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Abstract
Background: Lung  adenocarcinoma  (LUAD)  is  a  heterogeneous  disease. 
However  the  inner  sub- groups  of  LUAD  have  not  been  fully  studied.  Markers 
predicted the sub- groups and prognosis of LUAD are badly needed.
Aims: To identify biomarkers associated with the sub- groups and prognosis of 
LUAD.
Materials and Methods: Using nonnegative matrix factorization (NMF) clus-
tering, LUAD patients from The Cancer Genome Atlas (TCGA), Gene Expression 
Omnibus (GEO) datasets and LUAD cell lines from Genomics of Drug Sensitivity 
in  Cancer  (GDSC)  dataset  were  divided  into  different  sub- consensuses  based 
on the gene expression profiling. The overall survival of LUAD patients in each 
sub- consensus was determined by Kaplan- Meier survival analysis. The common 
genes which were differentially expressed  in each sub- consensus of LUAD pa-
tients and LUAD cell lines were identified using TBtools. The predictive accuracy 
of TPX2 and SELENBP1 for theinner sub- consensuses of LUAD was determined 
by Receiver operator characteristic  (ROC) analysis. The Kaplan- Meier  survival 
analysis was also used to test the prognostic significance of TPX2 and SELENBP1 
in LUAD patients.
Results: Using  nonnegative  matrix  factorization  clustering,  LUAD  patients  in 
The Cancer Genome Atlas (TCGA), GSE30219, GSE42127, GSE50081, GSE68465, 
and GSE72094 datasets were divided into three sub- consensuses. Sub- consensus3 
LUAD patients were with low overall survival and were with high TP53 muta-
tions. Similarly, LUAD cell lines were also divided into three sub- consensuses by 
NMF method, and sub- consensus2 cell lines were resistant to EGFR inhibitors. 
Identification of the common genes which were differentially expressed in differ-
ent sub- consensuses of LUAD patients and LUAD cell lines revealed that TPX2 
was  highly  expressed  in  sub- consensus3  LUAD  patients  and  sub- consensus2 
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1   |   BACKGROUND

Lung adenocarcinoma (LUAD) is one of common and le-
thal  type  of  non- small  cell  lung  cancer  (NSCLC).1,2 The 
incidence  and  mortality  of  LUAD  are  increasing  every 
year.3,4 Genetic alterations of LUAD are extensively stud-
ied. Somatically mutant tumor suppressor gene TP53 and 
activated oncogenes EGFR and KRAS are commonly de-
tected in LUAD.5 Although molecular- targeted therapies, 
like  EGFR  inhibition  therapy6,7  and  checkpoint  block-
ade  immune  therapy8,9  have  achieved  some  improve-
ments  in  clinical  outcomes,  the  5- year  survival  rate  of 
LUAD  remains  very  low.  LUAD  is  a  heterogeneous  dis-
ease. Previously, based on the genetic alterations,10,11 the 
mRNA,12– 14  microRNA15– 17  or  long  non- coding  RNA  ex-
pression signature,18– 20 and the immune cells infiltration 
signature,21,22 LUAD could be further divided into differ-
ent sub- groups. In the year of 2014, the Cancer Genome 

Atlas  (TCGA)  research  groups  divided  LUAD  into  six 
clusters  using  iCluster  analysis  by  integrating  the  gene 
expression, DNA methylation, and genetic alterations of 
LUAD.5 Each cluster of LUAD showed different molecu-
lar features. For example, TP53 mutations were enriched 
in  clusters  1– 3  and  SETD2  mutations  were  enriched  in 
cluster 4. This study provided deep understanding of the 
molecular heterogeneity of LUAD. However,  the clinical 
overall survival of those six clusters was not significantly 
different.  So,  new  classification  methods  are  needed  to 
further  reveal  the  inner  sub- consensuses  of  LUAD.  And 
more prognostic makers are needed to predict the thera-
peutic responses and clinical outcomes of LUAD.

Nonnegative  matrix  factorization  (NMF)  is  an  un- 
supervised  sub- consensus  clustering  system.23  By  calcu-
lating the approximation of the factors, NMF could reveal 
the basic patterns of multidimensional data.24,25 NMF has 
been used successfully in many fields, including cancers. 
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Natural Science Foundation (grant nos. 
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LUAD  cell  lines.  On  the  contrary,  SELENBP1  was  highly  expressed  in  sub- 
consensus1 LUAD patients and sub- consensus1 LUAD cell lines. The expression 
levels of TPX2 and SELENBP1 could distinguish sub- consensus3 LUAD patients 
or sub- consensus2 LUAD cell lines from other sub- consensuses of LUAD patients 
or cell lines. Moreover, compared with normal lung tissues, TPX2 was highly ex-
pressed, while, SELENBP1 was lowly expressed in LUAD tissues. Furthermore, 
the higher expression levels of TPX2 were associated with the lower relapse- free 
survival and the lower overall survival of LUAD patients. While, the higher ex-
pression  levels of SELENBP1 were associated with  the higher  relapse- free sur-
vival and higher overall  survival. At  last, we showed  that TP53 mutant LUAD 
patients were with higher TPX2 and lower SELENBP1 expressions.
Discussion: Both  iCluster  and  NMF  method  are  proved  to  be  robust  LUAD 
classification  systems.  However,  the  LUAD  patients  in  different  iclusters 
had no significant clinical overall  survival, while,  sub- consensus3 LUAD pa-
tients  from  NMF  classification  were  with  lower  overall  survival  than  other 
sub- consensuses.
Conclusions: By integrated analysis of 1765 LUAD patients and 64 LUAD cell 
lines,  we  showed  that  NMF  was  a  robust  inner  sub- consensuses  classification 
method of LUAD. TPX2 and SELENBP1 were differentially expressed in different 
LUAD sub-  consensuses, and predicted the inner sub- consensuses of LUAD with 
high accuracy. TPX2 was an unfavorable prognostic biomarker of LUAD which 
was up- regulated in LUAD tissues and associated with the low overall survival 
of LUAD. SELENBP1 was a favorable prognostic biomarker of LUAD which was 
down- regulated in LUAD tissues and associated with the prolonged overall sur-
vival of LUAD.
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Colon cancer patients could be divided into goblet- like, en-
terocyte,  stem- like,  inflammatory, and  transit- amplifying 
five sub- consensuses based on NMF classification.26 And 
this  sub- consensus  classification  system  could  predict 
the clinical outcomes and therapeutic responses of colon 
cancer  patients.  We  also  used  NMF  method  to  identify 
the  sub- consensus  of  colon  cancer  cell  lines  and  found 
a  sub- consensus  of  colon  cancer  cells  was  sensitive  to 
BRAF inhibitors and PI3K- mTOR inhibitors.27 NMF was 
also used for liver cancer classification28– 30 and pancreatic 
cancer classification.31,32 Lung squamous cell  carcinoma 
(LUSC) is another type of NSCLC.33 Using NMF method, 
LUSC  could  be  divided  into  LUSC- A  and  LUSC- B  two 
sub- consensuses  with  different  biological  characteristics 
and clinical outcomes.34 All those results highlighted that 
NMF was a robust cancer classification system. However, 
the robustness of NMF classification system in LUAD was 
not analyzed.

To the best of our knowledge, this is the first integrated 
bioinformatics  study  of  large  cohorts  of  LUAD  patients 
and LUAD cell lines to reveal the inner heterogeneity of 
LUAD by NMF method. Our results provide deep under-
standing  of  the  inner  heterogeneity  of  LUAD.  Our  data 
also  suggests  the  potential  prognostic  biomarkers  and 
therapeutic targets of LUAD.

2   |   MATERIALS AND METHODS

2.1  |  Data collection and processing

TCGA  LUAD  gene  expression  dataset,  DNA  mutation 
dataset,  and  LUAD  clinical  dataset  were  downloaded 
from the TCGA hub (https://tcga.xenah ubs.net).5

The  gene  expression  matrix  of  LUAD  patients  along 
with  the  clinical  survival  information  was  downloaded 
from  the  Gene  Expression  Omnibus  (GEO)  website 
(www.ncbi.nlm.nih.gov/geo),  including  GSE30219,35 
GSE42127,36  GSE50081,37  GSE68465,38  and  GSE7209439 
datasets.  The  gene  expression  series  matrix  of  normal 
lung  tissues  and  LUAD  tissues  was  downloaded  from 
GSE7670,40  GSE10072,41  GSE18842,42  GSE27262,43  and 
GSE3286344 datasets. Raw CEL data and clinical data of 
LUAD patients in MSKCC dataset 1 and MSKCC dataset 
2  were  available  athttp://cbio.mskcc.org/Publi c/lung_
array_data/.45 All the GEO datasets were annotated using 
R software (version 3.5.0). The expression values were av-
eraged by “plyr” package (version 1.8.5).

Gene expression matrix and drug sensitivity of LUAD 
cell  lines  were  downloaded  from  Genomics  of  Drug 
Sensitivity in Cancer (GDSC) project (https://www.cance 
rrxge ne.org/).46

2.2  |  NMF classification of LUAD 
patients and LUAD cell lines

LUAD  patients  and  LUAD  cell  lines  were  divided  into 
two sub- consensuses, three sub- consensuses, or four sub- 
consensuses  by  “NMF”  package  in  R  software  based  on 
the  globe  gene  expression  levels  (version  0.23.0l).  The 
number of sub- consensuses was determined by the num-
ber of ranks.

2.3  |  Survival analysis

The  overall  survival  of  LUAD  patients  in  each  sub- 
consensus was determined by the Kaplan– Meier survival 
analysis which was performed using “survival” package 
(version  3.1- 8)  in  R  statistics  software.  The  prognos-
tic  values  of  TPX2  and  SELENBP1  on  the  relapse- free 
survival or overall survival were also determined using 
“survival” package. P values were calculated by the log- 
rank test.

2.4  |  Heatmap presentation

The  heatmaps  were  generated  using  “pheatmap”  pack-
age (version 1.0.12) in R statistics software. The “average” 
method determined the clustering scale and “correlation” 
method determined the clustering distance.

2.5  |  Venn diagram

The Venn diagram was generated using Wonderful Venn 
in TBtools software (version x32_1_064).47

2.6  |  ROC analysis

The ROC curves were plotted by “pROC” package (version 
1.16.2)  in R statistics  software. The area under  the ROC 
curve (AUC) was also calculated by “pROC” package.

2.7  |  Biological process enrichment analysis

The enriched biological process was identified using The 
Database  for  Annotation,  Visualization,  and  Integrated 
Discovery  (DAVID)  website  (version  6.8;  https://david.
ncifc rf.gov).48,49  The  enriched  biological  processes 
with p values < 0.05 were considered  to be statistically 
significant.

https://tcga.xenahubs.net
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE30219
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE42127
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE50081
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE68465
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE72094
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE7670
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10072
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18842
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE27262
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE32863
http://cbio.mskcc.org/Public/lung_array_data/
http://cbio.mskcc.org/Public/lung_array_data/
https://www.cancerrxgene.org/
https://www.cancerrxgene.org/
https://david.ncifcrf.gov
https://david.ncifcrf.gov
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2.8  |  Statistical analysis

The box plots were generated from GraphPad Prism soft-
ware  (version  5.0).  Statistical  analysis  was  performed 
using the two- tailed paired Student's t- test. P value <0.05 
was chosen to be significantly different.

3   |   RESULTS

3.1  |  Identification of the molecular 
sub- consensuses of LUAD by NMF method 
using TCGA dataset

We designed a working process to study the molecular sub- 
consensuses of LUAD based on NMF classification (Figure 1). 
First, 515 LUAD patients were collected from TCGA dataset.5 
Based  on  the  gene  transcriptional  profiling,  those  patients 
were divided into two sub- consensuses using NMF method. 
In total, 249 LUAD patients were in sub- consensus 1 and 266 
LAUD  patients  were  in  sub- consensus  2.  Consensus  map 
showed the high correlation of LUAD patients in each sub- 
consensus (Figure 2A). Moreover, we found significantly dif-
ferent overall survival in sub- consensus 1 and sub- consensus 
2  LUAD  patients.  LUAD  patients  in  sub- consensus  2  had 
lower overall survival (Figure 2B). Furthermore, LUAD pa-
tients in sub- consensus 2 were with higher TP53 mutations 

(Figure  2C).  However,  the  KRAS,  EGFR,  or  BRAF  muta-
tions in sub- consensus 1 and sub- consensus 2 were not sig-
nificantly different (Figure 2C).

One advantage of NMF classification  is  that  the num-
ber  of  sub- consensuses  can  be  easily  determined  by  the 
number  of  ranks.34  We  further  divided  the  515  LUAD 
patients  into  three  or  four  sub- consensuses  using  NMF 
method  (Figure  2A).  Overall  survival  was  significantly 
different  in  different  sub- consensuses  of  LUAD  patients 
(Figure  2B).  LUAD  patients  in  sub- consensus  3  had  the 
lowest overall survival. TP53, KRAS, and EGFR mutations, 
but not BRAF mutations, were significantly higher in sub- 
consensus 3 of LUAD patients (Figure 2D). Also, in the four 
sub- consensuses  classification,  compared  with  other  sub- 
consensuses,  LUAD  patients  in  sub- consensus  4  had  the 
lowest overall survival (Figure 2B). Those results suggested 
that, using NMF method, LUAD patients from TCGA data-
set could be divided into different sub- consensuses with dif-
ferent molecular characteristics and clinical overall survival.

3.2  |  Validation of the sub- consensuses 
classification of LUAD using five 
independent GEO datasets

Using  the  expression  datasets  deposited  in  GEO  web-
site,  we  further  validated  the  sub- consensuses  NMF 

F I G U R E  1  A working process to 
study the molecular sub- consensuses of 
LUAD based on NMF classification
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F I G U R E  2  Identification of the molecular sub- consensuses of LUAD by NMF method using TCGA dataset. (A) Primary LUAD 
patients from TCGA dataset were divided into two, three, or four sub- consensuses based on the gene transcriptional profiling using NMF 
method. Consensus maps showed the correlation profiling of LUAD derived from two sub- consensuses, three sub- consensuses, or four sub- 
consensuses. (B) The Kaplan– Meier survival analysis was used to determine the overall survival of LUAD patients in each sub- consensus 
derived from two, three, or four sub- consensuses classification. The overall survival p values were calculated by the log- rank test. (C) 
Contingency graphs showed the number of LUAD patients with TP53, KRAS, EGFR, or BRAF mutations in each sub- consensus derived from 
the two sub- consensuses classification. p values were determined using the Chi- squared test. (D) Contingency graphs showed the number of 
LUAD patients with TP53, KRAS, EGFR, or BRAF mutations in each sub- consensus derived from the three sub- consensuses classification
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classification  of  LUAD.  Collectively,  85  LUAD  pa-
tients  from  GSE30219,35  133  LUAD  patients  from 
GSE42127,36 127 LUAD patients  from GSE50081,37 462 
LUAD  patients  from  GSE68465,38  and  442  LUAD  pa-
tients  from  GSE72094  datasets39  were  used  for  further 
studies. Similarly, using NMF classification, LUAD pa-
tients  in  each  GEO  dataset  were  divided  into  two  sub- 
consensuses (Figure S1A). Then, the overall survival of 
each sub- consensus of LUAD patients was determined. 
LUAD  patient  in  sub- consensus  2  had  more  unfavora-
ble prognosis than LUAD patients in sub- consensus 1 in 
GSE30219,  GSE50081,  GSE68465,  and  GSE72094  data-
sets (Figure S1B).

Using  same  strategy,  LUAD  patients  derived 
from  GSE30219,  GSE42127,  GSE50081,  GSE68465, 
and  GSE72094  datasets  were  divided  into  three  sub- 
consensuses,  as  illustrated  in  the  consensus  maps 
(Figure  3A).  Similar  to  the  results  derived  from  TCGA 
dataset,  the Kaplan– Meier survival analysis showed that 
LUAD  patient  in  sub- consensus  3  had  the  worst  overall 
survival  than  LUAD  patients  in  other  sub- consensuses 
in  GSE30219,  GSE42127,  GSE50081,  GSE68465,  and 
GSE72094 datasets (Figure 3B). Furthermore, LUAD pa-
tients  in  sub- consensus  3  were  with  higher  TP53  muta-
tions in GSE72094 dataset (Figure 3C).

So, by integrated analysis of total 1765 LUAD patients 
from TCGA  and  GEO  datasets,  we  concluded  that  three 
sub- consensuses of NMF method was a robust classifica-
tion method of LUAD.

3.3  |  Validation of the sub- consensuses 
classification of LUAD using LUAD 
cell lines

Primary LUAD tissues include LUAD tumor cells, tumor 
stroma  cells,  and  infiltrated  immune  cells.  The  tissue 
complexity may influence the classification of LUAD. On 
the contrary, LUAD cell lines are relatively homogenous, 
and the expression profiling of cell lines may represent the 
intrinsic sub- consensus of LUAD. So, we used LUAD cell 
lines  to validate  the  three  sub- consensuses classification 
of primary LUAD patients.

Gene  expression  data  and  drug  responses  of  64 
LUAD  cell  lines  were  downloaded  from  Genomics 
of  Drug  Sensitivity  in  Cancer  (GDSC)  project.46  First, 

the  64  LUAD  cell  lines  were  divided  into  two  (Figure 
S2A), three, or four sub- consensuses based on the gene 
expression  profiling  using  NMF  method  (Figure  4A). 
Then,  we  tested  the  cell  responses  to  EGFR  inhibitors 
and  chemotherapeutic  drugs  in  different  LUAD  sub- 
consensuses. When the LUAD cell lines were classified 
into two sub- consensuses, cells in sub- consensus 1 were 
more sensitive to EGFR inhibitors afatinib and gefitinib 
(Figure S2B). However, there was no significant differ-
ence in the cetuximab and pelitinib sensitivity between 
sub- consensus  1  and  sub- consensus  2  LUAD  cells 
(Figure S2B).

We then divided the LUAD cell lines into three or four 
sub- consensuses.  However,  the  number  of  cell  lines  of 
sub- consensus  1  in  the  three  sub- consensuses  classifi-
cation and sub- consensus 3  in  the  four  sub- consensuses 
classification  was  very  low  (Figure  4A).  Therefore,  only 
the sub- consensus 1, 2, and 4 in the four sub- consensuses 
classification  were  further  studied.  LUAD  cells  in  sub- 
consensus  2  were  more  resistant  to  EGFR  inhibitors 
afatinib,  cetuximab,  gefitinib,  and  pelitinib  treatment 
compared with LUAD cells  in sub- consensus 1 and sub- 
consensus 4 (Figure 4B). However, there was no significant 
difference in the 5- fluorouracil, irinotecan, docetaxel, and 
etoposide  sensitivity  in  different  LUAD  sub- consensuses 
(Figure 4C).

3.4  |  Transcriptional characteristics of the 
sub- consensus 3 LUAD

In  all  the  TCGA,  GSE30219,  GSE42127,  GSE50081, 
GSE68465,  and  GSE72094  datasets,  the  sub- consensus 
3  LUAD  patients  had  unfavorable  prognosis,  while,  the 
sub- consensus 1 LUAD patients had favorable prognosis. 
Based on the absolute fold changes >2 and p values <0.001 
criterion, the differentially expressed genes between sub- 
consensus  1  and  sub- consensus  3  were  determined.  As 
demonstrated in the clustering heatmaps, 1903 genes were 
differentially expressed in TCGA dataset, 490 genes were 
differentially expressed in GSE30219 dataset, 1466 genes 
were  differentially  expressed  in  GSE42127  dataset, 
528 genes were differentially expressed in GSE50081 data-
set, 153 genes were differentially expressed in GSE68465 
dataset,  and  727  genes  were  differentially  expressed  in 
GSE72094 dataset, respectively (Figure 5A).

F I G U R E  3  Validation of the sub- consensuses classification of LUAD using five independent GEO datasets. (A) Primary LUAD 
patients from GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 datasets were divided into three sub- consensuses based on the 
gene expression profiling. (B) The Kaplan– Meier survival analysis was used to determine the different overall survival of sub- consensus 1, 
sub- consensus 2, and sub- consensus 3 LUAD patients derived from GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 datasets. 
The overall survival p values were determined by the log- rank test. (C) Contingency graphs showed the number of LUAD patients with 
TP53 mutations in each sub- consensus derived from the three sub- consensuses classification in GSE72094 dataset
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F I G U R E  4  Validation of the sub- consensuses classification of LUAD using LUAD cell lines. (A) LUAD cell lines were divided into 
three or four sub- consensuses based on the gene expression profiling using NMF. Consensus maps showed the correlation profiling of 
LUAD cell lines from three sub- consensuses or four sub- consensuses. (B) Box plots showed the LN- IC50 of EGFR inhibitors afatinib, 
cetuximab, gefitinib, and pelitinib in each LUAD sub- consensus of cell lines derived from the four sub- consensuses classification. P values 
were generated by two- tailed paired Student's t- test. (C) Box plots showed the LN- IC50 of chemotherapeutic drugs 5- fluorouracil, irinotecan, 
docetaxel, and etoposide in each LUAD sub- consensus of cell lines derived from the four sub- consensuses classification
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F I G U R E  5  Transcriptional characteristics of the sub- consensus 3 LUAD. (A) Clustering heatmaps showed the differentially expressed 
genes between sub- consensus 1 and sub- consensus 3 LUAD patients in TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 
datasets. Upregulated (red) and downregulated (blue) genes in sub- consensus 3 LUAD patients are shown. (B) Venn diagram showed the 
common genes which were differentially expressed between sub- consensus 1 and sub- consensus 3 LUAD patients in TCGA, GSE30219, 
GSE42127, GSE50081, GSE68465, and GSE72094 datasets. The enriched biological processes of the 16 commonly and differentially 
expressed genes were determined
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Next,  using  overlapping  analysis,  we  tried  to  identify 
the common genes which were differentially expressed in 
sub- consensus  3  LUAD  patients.  As  shown  in  the Venn 
diagram, 16 genes were differentially expressed between 
sub- consensus 1 and sub- consensus 3 LUAD patients  in 
TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and 
GSE72094 datasets  (Figure 5B). The expression  levels of 
those  16  genes  were  further  demonstrated  in  heatmaps 
(Figure S3).  In TCGA, GSE30219, GSE42127, GSE50081, 
GSE68465,  and  GSE72094  datasets,  MMP12,  PLOD2, 
GGH, OIP5, PBK, RRM2, MELK, KIF4A, TPX2, CDKN3, 
and  MAD2L1  were  all  upregulated  in  sub- consensus  3 
LUAD patients, while, HSD17B6, CYP2B7P1, SELENBP1, 
ABCA3,  and  PGC  were  all  downregulated  in  sub- 
consensus  3  LUAD  patients.  Biological  process  enrich-
ment analysis showed that those 16 genes were associated 
with mitotic nuclear division and cell division processes 
(Figure 5B).

3.5  |  TPX2 and SELENBP1 are 
differentially expressed in different LUAD 
sub- consensuses

Genes differentially expressed in sub- consensus 2 LUAD 
cell  lines  were  further  identified.  Based  on  the  p  values 
<0.001 criterion, 654 genes were differentially expressed 
in  sub- consensus  2  LUAD  cell  lines,  compared  with 
sub- consensus  1  LUAD  cell  lines  (Figure  6A).  Further 
overlapping with the genes associated with different sub- 
consensuses of LUAD patients, we found that TPX2 and 
SELENBP1 were two potential predictors of the inner sub- 
consensuses  of  primary  LUAD  patients  and  LUAD  cell 
lines (Figure 6B).

TPX2 is a microtubule- associated gene and is critical to 
the spindle formation during cell cycle progress.50,51 TPX2 
was highly expressed in sub- consensus 3 of LUAD patients 
in  TCGA,  GSE30219,  GSE42127,  GSE50081,  GSE68465, 
and  GSE72094  datasets  (Figure  6C).  On  the  contrary, 
SELENBP1  was  highly  expressed  in  sub- consensus  1  of 
LUAD  patients  (Figure  6C).  Moreover,  in  the  EGFR  in-
hibitors resistant sub- consensus 2 LUAD cell lines, TPX2 
was highly expressed and SELENBP1 was lowly expressed 
(Figure  6D).  Furthermore,  compared  with  T1  stage, 
the  expression  levels  of  TPX2  were  relatively  higher  in 

T2 stage. While, the expression levels of SELENBP1 were 
relatively lower in T2 stage of LUAD patients (Figure 6E). 
Previously,  TCGA  LUAD  research  groups  used  iCluster 
analysis  and  divided  the  TCGA  LUAD  patients  into  six 
clusters.5 TPX2 was highly expressed and SELENBP1 was 
lowly expressed in cluster 1 LUAD patients (Figure 5F).

3.6  |  TPX2 and SELENBP1 are two 
predictors of the sub- consensuses of LUAD

Furthermore,  we  attempted  to  determine  the  predic-
tive  values  of  TPX2  and  SELENBP  in  distinguishing 
the  sub- consensuses  of  LUAD.  The  ROC  analysis  in 
TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and 
GSE72094  datasets  indicated  that  the  expression  levels 
of  TPX2  could  distinguish  sub- consensus  3  from  sub- 
consensus  1  LUAD  patients  with  high  specificity  and 
sensitivity (Figure 7A). Similar predictive specificity and 
sensitivity of SELENBP1 in distinguishing sub- consensus 
3 from sub- consensus 1 LUAD patients were observed in 
TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and 
GSE72094 datasets (Figure 7A). Furthermore, the expres-
sion levels of TPX2 or SELENBP1 also distinguished sub- 
consensus 2 from sub- consensus 1 of LUAD cell lines with 
high accuracy (Figure 7B).

Importantly,  the  expression  levels  of  TPX2  or 
SELENBP1  had  robust  predictive  values  in  the  iClus-
ter  classification.  In  TCGA  LUAD  cohort,  ROC  curves 
showed the similar specificity and sensitivity of TPX2 or 
SELENBP1 to distinguish cluster 1 from cluster 2 TCGA 
LUAD patients (Figure 7C). All those results highlighted 
the  sub- types  predictive  values  of TPX2  and  SELENBP1 
in LUAD.

3.7  |  TPX2 is upregulated in LUAD while 
SELENBP1 is downregulated in LUAD

Next,  we  analyzed  the  expression  levels  of  TPX2  and 
SELENBP1  in  normal  lung  tissues  and  LUAD  tissues. 
Gene  expression  profiling  of  261  normal  lung  tissues 
and  271  LUAD  tissues  was  downloaded  from  TCGA,5 
GSE7670,40 GSE10072,41 GSE18842,42 GSE27262,43 and 
GSE3286344  datasets.  In  all  those  six  datasets,  TPX2 

F I G U R E  6  TPX2 and SELENBP1 are differentially expressed in different LUAD sub- consensuses. (A) Un- supervised clustering 
heatmap demonstrated the differentially expressed genes in sub- consensus 2 LUAD cell lines. (B) Venn diagram depicted the common genes 
associated with the different sub- consensuses of LUAD patients and cell lines. (C) Box plots showed the TPX2 and SELENBP2 expression 
levels in each sub- consensus of LUAD patients derived from TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 datasets. 
p values were generated using the two- tailed paired Student's t- test. (D) Box plots showed the TPX2 and SELENBP2 expression levels in 
each sub- consensus of LUAD cell lines. (E) Box plots showed the TPX2 and SELENBP2 expression levels in T1 and T2 stage of TCGA LUAD 
patients. (F) Box plots showed the expression levels of TPX2 and SELENBP2 in each cluster based on the TCGA LUAD iCluster classification
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was  overexpressed  in  LUAD  tissues,  compared  with 
normal  lung  tissues  (Figure  8A).  On  the  contrary, 
SELENBP1  was  significantly  downregulated  in  LUAD 
tissues  in TCGA, GSE7670, GSE10072, GSE18842, and 
GSE32863 datasets (Figure 8B). Moreover, in GSE30219 
dataset,  TPX2  was  upregulated  in  LUAD  tissues, 

while SELENBP1 was downregulated in LUAD tissues 
(Figure 8A,B).

Furthermore,  TPX2  and  SELENBP1  distinguished 
LUAD  tissues  from  normal  lung  tissues  with  high  ac-
curacy.  The  ROC  curve  analysis  demonstrated  signifi-
cant predictive values of TPX2 in TCGA, GSE10072, and 

F I G U R E  7  TPX2 and SELENBP1 are two predictors of the sub- consensuses of LUAD. (A) ROC curves showed the predictive specificity 
and sensitivity of TPX2 or SELENBP1 to distinguish sub- consensus 3 from sub- consensus 1 LUAD patients derived from TCGA, GSE30219, 
GSE42127, GSE50081, GSE68465, and GSE72094 datasets. (B) ROC curve showed the predictive accuracy of TPX2 or SELENBP1 to 
distinguish sub- consensus 2 from sub- consensus 1 LUAD cell lines. (C) ROC curve showed the predictive values of TPX2 or SELENBP1 in 
distinguishing cluster 1 from cluster 2 LUAD patients based on the TCGA LUAD iCluster classification. AUC, area under the ROC curve
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F I G U R E  8  TPX2 is upregulated in LUAD while SELENBP1 is downregulated in LUAD. (A– B) Box plots demonstrated the different 
expression levels of TPX2 (A) and SELENBP1 (B) in normal lung tissues and LUAD tissues in TCGA, GSE7670, GSE10072, GSE18842, 
GSE27262, GSE32863, and GSE30219 datasets. p values were generated using the two- tailed paired Student's t- test. (C– D) ROC curves 
showed the predictive accuracy of TPX2 (C) or SELENBP1 (D) to distinguish LUAD tissues from normal lung tissues in TCGA, GSE10072, 
and GSE18842 datasets
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GSE18842 datasets (Figure 8C). Particularly in GSE18842 
dataset, the distinguishing of LUAD tissues from normal 
lung  tissues  through  TPX2  expression  was  completely 
accurate  (AUC=1).  Moreover,  high  predictive  specificity 
and  sensitivity  of  SELENBP1  in  TCGA,  GSE10072,  and 
GSE18842 datasets were also observed (Figure 8D).

3.8  |  Higher expression levels of 
TPX2 are associated with the lower relapse- 
free survival and the lower overall 
survival of LUAD

Then,  we  determined  the  prognostic  effects  of  TPX2  in 
LUAD  relapse- free  survival.  First,  in  two  MSKCC  data-
sets,45  higher  expression  levels  of  TPX2  were  correlated 
with  lower  relapse- free  survival  in  patients  with  LUAD 
(Figure  9A).  Furthermore,  the  unfavorable  prognosis  of 
TPX2  in  LUAD  was  validated  in  GSE30219,  GSE50081, 
and GSE68465 datasets. The Kaplan– Meier Plotters dem-
onstrated that TPX2 highly expressed LUAD patients had 
lower  relapse- free  survival  than  TPX2  lowly  expressed 
LUAD patients (Figure 9A).

Previously, we showed that TPX2 was highly expressed 
in sub- consensus 3 LUAD patients, which had low over-
all  survival  in  TCGA,  GSE30219,  GSE42127,  GSE50081, 
GSE68465,  and  GSE72094  datasets.  Consistent  with 
those observations, in all those six datasets, TPX2 highly 
expressed  LUAD  patients  resulted  lower  overall  survival 
than  TPX2  lowly  expressed  LUAD  patients  (Figure  9B), 
suggesting the importance of TPX2 as a negative marker 
in the clinical outcome prediction of LUAD.

3.9  |  Lower expression levels of 
SELENBP1 are associated with the lower 
relapse- free survival and the lower overall 
survival of LUAD

Unlike TPX2, SELENBP1 may serve as a positive marker 
in the clinical outcome prediction of LUAD. First, as we 
previously  showed,  compared  with  the  normal  lung  tis-
sues,  SELENBP1  was  downregulated  in  LUAD  tissues 
(Figure  8B).  Second,  LUAD  patients  with  higher  ex-
pression  levels  of  SELENBP1  were  associated  with  bet-
ter  relapse- free  survival  in  GSE30219,  GSE50081,  and 

GSE68465  datasets  (Figure  10A).  Less  significantly, 
SELENBP1  highly  expressed  LUAD  patients  also  had 
higher  relapse- free  survival  than  SELENBP1  lowly  ex-
pressed  LUAD  patients  in  MSKCC1  and  MSKCC2  data-
sets (Figure 10A).

Third, in TCGA, GSE30219, GSE50081, GSE68465, and 
GSE72094 datasets, significantly different overall survival 
between SELENBP1 highly expressed LUAD patients and 
SELENBP1  lowly  expressed  LUAD  patients  was  demon-
strated  (Figure  10B).  All  those  results  highlighted  the 
prognostic effects of SELENBP1 in patients with LUAD.

3.10  |  Expression levels of 
TPX2 and SELENBP1 are correlated with 
TP53 mutations

Previously, we showed the different TP53, KRAS, and EGFR 
mutations  in  different  sub- consensuses  of  LUAD  patients 
(Figure 2D). So, we detected the expression levels of TPX2 
and SELENBP1 in TP53, KRAS, or EGFR- mutant LUAD pa-
tients and TP53, KRAS, or EGFR wild- type LUAD patients 
derived from TCGA dataset. Compared with TP53 wild- type 
LUAD  patients,  TPX2  was  overexpressed  in  TP53- mutant 
LUAD  patients  (Figure  11A).  However,  SELENBP1  was 
downregulated in TP53- mutant LUAD patients (Figure 11A). 
Moreover, the upregulations of TPX2 and downregulations 
of  SELENBP1  in  TP53- mutant  LUAD  patients  were  con-
firmed  in GSE72094 dataset  (Figure 11B). Furthermore,  in 
both TCGA and GSE72094 datasets, TPX2 was downregu-
lated, while, SELENBP1 was upregulated in EGFR- mutant 
LUAD patients (Figure 11A,B). However, there was no sig-
nificant difference in TPX2 and SELENBP1 expression lev-
els  between  KRAS- mutant  and  wild- type  LUAD  patients 
(Figure  11A,B).  Next,  we  tried  to  determine  if  TPX2  or 
SELENBP1 could also distinguish TP53- mutant from TP53 
wild- type LUAD patients. The ROC analysis showed signifi-
cant AUC values of TPX2 or SELENBP1 in the prediction of 
TP53 status in TCGA and GSE72094 datasets (Figure 11C).

4   |   DISCUSSION

Heterogeneity  poses  great  challenges  in  cancer  prog-
nosis  and  treatment.  With  the  advancements  in  gene 
microarray  and  RNA- Seq  technologies,  classification 

F I G U R E  9  Higher expression levels of TPX2 are associated with the lower relapse- free survival and the lower overall survival of 
LUAD. (A) The Kaplan– Meier Plotters demonstrated the associations between TPX2 and the LUAD relapse- free survival in MSKCC 
dataset 1, MSKCC dataset 2, GSE30219, GSE50081, and GSE68465 datasets. The p values showed the different relapse- free survival between 
TPX2 highly expressed LUAD patients (red) and TPX2 lowly expressed LUAD patients (black). (B) The Kaplan– Meier Plotters demonstrated 
the different overall survival of TPX2 highly expressed LUAD patients (red) and TPX2 lowly expressed LUAD patients (black) in TCGA, 
GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 datasets
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F I G U R E  1 0  Lower expression levels of SELENBP1 are associated with the lower relapse- free survival and the lower overall survival of 
LUAD. (A) The Kaplan– Meier Plotters demonstrated the associations between SELENBP1 and the LUAD relapse- free survival in MSKCC 
dataset 1, MSKCC dataset 2, GSE30219, GSE50081, and GSE68465 datasets. The p values showed the different relapse- free survival between 
SELENBP1 highly expressed LUAD patients (red) and SELENBP1 lowly expressed LUAD patients (black). (B) The Kaplan– Meier Plotters 
demonstrated the different overall survival of SELENBP1 highly expressed LUAD patients (red) with SELENBP1 lowly expressed LUAD 
patients (black) in TCGA, GSE30219, GSE42127, GSE50081, GSE68465, and GSE72094 datasets

F I G U R E  1 1  The expression levels of TPX2 and SELENBP1 are correlated with TP53 mutations. (A) The expression levels of TPX2 
and SELENBP1 in TP53, KRAS, or EGFR- mutant LUAD patients and TP53, KRAS, or EGFR wild- type LUAD patients derived from 
TCGA dataset. p values were generated using the two- tailed paired Student's t- test. (B) The expression levels of TPX2 and SELENBP1 in 
TP53, KRAS, or EGFR- mutant LUAD patients and TP53, KRAS, or EGFR wild- type LUAD patients derived from GSE72094 dataset. (C) 
ROC curves showed the predictive accuracy of TPX2 or SELENBP1 to distinguish TP53- mutant from TP53 wild- type LUAD in TCGA and 
GSE72094 datasets
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systems based on the transcriptional profiling of cancers 
are  developed.  Self- organizing  maps  (SOMs)  cluster-
ing,52,53  integrative  iCluster  clustering,5,54,55  network- 
based  consensus  molecular  classification  (CMS),56,57 
and  nonnegative  matrix  factorization  (NMF)  cluster-
ing26,28,31,34  are  all  proved  to  be  robust  cancer  classifi-
cation systems. However, for the same cohort of tumor 
patients, distinct  clustering methods may  result differ-
ent classification. For example, LUAD patients in TCGA 
dataset were divided into six clusters by iCluster cluster-
ing.5  In  this  study,  the  same  LUAD  patients  in  TCGA 
dataset were classified into three sub- consensuses using 
NMF  classification.  Both  iCluster  and  NMF  method 
divided  the  LUAD  patients  into  different  groups  with 
distinct molecular characteristics. However, the LUAD 
patients in different clusters had no significant clinical 
overall survival, while, sub- consensus 3 LUAD patients 
from  NMF  classification  were  with  lower  overall  sur-
vival than other sub- consensuses.

Different  cohorts  of  patients  and  gene  expression 
technologies pose another  level of  complexity and  fur-
ther  influence  the  classification  results.58,59  Through 
same  NMF  method,  LUAD  patients  from  TCGA, 
GSE30219,  GSE50081,  GSE68465,  and  GSE72094  data-
sets  were  divided  into  two- consensuses  with  different 
overall  survival.  However,  in  GSE42127  dataset,  there 
was  no  significantly  different  overall  survival  between 
sub- consensus  1  and  sub- consensus  2  LUAD  patients. 
Integrating  various  independent  datasets  may  increase 
the statistical robustness. So, in this study, we analyzed 
1765 LUAD patients  from TCGA and  five  independent 
GEO  datasets,  we  found  that  three  sub- consensuses 
of  NMF  method  was  a  robust  classification  method  of 
LUAD.  Moreover, TPX2  and  SELENBP1  were  differen-
tially expressed in the different sub- consensuses of LUAD 
patients  in  TCGA,  GSE30219,  GSE42127,  GSE50081, 
GSE68465, and GSE72094 datasets. Furthermore, TPX2 
and SELENBP1 predicted the inner sub- consensuses of 
LUAD with high accuracy.

Except  transcriptional profiling,  the  immune cells  in-
filtration signature or tumor immune microenvironment 
is another important factor influencing the heterogeneity 
of  LUAD21,22  and  making  it  difficult  to  interpret  the  re-
sults from different LUAD cohorts. On the contrary, clas-
sifications of LUAD cell lines may represent the intrinsic 
heterogeneity  of  LUAD  tumors.  In  this  study,  the  NMF 
method  was  used  in  the  classification  of  64  LUAD  cell 
lines.  LUAD  cell  lines  in  different  sub- consensuses  had 
different responses to EGFR inhibitors. Also, the expres-
sion levels of TPX2 and SELENBP1 were different in the 
different sub- consensuses of LUAD cell lines.

Previous  reports  showed  that,  in  NSCLC  and  in  some 
smoking related LUAD patients, TPX2 was associated with 

poor prognosis.60- 62 In this study, we further showed that, 
compared  with  normal  lung  tissues,  TPX2  was  overex-
pressed  in  LUAD  tissues  in  TCGA,  GSE7670,  GSE10072, 
GSE18842,  GSE27262,  GSE32863,  and  GSE30219  data-
sets.  And  the  overexpression  of  TPX2  was  associated 
with  low relapse- free  survival and  low overall  survival  in 
TCGA,  GSE30219,  GSE42127,  GSE50081,  GSE68465,  and 
GSE72094  datasets.  SELENBP1  was  reported  as  a  tumor 
suppressor gene in many types of tumors.63– 65 The progno-
sis of SELENBP1 in LUAD was unknown. Our data showed 
that SELENBP1 was downregulated in LUAD tissues and 
LAUD patients with higher expression levels of SELENBP1 
were associated with better relapse- free survival and overall 
survival. However, those results were derived from TCGA 
and GEO datasets, further clinical validations of the prog-
nosis of TPX2 and SELENBP1 were needed. Moreover, the 
detailed mechanisms of TPX2 and SELENBP1 in LUAD de-
velopment should be further studied.

5   |   CONCLUSIONS

By  integrated  analysis  of  1765  LUAD  patients  and  64 
LUAD  cell  lines,  we  showed  that  NMF  was  a  robust 
inner sub- consensuses classification method of LUAD. 
Sub- consensus 3 LUAD patients were with  low overall 
survival and were with high TP53 and KRAS mutations. 
And  sub- consensus  2  LUAD  cell  lines  were  resistant 
to  EGFR  inhibitors.  TPX2  and  SELENBP1  were  differ-
entially expressed  in different LUAD sub- consensuses, 
and predicted the inner sub- consensuses of LUAD with 
high  accuracy.  TPX2  was  an  unfavorable  prognostic 
biomarker  of  LUAD  which  was  upregulated  in  LUAD 
tissues  and  associated  with  the  low  overall  survival  of 
LUAD.  SELENBP1  was  a  favorable  prognostic  bio-
marker  of  LUAD  which  was  downregulated  in  LUAD 
tissues  and  associated  with  the  prolonged  overall  sur-
vival of LUAD.
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