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Abstract. – OBJECTIVE: The study aims to 
construct a multi-gene risk scoring model that 
can be used to predict the prognosis of patients 
with lung squamous cell carcinoma (LUSC).

PATIENTS AND METHODS: RNA-seq data 
from 494 LUSC tumor samples and 49 peripheral 
lung tissue samples were obtained from TCGA_
LUSC database. Differential analysis was con-
ducted using edgeR to screen differentially ex-
pressed lncRNAs (DElncRNAs) between LUSC 
and normal samples. Univariate Cox regression 
analysis was used to screen lncRNAs that were 
significantly correlated with LUSC prognosis. 
LASSO regression model was built to reduce 
complexity. The LUSC prognostic model based 
on lncRNAs was established by multivariate 
Cox regression analysis, which was evaluated 
by ROC curves and survival analysis. ROC and 
Kaplan-Meier survival curves of each lncRNA in 
the model were plotted and compared.

RESULTS: 2085 DElncRNAs were identified. 
Combined with univariate Cox regression analy-
sis, 342 prognosis-related genes were screened. 
After LASSO regression analysis, 11 lncRNAs 
tightly related to LUSC prognosis were identi-
fied and a risk scoring model was construct-
ed. ROC curve analysis proved the good per-
formance of the model. The Kaplan-Meier sur-
vival curve showed that the mortality in high-
risk group was significantly higher. The survival 
analysis results of each lncRNA were also con-
sistent with the prediction in Cox regression.

CONCLUSIONS: Our results suggested that 
the 11-lncRNA risk scoring model may provide 
a new insight for predicting prognosis of LUSC 
patients.
Key Words:
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sis, Risk scoring.

Introduction

Lung cancer is one of the most common malig-
nancies in the world, and can be roughly divided 
into small cell lung cancer (SCLC) and non-small 

cell lung cancer (NSCLC)1. Lung squamous cell 
carcinoma (LUSC) is the most common subtype 
of NSCLC with high molecular complexity2. It 
accounts for about 30% of all NSCLC3. Most 
LUSC patients were diagnosed with advanced 
stage4, resulting in poor therapeutic effect, high 
recurrence rate and poor prognosis5. The main 
reason is that LUSC cells often penetrate into 
adjacent tissues without a defined range. In some 
ways it contributes to a high level of LUSC recur-
rence, making survival outcomes more difficult 
to assess. In conclusion, effective prognosis pre-
diction of LUSC is essential to improve the sur-
vival rate of LUSC patients6. It is urgent to find 
specific biomarkers which are deficient currently 
for LUSC prognosis in clinical practice7. 

Long non-coding RNAs (lncRNAs) are a group 
of non-coding RNAs with a length of more than 
200 nucleotides7. They are transcribed from thou-
sands of sites in mammalian genome8 and are 
important regulators in various biological and 
pathological processes9. In nucleus, lncRNAs are 
involved in the organization of chromatin, tran-
scription and post-transcriptional gene expression 
regulation and other biological processes, which 
also act as the structural framework of nuclear do-
main10. In cytoplasm, lncRNA binds to ribosomes 
to regulate mRNA stability and translation11,12. 
LncRNAs may play a crucial role in the physiolo-
gy and pathology of human diseases as oncogenes 
or tumor suppressor genes7. They can drive the 
initiation, proliferation and metastasis of tumors, 
and can be used as biomarkers for the diagnosis 
and prognosis of lung cancer13-16. So far, only a 
few lncRNA-based models for LUSC prognosis 
prediction have been developed6,17,18 with different 
results. Thus, it is of great significance to study the 
prognostic value of lncRNAs in LUSC.

In this study, edgeR was used to analyze 
HTSeq-Counts data downloaded from the TC-
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GA database for screening prognostic lncRNAs. 
Through the construction of LASSO model and 
Cox regression analysis, the 11-lncRNA risk 
scoring model related to the prognosis of LUSC 
was determined and provided a new reference 
for evaluating the prognosis of LUSC patients.

Patients and Methods

Data and Patients
LUSC and normal adjacent tissues were down-

loaded from The Cancer Genome Atlas (TCGA, 
https://cancergenome.nih.gov/), which included 
494 LUSC and 49 unpaired normal lung tissue 
samples with corresponding clinical pathologic 
information. This study conforms to the publica-
tion guidelines provided by TCGA. 

Identification of Potential Prognostic 
LncRNAs Associated with Overall 
Survival (OS) in LUSC Patients

9735 lncRNAs expression profiles were ob-
tained from the TCGA-LUSC group. EdgeR 
package (bioconductor.org/packages/release/bi-
oc/html/edgeR.html) was used to identify differ-
entially expressed lncRNAs (DElncRNAs) be-
tween LUSC and normal samples. |logFC|>2 and 
p-value<0.05 were set as threshold. Univariate 
Cox regression analysis was used to evaluate 
each gene and to screen the lncRNAs that were 
significantly related to LUSC prognosis. In order 
to avoid over-fitting of the subsequent multivari-
ate Cox regression model, the LASSO regression 
model was constructed to reduce the complexity.

Then, multivariate Cox regression was per-
formed to obtain the risk scoring model related 
to LUSC prognosis, and the patients were ranked 
according to the risk score. In addition, we eval-
uated the predictive value through the time-de-
pendent receiver operating characteristic (ROC) 
curves. The area unnder the ROC curves (AUC) 
was calculated to determine the performance 
of the risk scoring model. The Kaplan-Meier 
survival curve was used to compare survival dif-
ferences between high-risk and low-risk groups. 
Finally, ROC and Kaplan-Meier survival curves 
of each lncRNA in the risk scoring model were 
compared with the those of the risk model.

Statistical Analysis
Univariate and multivariate Cox regression 

analysis were carried out in TCGA dataset. LAS-
SO statistical algorithm was carried out using the 

“glmnet” software package (https://www.r-proj-
ect.org/) in R software. Statistical analysis was 
performed using Statistical Product and Service 
Solution (SPSS) 23.0 (IBM Corp., Armonk, NY, 
USA), and p<0.05 was considered statistically 
significant unless otherwise indicated. GraphPad 
Prism5 (GraphPad Software Inc, San Diego, CA, 
USA) was used to plot ROC curves.

Results

Differential Expression Profiles and 
Identification of Prognostic LncRNAs

2085 DElncRNAs were screened out from the 
TCGA-LUSC database (Figure 1A). Then, univar-
iate Cox regression analysis was performed, and 
342 lncRNAs were screened with p-value<0.1 as 
the threshold. In order to prevent the over-fitting 
of the subsequent multivariate Cox regression 
model, LASSO regression model was constructed 
to further analyze the 342 genes (Figure 1B) to 
reduce the complexity. When the β value was 11, 
the simulation fitting was optimal. So, 11 genes 
were selected for model construction. Multivar-
iate Cox proportional hazard regression analysis 
was performed on the 11 lncRNAs to further 
evaluate the prognostic value. As shown in Figure 
1C, ADAMTS9-AS2, LINC00628, LINC00961, 
RP11-374A4.1, CTB-147C22.9, RP11-697M17.2, 
and RP11-76C10.2 were high-risk genes, while 
RP6-24A23.7, RP11-279O17.1, RP11-133K1.11 
and RP11-1085N6.3 were low-risk genes.

Assessment of the 11-LncRNA Risk 
Scoring Model in LUSC Patients 
from TCGA

According to the 11 lncRNAs screened by the above 
analysis, the risk scoring model was constructed as fol-
lows: Risk_Score = (-0.041629506*RP6-24A23.7) + 
(0.10370246*LINC00961)  +  (0.13273787*ADAMTS9-
AS2) + (-0.154425544*RP11-279O17.1) 
+ (-0.113445439*RP11-133K1.11) + 
(0.089693068*LINC00628) + (-0.153722976*RP11-
1085N6.3) + (0.130026784*RP11-374A4.1) + 
(0.178922776*CTB-147C22.9) + (0.312789492*RP11-
697M17.2) + (0.164686718*RP11-76C10.2). In or-
der to identify the correlation between the risk 
score of the 11-lncRNA model and their clini-
copathological characteristics, the patients from 
TCGA were divided into high-risk group and 
low-risk group. The median risk score was set as 
the critical value. As shown in Table I, there was 
no statistical difference in gender, age, smoking 
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status, and pathological stages between patients 
with a high-risk score and a low risk score, sug-
gesting that the prognostic ability of the model 
was independent. The event of the high- and 
low-risk groups showed significant differences, 
indicating that the model could distinguish the 
survival status. In addition, the ROC curves 
showed that the AUC of the 11-lncRNA risk scor-
ing model was 0.756 (Figure 2A). While the AUC 
of each lncRNA in this model (Figure 3) was 
smaller than that of the risk scoring model, indi-
cating that risk scoring model was a good indi-
cator of survival prediction with better accuracy. 
The Kaplan-Meier curve (Figure 2B) showed that 
the OS of the high-risk group was significantly 
shorter than that of the low-risk group (p<0.05).

Subsequently, the risk scores of the patients in 
the training group were ranked, and the survival 

status of each patient was dot plotted (Figure 2C). 
It was found that the mortality rate of patients in 
the high-risk group was significantly higher than 
that of patients in the low-risk group. The expres-
sion heat map for lncRNAs (Figure 2D) showed 
that the expression levels of RP6-24A23.7, RP11-
279O17.1, RP11-133K1.11 and RP11-1085N6.3 
were decreased with the increase of risk score. 
While the expression levels of ADAMTS9-AS2, 
LINC00628, LINC00961, RP11-374A4.1, CTB-
147C22.9, RP11-697M17.2 and RP11-76C10.2 
were increased with the increase of risk score. It 
was consistent with the prediction result of multi-
variate Cox regression analysis. 

Survival Analysis Verification
In the training set, Kaplan-Meier survival anal-

ysis was performed on the above 11 lncRNAs. The 

Figure 1. Differential expression profiles and identification of prognostic lncRNAs. A, Volcano maps of DElncRNAs (The 
red dots represent the up-regulated lncRNAs and the green dots represent the down-regulated lncRNAs). B, LASSO regression 
model. C, Multivariate Cox proportional hazard regression analysis of 11 lncRNAs.
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results showed that patients with high expression 
of lncRNAs, including ADAMTS9-AS2 (Fig-
ure 4A), LINC00628 (Figure 4B), LINC00961 

(Figure 4C), RP11-374A4.1 (Figure 4D), CTB-
147C22.9 (Figure 4E), RP11-697M17.2 (Figure 
4F) and RP11-76C10.2 (Figure 4G) tended to have 

Table I. Association between risk scores of 11-lncRNA markers and clinicopathological characteristics.

	 Variables	 Low risk (n = 234)	 High risk (n = 234)	 p-value

Gender			   0.116
    Female	 54 (23.1%)	 70 (29.9%)	
    Male	 180 (76.9%)	 164 (70.1%)	
Age (years)		  0.463
    Age < 60	 44 (18.8%)	 37 (15.8%)	
    Age ≥ 60	 190 (81.2%)	 197 (84.2%)	
Smoking (years)		  0.603
    1	 7 (3.0%)	 11 (4.7%)	
    2	 62 (26.5%)	 69 (29.5%)	
    3	 38 (16.2%)	 43 (18.4%)	
    4	 124 (53.0%)	 109 (46.6%)	
    5	 3 (1.3%)	 2 (0.9%)	
Event			   < 0.001
    Yes	 73 (31.2%)	 132 (56.4%)	
    No	 161 (68.8%)	 102 (43.6%)	
p stage			   0.713
    Stage I	 116 (49.6%)	 117 (50.0%)	
    Stage II	 75 (32.1%)	 73 (31.2%)	
    Stage III	 41 (17.5%)	 39 (16.7%)	
    Stage IV	 2 (0.9%)	 5 (2.1%)	

Figure 2. Assessment of the 11-lncRNA risk scoring model in patients from TCGA. A, ROC curve of the 11-lncRNA risk 
scoring model. B, Kaplan-Meier curve of the high-risk and low-risk groups. C, Risk score distribution of 11 lncRNAs (picture 
above) and survival status of patients (picture below). D, Heat map of 11 lncRNAs expression profiles.
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Figure 3. ROC curves of 11 lncRNAs associated with LUSC prognosis. A-K, ROC curves of ADAMTS9-AS2, LINC00628, LINC00961, RP11-374A4.1, CTB-147C22.9, RP11-
697M17.2, RP11-76C10.2, RP6-24A23.7, RP11-279O17.1, RP11-133K1.11, RP11-1085N6.3.
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Figure 4. Kaplan-Meier estimates OS of LUSC patients based on individual lncRNA. A-K, Kaplan-Meier survival curves of ADAMTS9-AS2, LINC00628, LINC00961, RP11-
374A4.1, CTB-147C22.9, RP11-697M17.2, RP11-76C10.2, RP6-24A23.7, RP11-279O17.1, RP11-133K1.11, RP11-1085N6.3.
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shorter OS, indicating that these 7 lncRNAs were 
high-risk genes. However, patients with high ex-
pression of the other 4 lncRNAs, including RP6-
24A23.7 (Figure 4H), RP11-279O17.1 (Figure 4I), 
RP11-133K1.11 (Figure 4J) and RP11-1085N6.3 
(Figure 4K) tended to have longer OS, indicating 
that these four lncRNAs were low-risk genes. 
The results were consistent with the prediction of 
multivariate Cox regression analysis.

Discussion

LUSC is a common type of lung cancer that 
causes approximately 400,000 deaths worldwide 
each year19. In recent years, as the number of LUSC 
patients with poor prognosis has increased, it is of 
vital importance to select more effective prognostic 
biomarkers to predict LUSC patients’ survival20.

MiRNAs and miRNAs can be used as bio-
markers for LUSC diagnosis and prognosis21-23. 
In recent years, people have begun to study the 
role of lncRNAs in cancer diagnosis and prog-
nosis, and found that lncRNAs are involved in 
carcinogenic or tumor suppressive pathways24. 
The expression of lncRNAs is related to the oc-
currence, metastasis and prognosis of tumors25. 
Many scholars26 have tended to study individual 
lncRNA biomarker, but other have shown that 
combination of several lncRNAs have better pre-
dictive ability than individual lncRNA. Since the 
expression of lncRNA is relatively lower, it may 
easily lead to errors when using individual ln-
cRNA as a biomarker27. Therefore, in this study, 
we conducted a comprehensive analysis of the 
lncRNAs expressed in LUSC and identified a 
total of 2085 DElncRNAs. 342 lncRNAs were se-
lected by univariate Cox regression analysis. The 
LASSO regression model identified 11 lncRNAs 
associated with the prognosis of LUSC, name-
ly ADAMTS9-AS2, LINC00628, LINC00961, 
RP11-374A4.1, CTB-147C22.9, RP11-697M17.2, 
RP11-76C10.2, RP6-24A23.7, RP11-279O17.1, 
RP11-133K1.11 and RP11-1085N6.3.

Then, we proved that the risk scoring model 
constructed by 11 lncRNAs had good perfor-
mance. The prognostic ability of the model was 
independent with patients’ gender, age, smoking 
status and pathological stage, and could distin-
guish survival status preferably, which was com-
pletely different from the previous lncRNA-based 
prognosis models of LUSC6,17,18. The reasons may 
be as follows. Firstly, we used LASSO penalty 
regression model to analyze the 342 genes before 

multivariate Cox regression analysis. Unlike tra-
ditional stepwise regression, LASSO algorithm 
can simultaneously analyze all independent vari-
ables and tends to select the most influential 
variables28. A penalty term was added into reg-
ularization method. Then, the penalty function 
was used for analysis after regularization and the 
coefficient of the variables with less impact will 
become zero29. So, this approach is more accurate 
when dealing with large datasets30. Secondly, we 
also conducted independent survival analysis for 
each lncRNA. The AUC of individual lncRNA 
was smaller than that of the 11-lncRNA mod-
el, which further verified the superiority of the 
model. Among these 11 lncRNAs, ADAMTS9-
AS2, LINC00628, LINC00961, RP11-374A4.1, 
CTB-147C22.9, RP11-697M17.2, RP11-76C10.2 
were high-risk genes, while RP6-24A23.7, RP11-
279O17.1, RP11-133K1.11, RP11-1085N6.3 were 
low-risk genes. Previous investigations have 
shown that ADAMTS9-AS2 is associated with 
the prognosis of gastric cancer31, salivary ade-
noid cystadenocarcinoma32, and glioma33, and 
the expression of LINC00628 is associated with 
the prognosis of breast cancer34. LINC00961 has 
also been considered as a tumor suppressor gene 
and can be used as a prognostic biomarker for 
NSCLC35 and renal cell carcinoma36.

Literature searching on PubMed showed that 
it was the first report exhibiting the correlation 
between RP11-374A4.1, CTB-147C22.9, RP11-
697M17.2, RP11-76C10.2, RP6-24A23.7, RP11-
279O17.1, RP11-133K1.11, RP11-1085N6.3 and 
the prognosis of LUSC. Our study provided a 
11-lncRNA risk scoring model with high ac-
curacy, which indicated that these 11 lncRNAs 
can be used as prognostic biomarkers for LUSC 
patients. The study provides new insight as well 
as a more effective way for LUSC prognosis. 
More studies will be conducted to evaluate 
the biological functions of these lncRNAs by 
studying their effects on cell proliferation and 
apoptosis, further advancing the development of 
tumor prognosis.

Conclusions

We constructed a new 11-lncRNA model to 
predict the prognosis of LUSC. The model had 
good performance and could accurately distin-
guish the prognosis risk of patients with high and 
low risk, thus providing a potential tool for the 
prognosis of LUSC.
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