Risk score = (−0.3658 ∗ ExpGRIA1) + (0.5701 ∗ ExpUCN2) + (−0.601 ∗ ExpPKHD1L1)

+ (0.2192 ∗ ExpRIMS2) + (−0.3617 ∗ ExpPGM5) + (−0.6036 ∗ ExpCLIC6)

+ (1.1686 ∗ ExpCAVIN2).

The information related to seven genes is shown in 
Table  2. Finally, a set of seven genes, including (n = 2) 
the risky gene (HR > 1) and (n = 5) the protective genes 
(HR < 1), was examined. Table  3 shows the prognostic 
correlation of seven genes with the survival of patients 
with LUAD in the training and validation groups.

a b

Fig. 2 Identification and establishment of the seven‑gene prognostic signature in patients with LUAD by LASSO regression model. a Genes are 
represented by the lines of various colors. The coef reach zero in some genes when the lambda value increases, and this indicates that those genes 
have no effect on the model. b The deviance of tenfold cross‑validation obtained 11 prognostic genes.The best model depends on the minimum 
value of partial likelihood deviance

Table 2 Overall information of the seven genes for constructing the prognostic signature

Gene ID Gene symbol Gene type Chromosome Gene start (bp) Gene end (bp)

ENSG00000155511 GRIA1 Protein coding chr5 153489615 153813869

ENSG00000145040 UCN2 Protein coding chr3 48561727 48563773

ENSG00000205038 PKHD1L1 Protein coding chr8 10936247 10953030

ENSG00000176406 RIMS2 Protein coding chr8 10350078 10425604

ENSG00000154330 PGM5 Protein coding chr9 68328308 68531061

ENSG00000159212 CLIC6 Protein coding chr21 34669389 34718227

ENSG00000168497 CAVIN2 Protein coding chr2 19183432 19184725
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The validation of 7‑gene prognostic signature
Based on the gene expression and regression coefficients 
of the seven genes from the multivariate cox analy-
sis, we built a prognostic model to aid in the diagnosis 
of lung adenocarcinoma using the risk score approach. 
A risk score for each patient was given in the prognos-
tic model. The median risk score of 0.7334 and 0.9367 

were used as the cut-off points to classify the patients 
into high- and low-risk groups in the training (Fudan) 
(Fig. 3a) and validation (LUAD-TCGA) (Fig. 4a) groups, 
respectively. (Figs.  3c and 4c) show the distribution of 
the gene risk score, survival time, and the level of gene 
expression for seven genes in both training and valida-
tion groups respectively. Our findings revealed that there 

Table 3 Univariate cox regression analysis of seven‑genes and OS of lung adenocarcinoma patients in both data

Genes Training data TCGA (Validation data)

HR (95% CI) P HR (95% CI) P

GRIA1 0.7019 (0.5734–0.8593) 0.000604 0.87236 (0.817–0.9315) 4.46E−05

UCN2 1.4564 (1.139–1.863) 0.00276 1.12577 (1.049–1.208) 0.00102

PKHD1L1 0.7339 (0.5977–0.9011) 0.00314 0.86498 (0.7951–0.941) 0.000734

RIMS2 1.22874 (1.056–1.429) 0.00756 1.08175 (1.028–1.138) 0.00248

PGM5 0.6397 (0.4442–0.9212) 0.0163 0.88238 (0.8–0.9732) 0.0123

CLIC6 0.7442 (0.566–0.9785) 0.0344 0.87684 (0.8216–0.9358) 7.62E−05

CAVIN2 0.6865 (0.4711–1) 0.0503 0.91561 (0.8289–1.011) 0.0823

a

b

c

Fig. 3 The prognostic performance of the 7‑gene prognostic signature in the training group. a Kaplan–Meier survival analysis of the seven‑gene 
prognostic signature. (b The receiver operating characteristic (ROC) curve analysis of seven‑gene prognostic signature. c The distribution of 
risk scores (upper panel), the distribution of survival time (middle panel), and seven‑gene expression profiles (bottom panel). Black dotted lines 
(median risk score) divide patients into low‑ and high‑risk groups. Patients in the high‑risk group are represented by red lines and dots. Patients in 
the low‑risk group are represented by green lines and dots. AUC  area under the curve, RIMS2 Regulating Synaptic Membrane Exocytosis 2, UCN2 
Urocortin 2, PGM5 Phosphoglucomutases, CAVIN2 Caveolae Associated Protein 2, CLIC6 Chloride Intracellular Channel 6, GRIA1 Glutamate Ionotropic 
Receptor AMPA Type Subunit 1, PKHD1L1 Polycystic Kidney and Hepatic Disease 1‑Like 1
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were significant differences in the OS status and gene 
expression levels for seven prognostic genes between 
the high and low-risk groups. In addition, the poor prog-
nosis of LUAD is associated with the overexpression of 
RIMS2 and UCN2 (P = 0.05), and the low expression of 
each GRIA1, CAVIN2, CLIC6, PGM5, and PKHD1L1 
(P < 0.05) (Fig. 5).  

Patients who belong to the high-risk group had a sig-
nificantly shorter OS than patients belonging to the 
low-risk group, as shown in Kaplan–Meier curves, with 
29.4% higher risk and 3.9% lower risk of death for high- 
and low-risk groups, respectively (HR = 8.9456, 95% CI 
2.041 to 39.2, P = 0.0004) (Table 4). The P value of one-
side stratified log-rank test was 0.00037, confirming a 
significant difference between the high- and low-risk 
groups. Therefore, the clinical outcome of patients in 
the low-risk group was better than those in the high-
risk group (Fig.  3a). The overall survival at 13  months 
was 98% (95% CI 94.2 to 1) and 84.3% (95% CI 74.9 to 
94.9) in the low- and high-risk groups, respectively, and 
68.6% (95% CI 56.4 to 83.5) in the high-risk group at 
31  months (Table  4). For the TCGA validation group, 

Kaplan–Meier curves showed that overall survival 
was significantly longer in the low-risk group com-
pared with the high-risk group, with 23.8% lower risk 
and 47.9% higher risk of death in the low- and high-risk 
groups, respectively (HR = 2.4139, 95% CI 1.779 to 3.276, 
P < 0.0001) (Table  4). The one-side stratified log-rank 
P  value was < 0.0001, indicating the difference between 
the two groups (Fig.  4a). The median overall survival at 
36 months was 49.9% (95% CI 42.95–58.1) for the high-
risk group and 48.7% (95% CI 38.29–61.8) for the low-risk 
group at 77 months (Table 4). These findings suggest that 
the risk score of seven prognostic genes could be used as 
a prognostic marker. Furthermore, the time-dependent 
ROC curve was used to assess the predictive power of the 
seven prognostic genes for the overall survival prediction 
in training and validation groups. As shown in (Fig. 3b) 
the AUC for 5  years for overall survival in the training 
group was 0.91, and to confirm the predictive value of the 
gene signature, the TCGA-dataset group was used to test 
the finding, the result showed that the AUC for 5 years in 
the validation group was 0.7 (Fig. 4b). Thus, these results 
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Fig. 4 The prognostic performance of the 7‑gene prognostic signature in the validation group. a Kaplan–Meier survival analysis of the seven‑gene 
prognostic signature. b The receiver operating characteristic (ROC) curve analysis of seven‑gene prognostic signature. c The distribution of risk 
scores (upper panel), the distribution of survival time (middle panel), and seven‑gene expression profiles (bottom panel). Black dotted lines 
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the low‑risk group are represented by green lines and dots. AUC  area under the curve, RIMS2 Regulating Synaptic Membrane Exocytosis 2, UCN2 
Urocortin 2, PGM5 Phosphoglucomutases, CAVIN2 Caveolae Associated Protein 2, CLIC6 Chloride Intracellular Channel 6, GRIA1 Glutamate Ionotropic 
Receptor AMPA Type Subunit 1, PKHD1L1 Polycystic Kidney and Hepatic Disease 1‑Like 1



Page 9 of 16Al‑Dherasi et al. Cancer Cell Int          (2021) 21:294  

+ +
+ +++ + +++++ ++++ ++++++++++++++++++++++++++++ ++

+ ++++ + +++++ + +++++++ ++++ ++++++++++ ++ ++ ++

0.00

0.25

0.50

0.75

1.00

0 20 40 60
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

RIMS2

+ +
++ ++++++++ +++++++ ++++++++++++++++++++++ + ++ +

+
++++++

++++++ + + ++ + ++ ++++++++ ++++++++ +++

0.00

0.25

0.50

0.75

1.00

0 20 40 60
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

UCN2

+
+++++

++ + ++ ++ + ++++++++++ +++++++ + ++ + + +

+ + + ++++++ + +++++++ + +++++ +++++++ ++++++++++++++ + +++

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

GRIA1

+
++++++

++ + + ++ + +++ +++++++++++++ ++ +++ + +++

+ +
++++++ + ++++++++ + ++++ +++++++++ ++++++++++++ ++ +

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

CAVIN2

+
+ + +

++++ +++ + +++ + ++++++++++++++ ++++++ ++

+ +++++ + + +++++++++++++++ ++++++++++++++ +++++ ++ ++

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

CLIC6

+++ + + + +++ ++ ++++++++++++ +++++++ ++++ + + ++

+ + +
++ ++++++ + + +++++++ +++ +++++++++ ++++++++++++ + ++

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80
Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

PGM5

+
+
+++ +

+++ + + ++ + ++++++++++++ +++++ + ++ + + +

+ +
+ +++++ +++++++++ +++ ++++++++++++++++++++++++ + +++

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80

8080

Time (month)

Su
rv

iv
al

 p
ro

ba
bi

lit
y

PKHD1L1

Low expression
High expression High expression High expression

High expression High expression

High expression

High expression

Low expression Low expression

Low expression Low expression

Low expression

Low expression

P < 0.05 P < 0.05 P < 0.0032 P < 0.05

P < 0.002P < 0.01P < 0.04

Fig. 5 Kaplan–Meier survival analysis of the seven genes (RIMS2, UCN2, GRIA1, CAVIN2, CLIC6, PGM5, PKHD1L1). Long survival of LUAD patients was 
associated with low expression of RIMS2 and UCN2, while the overexpression of GRIA1, CAVIN2, CLIC6, PGM5, PKHD1L1 was associated with long 
survival of patients with LUAD

Table 4 Overall survival, 7‑gene signature, and Kaplan–Meier estimates

NA indicate that there is no available events

NE represent that the value could not be estimated
a Represent the hazard ratio for death
b Indicate the date for censorship of patients on the date the patient was last known to be alive

Variables Groups

Training group Low risk (n = 51) High risk (n = 51)

Deaths—no. (%)a 2 15

Data  censoredb 49 36

Median overall survival—mo (95% CI) NE NE

The overall survival (95% CI) by Kaplan–Meier estimation

 3.60 mo NA 98 (94.3–1)

 10.70 mo NA 90.2 (82.4–98.7)

 13 mo 98 (94.2–1) 84.3 (74.9–94.9)

 23.57 mo NA 82.3 (72.5–93.5)

 27 mo 96 (90.7–1) 76.2 (65.3–88.9)

 31 mo NA 73.9 (62.6–87.2)

 31.5 mo NA 68.6 (56.4–83.5)

Validation group (TCGA data) Low risk (n = 261) High risk (n = 261)

Deaths—no. (%)a 62 125

Data  censoredb 199 136

Median overall survival—mo (95% CI) 77.3 (55.1–NE) 36 (31.6–42.2)

The overall survival (95% CI) by Kaplan–Meier estimation

36–39.8 mo 75.4 (68.77–82.7) 49.9 (42.95–58.1)

77–79 mo 48.7 (38.29–61.8) 25.1 (17.72–35.6)

106–112 mo 42.6 (29.85–60.7) 15.2 (8.21–28.2)
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confirm that the 7 prognostic genes can be a prognostic 
predictor for LUAD.

The signature of seven‑genes as an independent predictive 
factor
Univariate and multivariate cox regression analyses were 
implemented to evaluate the contribution of the seven-
gene signature as an independent prognostic biomarker 
in the LUAD training group and LUAD TCGA valida-
tion group. The seven-gene signature and other clinico-
pathological factors, including sex, age, stage, tumor size, 
and smoking, were included as covariates in the training 
group. Sex, stage, age, stage T, stage N, and stage M were 
included as covariates in the validation group. Univariate 
regression analysis indicated that risk score, stage, and 
tumor size (risk score: P < 0.001, stage: P < 0.001, tumor 
size: p = 0.008, Fig. 6a) were significantly associated with 
patient survival in the LUAD training set. Risk score, 
T, N, M, and stage (risk score: P < 0.001, T: P < 0.001, N: 
P < 0.001, M: P = 0.035, and stage: P < 0.001, Fig. 6c) have 

significant correlation with OS of the LUAD-TCGA vali-
dation set. The corresponding multivariate cox regression 
analysis revealed and confirmed that pathological stage 
(HR = 2.312, 95% CI 1.381 − 3.870, P = 0.001, Fig.  6b), 
tumor size (HR = 4.339, 95% CI 1.143–16.468, P = 0.031, 
Fig. 6b), and risk score (HR = 1.040, 95% CI 1.019–1.062, 
P < 0.001, Fig.  6b) were significant independent risk fac-
tors of other clinical factors for the overall survival of the 
training group. Furthermore, multivariate cox regression 
analysis confirmed that only the risk score (HR = 1.893, 
95% CI 1.480–2.422, P < 0.001, Fig. 6d) was an independ-
ent risk factor in the validation group. These results show 
the independence of the seven-gene signature as a risk 
factor for diagnosing patients with lung adenocarcinoma.

Stratification analysis
A stratification analysis was conducted to evalu-
ate the ability of a seven-gene signature for pre-
dicting patient overall survival within the different 
subgroups. (Fig.  7) show that the seven-gene signature 
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Fig. 6 Cox regression analyses of risk score and clinical variables associated with the survival rate. a, b Univariate cox regression analyses in the 
training and validation groups, respectively. c, d Multivariate cox regression analyses in the training and validation groups, respectively
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acts as a useful biomarker for predicting patient sur-
vival in the different subsets in the training group, 
non smokers [P = 0.009] and current/former-smokers 
[P = 0.021]; patients aged ≥ 60  years [P = 0.026] and 
age < 60  years [P < 0.001]; tumor size ≥ 3  cm [P = 0.042], 
tumor size < 3  cm [P = 0.015]; stage I/IIIA [P = 0.0004]; 
and male [P = 0.017] and female [P = 0.0015] and in the 

LUAD-TCGA group, age ≥ 60 [P < 0.001] and age < 60 
[P < 0.02]; male [P = 0.0006] and female [P = 0.0005]; 
stage I/II [P = 0.00081] or stage III/IV [P = 0.0066]; T1/
T2 [P < 0.001], T3/4 [P = 0.05], M0/M1 [P < 0.0001], N0/
N1 [P = 0.00016], and N2/N3 [P = 0.0087]. The results 
showed that the seven-gene signature could stratify the 
patients in each subgroup into high- and low-risk groups. 

a g

b h

ic

d j

e f k

Fig. 7 Kaplan–Meier survival analysis of the seven‑gene risk score level for patients stratified by gender, history of smoking, age, tumor size and 
stage in the training group (Fudan). In the validation group (TCGA) the patients stratified by gender, age, stage, pT‑stage, N‑stage, M‑stage
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These results showed that patients in the high-risk group 
had a shorter and worse overall survival than those in the 
low-risk group. These results confirm the possibility of 
using this classification based on risk score to predict the 
overall survival of patients with LUAD.

The correlation of prognostic seven genes with EGFR 
and KRAS mutations in LUAD patients
The results of mutation analysis (data not shown) using 
WES analysis for LUAD patients showed that 21 out of 
102 patients had an EGFR mutation and two patients had 
a KRAS mutation. In order to investigate the relationship 
of gene expression of the seven genes, KRAS and EGFR 
mutations, we performed a combined analysis of gene 
expression and gene mutation. The results showed that 
the difference in the gene expression of the seven genes 
in the case of EGFR mutant and wild-type patients was 
observed only in the UCN2 P value = 0.049 (Additional 
file 3: Figure S1). Meanwhile,  additional file 4: Figure S2 
showed a negative correlation between the gene expres-
sion of the seven genes and KRAS mutant and wild-
type patients. This result indicates that EGFR and KRAS 
mutations have no impact on the gene expression and 
prognostic role of the seven prognostic genes.

GO and signaling pathway enrichment analysis 
of 7‑prognostic genes
GO functional enrichment analysis and KEEG pathway 
of the seven prognostic candidate genes were conducted 
by using online OmicsBean tool in order to identify the 
underlying GO terms process and pathways within these 
genes. The results showed that some genes were enriched 
in biological processes including regulation transport, 
regulation of localization, cyclic-nucleotide-mediated 
signaling and cAMP-mediated signaling (Additional 
file 5: Figure S3A), while some of the genes were enriched 
in molecular function including D4 dopamine receptor 
binding, AMPA glutamate receptor activity and G-pro-
tein coupled receptor binding (Additional file  5: Figure 
S3C). The main cell component in which some genes 
were enriched includes plasma membrane region, mem-
brane region and cell junction (Additional file  5: Figure 
S3B). In addition, the result of KEGG analysis showed 
that different pathways were included but the main path-
way was neuroactive ligand-receptor interaction (Addi-
tional file 5: Figure S3D).

Discussion
When considering prognosis, NSCLC is believed to be 
an extremely heterogeneous disease where survival time 
among patients differs based on their pathological stages. 

Traditional clinicopathological variables, such as TNM 
level, tumor size, sex, age, as well as tumor factors, such 
as cell differentiation, vascular invasion, and vascularity, 
have been used in a broad framework to predict patient 
outcomes for diagnosis and treatment of patients with 
NSCLC. Predicting outcomes was insufficient due to the 
difference in effectiveness from different treatment strat-
egies [29–31]. Consequently, inspecting molecular prog-
nostic markers that reliably represent the biological traits 
of tumors is crucial for the treatment of patients with 
NSCLC, as well as for individualized prevention.

Previous studies have shown that molecular biomark-
ers and molecular signatures have received considerable 
interest from researchers and are used in clinical practice 
for many aspects of cancer, including tumorigenesis, pro-
gression, and prognosis [32]. Overall, almost all studies 
used the training group to develop and build the molec-
ular signatures depend on the selection of overlapping 
genes in most databases, and this could lead to the recur-
rence of some genes in the new signatures; thus, this phe-
nomenon may lead to similarity or convergence of the 
results, in addition to other concerns such as the absence 
of external independent verification, small sample size or 
effective verification that may hinder the efficiency and 
power of the prognostic model. In the current study, we 
established a 7-gene prognostic signature by selecting 
the genes that were significantly related to survival in 
patients with lung adenocarcinoma (LUAD) and have not 
been reported in the previous studies as prognostic genes 
to predict overall survival in LUAD patients. The consist-
ent finding was achieved in another independent group 
of LUAD patients from the TCGA database. Our seven-
gene prognostic signature significantly identified the high 
and low-risk LUAD patients with significant differences 
in overall survival. The ROC curve showed that the pre-
dictive performance of the 7-gene prognostic signature 
as a prognostic marker was superior both in Fudan and 
TCGA datasets, these results indicate compatibility in 
our signature between both data. Stratification analysis 
and cox regression (univariate and multivariate) analysis 
showed that the 7-gene prognostic signature was an inde-
pendent prognostic marker. Our results suggested that a 
gene signature based on seven genes can be sufficiently 
effective and promising prognostic biomarker of survival 
in lung adenocarcinoma patients.

Commonly, prognostic gene signatures [33, 34] clas-
sify patients into high or low-risk groups. Zuo et al. [20] 
identified a six-gene signature; however, the AUC was 
0.749, 0.685, and 0.667 in the three independent data-
sets GSE31210, GSE37745, and GSE50081, respectively. 
Li et  al. [35] identified an eight-gene prognostic signa-
ture that may act as prognostic marker of patients with 
lung adenocarcinoma. Xie et al. [18] identified a six-gene 
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signature based on integrated analysis and weight gene 
co-expression network. The AUC was 0.99 and 0.82 
or 0.77 and 0.75 in predicting 1–10  years of survival of 
TCGA-LUAD and GSE11969 datasets, respectively. Jiang 
et al. [36] identified a gene signature of 10 genes, where 
this 10-gene signature was able to classify patients into 
a high-risk group and a low-risk group. The predictive 
power of this signature were 0.753, 0.724, and 0.73 on the 
basis of AUC for 1, 3 and 5  years survival respectively. 
Zhang et al. [37] identified a gene signature of nine genes 
that helps predict poor prognosis for lung adenocarci-
noma patients. The AUC was 0.71. Liu et al. [38] estab-
lished a four-gene signature related to glycolysis that can 
predict the outcome of patients with lung adenocarci-
noma. Li et al. [39] established an eight-miRNA signature 
to predict survival for LUAD patients where the AUC 
for 5 years was 0.626, however, this signature lacked the 
external validation in an independent group. Peng et  al. 
[40] developed a robust prognostic signature consisting 
of two lncRNAs (C1orf132 and TMPO-AS1) for stage 
I–II LUAD patients without receiving adjuvant therapy. 
By contrast, the AUC of our seven-gene signature was 
higher given that seven genes were used, which makes it 
suitable for clinical application.

The seven genes in our signature consist of UCN2 and 
RIMS2 as risk factors and CAVIN2, GRIA1, PKHD1L1, 
PGM5, and CLIC6 as protective factors. CLIC6 is a 
member of the intracellular chloride channels consisting 
one of the dopamine receptor-mediated signaling path-
ways and has changed its expression in breast cancer [41, 
42]. The prognosis of patients’ cancer outcomes has not 
been reported previously. Chen Zheng et al. [43] reported 
that PKHD1L1 may be a PTC-associated tumor suppres-
sor gene and a potential molecular biomarker useful as a 
therapeutic target in the coming years. PGM5 is a diag-
nostic and prognostic biomarker independently associ-
ated with the survival of patients with liver cancer [44] 
and colorectal cancer [45]. Tilley et al. [46] reported that 
increased expression and hypermethylation of GRIA1 
was correlated with survival in patients with basal-like 
bladder cancer and was used as a prognostic biomarker. 
Another report for Yang et  al. [47] showed that GRIA1 
is one of the top 10 target genes in the protein–protein 
interaction network present in the five-miRNA signa-
ture model used as a novel prognosis biomarker and 
therapeutic target for patients with colorectal cancer. 
Codenotti et  al. [48] reported that CAVIN2 is a useful 
marker for discriminating the degree of differentiation 
in liposarcoma tumors. Annabi et al. [49] highlighted the 
role of CAVIN2 in the regulation of each inflammatory 
and angiogenic for TNF-activated MSC. No previous 
reports are related to the prognosis of cancer outcomes 
in patients. Esnault et  al. [50] reported that UCN2 has 

the downstream function of inflammation, tissue remod-
eling, and lipid synthesis in human lung fibroblasts. On 
the other hand, our result of the UCN2 did not compat-
ible to the previous study of Hao et al. [51] and this may 
be attributed to the different study conditions, more veri-
fication in the future is needed to confirm the results. No 
previous survival prediction studies have been reported 
for patients with cancer. RIMS2 has been reported to be 
mutated in melanoma [52], and no other studies on the 
prediction of outcomes in patients with cancer have been 
reported.

We further explored the correlation among patients 
with KRAS, EGFR mutations and the predictive value of 
the seven genes. The results showed a negative correla-
tion between the predictive value of the seven genes and 
KRAS, while only the UCN2 predictive value showed 
a positive correlation with EGFR. These results sug-
gested that the predictive values of the seven genes are 
independent and there is no effect of both mutations on 
the gene expression of these genes as well as their pre-
diction role. Subsequent GO and KEGG enrichment 
analysis indicate that genes in the prognostic model 
were enriched in the different biological functions 
including regulation, cyclic-nucleotide-mediated sign-
aling, cAMP-mediated signaling, cell junction, plasma 
membrane region and membrane region, D4 dopamine 
receptor binding, AMPA glutamate receptor activity and 
G-protein coupled receptor binding and neuroactive 
ligand-receptor interaction pathway. These enrichment 
findings indicated that the oncogenesis and development 
of LUAD may be mediated by these biological functions. 
However, the mechanism that binds genes to each other 
is still unknown and needs further research in the future.

Overall, our study has established an accurate and effec-
tive 7-gene prognostic signature to predict survival for 
LUAD patients by using genes related to survival that are 
not reported in previous studies. The risk score based on 
these seven prognostic genes is characterized by a good 
predictive performance and it was able to effectively dis-
tinguish high-risk LUAD patients from low-risk patients in 
addition to its ability to stratify patients in the subgroups 
making it a useful tool for follow-up monitoring and prog-
nosis of LUAD patients and reducing the excessive cost of 
molecular diagnosis. In addition, the seven genes and their 
participation in the prognosis of the LUAD and predicting 
the patients survival have not been reported in the liter-
ature, therefore, our study is the first to identify the pre-
dictability of the seven genes and their independence from 
the other clinical features in the prediction. However, like 
any other research work, there are some limitations to our 
study; first, since our study relied mainly on computational 
analysis, it is necessary to achieve these results through 
further biological experiments in the future; second, the 
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potential biological mechanisms and pathways linking the 
seven genes in the prognostic signature are still unclear 
and need further investigation.

Conclusions
In summary, we proposed a new 7-gene prognostic sig-
nature as an independent prognostic biomarker charac-
terized by good predictive performance to predict the 
overall survival of LUAD patients. The 7-gene prognostic 
signature may help with early detection, accurately assess 
patient diagnosis, contribute to follow-up monitoring 
and help clinicians make effective decisions regarding the 
potential individual treatment of LUAD patients, which 
improves their survival. In addition, these genes may be 
used as therapeutic targets in the future.
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