L))

Check for
updat

Original Article

Identification of prognostically relevant gene signatures in lung
squamous cell carcinoma by Lung Cancer Explorer

Yuqing Wang', Juan Shen’, Jie Huang’*

"Translational Medicine Research Center, Key Laboratory of Clinical Cancer Pharmacology and Toxicology Research of Zhejiang Province,
Affiliated Hangzhou First People’s Hospital, Zhejiang University School of Medicine, Hangzhou, China; *Zhejiang University School of Medicine,
Hangzhou, China; ‘Department of Oncology, Affiliated Hangzhou Cancer Hospital, Zhejiang University School of Medicine, Hangzhou, China
Contributions: (I) Conception and design: J] Huang; (II) Administrative support: Y Wang, J Huang; (IIT) Provision of study materials or patients:
Y Wang, ] Huang; (IV) Collection and assembly of data: Y Wang, J Shen; (V) Data analysis and interpretation: Y Wang, J Shen; (VI) Manuscript
writing: All authors; (VII) Final approval of manuscript: All authors.

Correspondence to: Jie Huang. Department of Oncology, Affiliated Hangzhou Cancer Hospital, Zhejiang University School of Medicine, No. 34
Yanguan Lane, Shangcheng District, Hangzhou 310006, China. Email: drhunterjefferson@gmail.com.

Background: Biological features and key genes are urgently needed to reveal the transcriptomic landscape and
guide diagnosis and therapy for lung squamous cell carcinoma (LUSC). However, most papers have only focused on
highly expressed genes correlated with poor survival in LUSC, which limits the understanding of this cancer type.
Methods: Meta-analysis results of genes with tumour-normal differential expression and survival association
in LUSC patients provided by the web-tool Lung Cancer Explorer (LCE) were used to determine the
differentially expressed genes (DEGs) and prognostically relevant genes (PRGs); the intersected genes
were divided into groups, and their biological functions were explored by Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analyses. The network of each group was visualized, and the
top-ranked genes were selected by the ‘degree’ method and further tested for their survival association using
the Kaplan-Meier (KM) Plotter web tool. Paired cancer and adjacent tissues from LUSC patients were used
to confirm the differential expression.

Results: A total of 506 genes, as both DEGs and PRGs, were categorized into 4 gene signatures
representing distinct biological features, including regulation of the immune system, epithelium
development, small GTPase-mediated signal transduction, Adenosine diphosphate (ADP) metabolic process,
and glycolysis. Finally, 9 hub genes were identified and subsequently retested to be correlated with survival
through univariate and multivariate Cox regression analyses in KM plotter. Paired clinical samples validated
the changes in mRNA expression of NTRK2, RABI1A4, and CD52.

Conclusions: This study provides more insight into the functional and molecular features of LUSC

through meta-analysis of available data and identifies therapeutic and diagnostic markers for LUSC.
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Introduction survival stage (1,2) for non-small-cell lung cancer patients.

Immunotherapy or combination therapy based on PD1/PD- However, due to the limited overall response rates of such

L1 checkpoint blockers has facilitated a relatively long-term immune checkpoint inhibitors (ICIs) for lung squamous cell
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carcinoma (LUSC) patients regardless of PD-LI expression
status (3), as well as the economic inaccessibility of those
drugs in many countries (4,5), most patients with LUSC
still must receive first-line chemotherapy due to a lack of
precise targeting therapies that have been widely used for
lung adenocarcinoma (6). Hence, it is imperative and urgent
to identify key genes for the prognosis and treatment of
LUSC.

The Cancer Genomics Atlas (TCGA) project and Gene
Expression Omnibus (GEO) have emerged as promising
tools for detection of genetic aberrations in tumorigenesis
and have enabled researchers to seek potential targets for
multiple cancer types, including LUSC. However, the limited
sample numbers collected in each project, the significant
heterogenicity among samples in each dataset and the large
variations among projects due to the inconsistent platforms
and probes used have remarkably restricted the credibility of
the obtained results (7). Indeed, several researchers attempted
to find key genes by looking at common differentially
expressed genes (DEGs) in different datasets (8,9). However,
that approach might somehow decrease the number of
identified DEGs due to different experimental methods
or conditions as well as limited sample numbers and gene
numbers in one or several projects. Additionally, most papers
exploring the transcriptional landscape have only focused on
genes with increased expression in tumour tissues and poor
outcomes in LUSC patients, giving a restricted view of the
whole landscape.

Lung Cancer Explorer (LCE) is a web tool designed
by UT Southwestern’s Quantitative Biomedical Research
Center (QBRC) (10) that facilitates meta-analysis of
datasets from T'CGA, GEO and the individual literature
with gene expression data. This makes the results more
reliable and likely to be repeated due to its careful process,
quality control, clinical information standardization
and rigorous data curation. Thereafter, we explored the
functional and molecular features of LUSC by looking
into the systematic meta-analysis results of tumour-normal
differential expression data and survival association with
the gene expression data provided by the LCE web tool.
DEGs and prognostically relevant genes (PRGs) were
determined, and common genes, as both DEGs and PRGs,
were subsequently categorized. Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses were performed to explore the
functional and pathway variations. Finally, the hub genes in
each category were identified. We further tested the results
for their survival correlation and expression differentiation
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via univariate and multivariate Cox regression analysis using
the KM Plotter website (11) and quantitative real-time
polymerase chain reaction (PCR) comparison of LUSC
and adjacent tissue samples, respectively. In addition, the
associations of those genes with recurrence-free survival
(RFS) were also examined in LUSC. We present the
following article in accordance with the MDAR checklist
(available at http://dx.doi.org/10.21037/tcr-21-222).

Methods
Data collection

We downloaded the tumour-normal gene expression
difference profile and survival association with the gene
expression profile of LUSC from the LCE web tool,
which collected a total of 56 datasets including TCGA
and various GEO datasets focusing on lung cancer
patients, and separately performed meta-analyses for lung
adenocarcinoma (LUAD) and LUSC. In brief, only studies
with at least 10 samples in each group were included in the
gene expression difference meta-analysis, and only studies
with at least 10 samples with survival data were included
in the survival association with gene expression meta-
analysis. Both types of meta-analysis were conducted only
for genes with data available from at least 3 qualifying
studies. Detailed information can be found on the website
Ice.biohpc.swmed.edu/lungcancer/. For survival association
meta-analysis, the R package ‘meta’ (12) was applied to
calculate the summary hazard ratio (HR) from the HRs of
individual datasets. For tumour vs. normal gene expression
meta-analysis, the summary standardized mean difference
(tumour-normal) was calculated with the R package
‘metafor’ (13) using Hedges’ G as an effect size metric.

Identification of DEGs and PRGs

DEGs between LUSC and normal samples were selected
from the tumour-normal gene expression profile with the
cut-off criteria defined as P value <0.05 and the absolute
value of standard mean difference (SMD) >1. PRGs were
screened from the survival association with the gene
expression profile using the cut-off criteria set as |IHR —
11 >0.1 and P value <0.05. Common genes found in both
DEGs and PRGs using the Venn diagram were further
allocated into 4 groups according to their SMD and HR
values: low-pro (SMD <-1 and HR <0.9), high-pro (SMD
>1 and HR <0.9), low-worsen (SMD <-1 and HR >1.1), and
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high-worsen (SMD >1 and HR >1.1). Detailed raw data and
filtered data were listed in https://cdn.amegroups.cn/static/
public/ter-21-222-1 xlsx.

Functional and pathway analysis

GO biological process (BP) functional enrichment
analysis and KEGG pathway enrichment analysis of
the four identified gene sets were performed using the
‘ClusterProfiler’ R package (14). The top 8 ontology or
pathway terms enriched in each gene set that we identified
were visualized using bubble plots. An adjusted P value
<0.05 was considered statistically significant.

PPI network construction and bub gene selection

The protein-protein interaction (PPI) network of each
identified gene signature was visualized using the Search
Tool for the Retrieval of Interacting Genes (STRING,
https://string-db.org/), and interactions with a combined
score >0.15 were extracted and analysed using Cytoscape
software (Version 3.71). CytoHubba, a Cytoscape plugin,
was used to rank the genes in the network by the ‘degree’
method. The top 10 genes were visualized and recognized
as hub genes, and the top 3 genes were selected for further
analysis.

Survival analysis and clinical comparison of bub genes

The KM plotter, another web tool that predicts the survival
association of cancer-related genes in various cancer
types according to their mRNA levels via the integration
of multiple gene chip datasets, was employed to test our
selected hub genes. The analysis was restricted to lung
squamous cell carcinoma, and patients were divided into
two groups according to the best cut-off values of hub genes
and median value respectively. Univariate Cox regression
analysis of each finally selected hub gene was performed,
the corresponding hazard ratio with 95% confidence
interval (CI) and log-rank P value was calculated, and
multivariate Cox regression analysis was further applied
to test the independence of each gene when mixed with
clinical characteristics, including stage, gender and smoking
history. In total, 524 LUSC patients were enrolled for
overall survival (OS) analysis, and 141 LUSC patients were
included for time to first progression (FP) analysis. P<0.05
was considered statistically significant.
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Quantitative real-time PCR

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). Surgical
specimens from 5 LUSC patients were collected from the
Specimen Bank of Hangzhou First People’s Hospital with
approval by the Institutional Review Board of Hangzhou
First People’s Hospital {{2015](043)-01}. Informed consent
was waived since this study was observational and presents
no more than minimal risk of harm to subjects and involves
no procedures for which written consent is normally
required outside the research context. Total RNA was
extracted from 30 mg tissue with the AxyPrep Multisource
RNA Miniprep Kit according to the manufacturer’s
protocol (Axygen, Tewksbury, MA, USA). cDNA from 1 pg
RNA was prepared using the PrimeScript M RT Reagent
Kit (Takara, Japan). Quantitative real-time PCR (RT-qPCR)
was performed using TB Green Premix Ex Taq (Takara,
Japan) and a 7500 System (Applied Biosystems, Singapore).
All RT-qPCR assays were carried out in 3 biological
replicates, and the average cycle threshold (CT) was used.
Target genes were normalized using the RPLP0 gene, and
the relative expression of the target genes was calculated as
follows: 27", where ACT = Avg. CT (Target gene) - Avg.
CT (RPLPO). The primers used for quantitative real-time
PCR are listed in Table 1.

Statistical analysis

The optimal statistical method of each comparison of data
in the databases was selected according to the database
itself. Survival risks were reported as hazard ratios [95%
confidential intervals]. A paired 7-test was used to compare
the RT-qPCR results, and P<0.05 indicated that the
difference was statistically significant.

Results
Identification of DEGs and PRGs in LUSC

The LCE website systematically provided a meta-
analysis of tumour-normal standardized gene expression
differences and a meta-analysis of survival associations
with gene expression. According to the criteria of P<0.05
and ISMD/ >1, a total of 6,102 DEGs were differentially
expressed between tumour and normal tissues, including
3,072 upregulated genes and 3,030 downregulated genes
(Figure 1A). The top 5 upregulated genes were ARNTL2,
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Table 1 Primers for quantitative real-time PCR analyses
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Genes Forward primer Reverse primer
KARS GTGGCAAAAGCTGTTGAATG CCAGGAACTCCCCAACAAG
PKM ATAGTGAAGCCGGGACTGC TGATGGGTGGTGAATCAATG
LDHA CCCAGTGAGTCACATCC TTGGAAGAATTATGCACAAGACA
CDC20 ATGTGTGGCCTAGTGCTCCT ATTGGACTGCCAGGGACA
ENO1 TCCCAACATCCTGGAGAATAA ATGCCGATGACCACCTTATC
MYO9A TGTCTGTTGAGAGAGTACAGGACA CTCTGCCGGTGCAACTACT
RAB11A AAATGAACAAAGATTGTGAAAGGA CTGTTCCGCTAACCCATTAAA
NTRK2 AGTGCCTCTCGGATCTGGT TTTCTGGTTTGCGATGAAAAT
CD52 GTCTCAGCCTTAGCCCTGTG GAGGGGATTCTCTTGCGAGT
A 150/ —] : : “ARNTL2 B : : < ART3
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Figure 1 Distribution of differentially expressed genes (DEGs) and prognostically relevant genes (PRGs) in lung squamous cell carcinoma. (A)
Volcano plots of DEGs in GEO and TCGA samples provided by Lung Cancer Explorer (LCE). The x-axis represents the standard mean
difference (SMD), and the y-axis represents the P value. The red and blue dots represent upregulated (SMD >1) and downregulated (SMD
<-1) genes. (B) Volcano plots of PRGs in GEO and TCGA samples provided by LCE. The x-axis represents the hazard ratio minus 1 (HR-1),
and the y-axis represents the P value. The red and blue dots represent pro-survival (HR >1.1) and worse-survival (HHR <0.9) genes. (C) Venn
diagram demonstrating the intersections of genes between DEGs and PRGs. (D) Pie chart showing the percentage of the 4 gene sets.

PKP3, MTHFD2, ORCS5 and BZW?2, and the top 5
downregulated genes were LHFP, GJA4, FAMI162B,
BTNLY and VEGFD. After applying the criteria of
P<0.05 and IHR-11 >0.1 to select genes highly associated
with survival in LUSC, we found a total of 1738 PRGs

© Translational Cancer Research. All rights reserved.

containing 703 pro-survival genes and 1,035 worse-survival
genes (Figure 1B). The top 5 worse-survival PRGs were
ART3, CTTN, SHANK2, KRT7 and AZGPI. Subsequently,
DRGs and PRGs were analysed with the Venn diagram
tool, and a total of 506 genes were identified as both DRGs
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and PRGs (Figure 1C). When we looked closely at those
genes, most genes (group low-pro, 36.96%, 187/506) had
lower expression levels in tumours than in normal tissues,
whereas increasing gene expression levels indicated worse
survival in LUSC patients. The second-largest proportional
gene sets (group high-pro, 27.87%, 141/506) were relatively
abundant in tumour tissues compared with normal tissues,
and higher expression of those genes predicted a longer
survival. Seventy (13.83%) genes (group low-worsen) were
decreased in tumours compared to normal lungs, and their
expression was correlated with good survival; however, 108
(21.34%) genes (group high-worsen) were highly expressed
in tumours but not in normal lungs, and accordingly, their
expression was positively associated with short survival
times (Figure 1D).

Functional and patbway analysis of identified gene
signatures

GO BP and KEGG enrichment analyses of the 4 distinct
gene sets were carried out to explore the intrinsic
biological functions and critical pathways participating in
tumorigenesis and aggressive growth or invasion. Low-
pro genes were mainly enriched in ‘regulation of immune
system process’, ‘defence response’, ‘regulation of immune
response’ and ‘leukocyte activation’ in the BP category
enrichment (adjusted P<0.05, Figure 24). High-pro
genes were mainly involved in ‘epithelium development’,
‘epithelial cell differentiation’, ‘skin development’, and
‘epidermis development’ processes (adjusted P<0.05,
Figure 2B). However, for low-worsen genes, ‘small
GTPase mediated signal transduction’ and ‘actin filament
organization’ were predominant (adjusted P<0.05,
Figure 2C), and for high-worsen genes, ‘Adenosine
diphosphate (ADP) metabolic process’ and ‘nucleoside
diphosphate metabolic process’, specifically ‘purine
ribonucleoside diphosphate metabolic process’, were the
top associated BP terms (adjusted P<0.05, Figure 2D).
Unfortunately, the results of KEGG pathway analysis
exhibited no significant findings for low-pro, high-pro
and low-worsen genes, although most genes in those gene
sets were categorized in the ‘malaria’ and ‘natural killer
mediated cytotoxicity’, ‘regulation of actin cytoskeleton’
and ‘focal adhesion’ pathways, respectively (Figure 2E,FG).
High-pro genes were associated with metabolic pathways
and significantly enriched with ‘glycolysis/gluconeogenesis’,
‘HIF-1 signalling pathway’, ‘carbon metabolism’ and ‘purine
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metabolism’ (adjusted P<0.05, Figure 2H).

Hub gene selection

PPI analysis of these 4 gene signatures was performed using
the STRING V11.0 tool and subsequently constructed
with Cytoscape software. The CytoHubba plugin was
employed to rank those network nodes by the ‘Degree’
method, and the top 10 nodes were selected as hub genes
for further exploration (network shown in Figure 34,B,C,D).
To screen out genes with robust survival association, we
further performed univariate Cox regression analysis on
those genes in KM Plotter, another web tool that provided
pooled analysis of multiple GEO datasets. As listed in
Table 2, ITGAL, CD52, ARHGAPY, ITK and EVI2B in the
low-pro group, as well as SOX2, NTRK2, LEF1 and TP63
in the high-pro group, were shown to favour survival.
RABI11A4, SHANK2, RERGL and MYO9A4 in the low-
worsen group and ATIC, CDC20, ENO1, IPO4, KARS,
LDHA, PFKP and PKM were consolidated as risks of
survival. When we included each of these genes and clinical
characteristics, including stage, gender, and smoking
history for multivariate Cox regression analysis, only CD52
[HR (95% CI): 0.51 (0.32-0.82)] in the low-pro group
and NTRK?2 [HR (95% CI): 0.6 (0.39-0.93)] in the high-
pro group could be independent favourable prognostic
factors in LUSC. RAB114 [HR (95% CI): 2 (1.29-3.08)]
and MY094 [HR (95% CI): 1.76 (1.12-2.76)] in the low-
worsen group, as well as CDC20 [HR (95% CI): 1.9 (1.21-
2.97)], ENOI [HR (95% CI): 1.63 (1.04-2.56)], KARS [HR
(95% CI): 1.73 (1.06-2.84)], LDHA [HR (95% CI): 1.83
(1.16-2.86)], and PKM [HR (95% CI): 1.9 (1.25-2.89)] in
the high-worsen group could be independent unfavourable
prognostic factors for LUSC patients. Thereafter, a total of
9 genes were finally screened out that could predict survival
independently as both DEGs and PRGs, representing
different biological processes during cancer formation and
proliferation that cause limited survival of LUSC patients.

Association of identified genes with RFS

The independent correlations of these 9 genes with overall
survival were already tested above, with the survival plots
shown in Figure 4. We also wondered whether those genes
were associated with RFS. As shown in Figure 5, CD52
indicated delayed recurrence [HR (95% CI): 0.48 (0.28-
0.82)], and NTRK?2 also tended to be correlated with worse
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Figure 2 Functional and pathway analysis of the selected 4 gene sets. (A,E) Bubble plots showing GO and KEGG pathway enrichment data
for low-pro genes. (B,F) Bubble plots showing GO and KEGG pathway enrichment data for high-pro genes. (C,G) Bubble plots showing
GO and KEGG pathway enrichment data for low-worsen genes. (D,H) Bubble plots showing GO and KEGG pathway enrichment data for

high-worsen genes.
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Figure 3 Protein-protein interaction network for the top 10 hub genes in each gene set. (A) Low-pro, (B) high-pro, (C) low-worsen, (D)

high-worsen gene sets.

RES, although statistical significance was not achieved [HR
(95% CI): 0.64 (0.38-1.08)]. RABI1A4 but not MYO9A4
was more obviously in favour of accelerated recurrence or
progression [HR (95% CI): 1.86 (1.11-3.13), 1.52 (0.88,
2.62), respectively]. As high-worsen genes, PKM and KARS
also suggested poor RFS [HR (95% CI): 1.9 (1.13-3.17),
2.38 (1.35-4.19)]. Surprisingly, we found that the expression
of ENOI, as a key enzyme in aerobic glycolysis, implied a
worse OS but an improved RFS for LUSC patients [HR
(95% CI): 0.52 (0.31-0.89)].

Hub gene expression validation

The mRNA expression level changes of these hub genes
were further verified using paired cancer and adjacent
tissues from 5 LUSC patients at our site. Consistent with
the mRNA comparison results obtained from LCE, the
mRNA level of NTRK2 (Figure 64) was higher in cancer
tissues than in adjacent tissues, and RABI11A (Figure 6B) and
CD52 (Figure 6C) were significantly lower in cancer tissues
than in adjacent tissues. However, no significant variations
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were found for other genes (Figure 6D,E,F,G,H,I).

Discussion

In this study, we creatively examined the relationship
between DEGs and PRGs and identified 4 distinct gene
signatures showing varied functions and positive or negative
correlations with survival in patients with LUSC through
bioinformatics analysis.

Low-pro genes indicated that resected tumours
tend to have attenuated immune defence responses and
leukocyte activation, which expectedly contribute to the
immune escape of lung squamous carcinoma cells. CD52,
a glycosylphosphatidylinositol-anchored antigen found on
the cell surfaces of lymphocytes (15), is rarely expressed
on cancer cells, and its role in solid tumours remains
largely unknown. Recently, CD52 expression in breast
cancer tissues was found to be positively correlated with
infiltrating immune cells (16). Our study identified that the
mRNA level of CD52 was frequently decreased in LUSC
tissues compared to normal tissues, which further indicated
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Table 2 Cox regression analysis of identified genes using KM plotter web-tool

Multivariate (stage, gender, and smoking history

Group Probe Symbol Univariate included)
HR Lower Cl Upper CI P HR Lower Cl Upper CI P
Lower pro 221060_s_at TLR4 0.8 0.61 1.05 0.106 1.57 1 2.47 0.0523
group 213475_s_at ITGAL 0.74 0.58 0.96 0.0226 0.8 0.52 1.24 0.3131
210140_at CST7 0.75 0.56 1.01 0.0566 0.73 0.44 1.23 0.2373
210031_at CD247 0.79 0.59 1.07 0.1231 0.81 0.5 1.31 0.3945
34210_at CD52 0.67 0.52 0.88 0.0035 0.51 0.32 0.82 0.0054
213915_at NKG7 0.8 0.62 1.04 0.1023 0.64 0.39 1.04 0.0731
224451 _x_at ARHGAP9  0.65 0.47 0.9 0.0091 0.47 0.17 1.34 0.1587
211339_s_at ITK 0.66 0.49 0.89 0.0069 0.63 0.39 1.02 0.0625
206715_at TFEC 0.84 0.64 1.1 0.21 0.77 0.45 1.3 0.3256
211742_s_at EVI2B 0.74 0.59 0.94 0.0144 0.68 0.44 1.06 0.09
Higher pro 213721 _at SOX2 0.71 0.56 0.89 0.0038 1.25 0.75 2.09 0.387
group 201092_at RBBP7 0.82 0.65 1.05 0.1202 0.81 0.5 1.33 0.409
221796_at NTRK2 0.74 0.58 0.94 0.0123 0.6 0.39 0.93 0.0211
204369_at PIK3CA 0.81 0.64 1.02 0.075 1.65 1.02 2.68 0.0434
201820_at KRT5 0.89 0.69 1.14 0.3458 0.6 0.38 0.93 0.0216
209421_at MSH2 0.78 0.6 1 0.0535 1.74 1.12 2.71 0.0142
221558_s_at LEF1 0.57 0.44 0.73 7.4E-06 0.66 0.42 1.04 0.0755
204023_at RFC4 1.22 0.94 1.58 0.1355 1.37 0.88 2.12 0.1623
211834_s_at TP63 0.71 0.55 0.91 0.0069 1.4 0.86 2.28 0.1727
209849_s_at  RAD51C 0.85 0.66 1.1 0.2199 1.3 0.82 2.05 0.264
Lower 201466_s_at JUN 1.22 0.95 1.58 0.1206 0.96 0.63 1.46 0.8455
worsen 200863_s_at  RAB11A 15 1.14 1.97 0.0038 2 1.29 3.08 0.0018
group 213307_at SHANK2 1.47 1.12 1.93 0.0062 1.55 0.97 2.48 0.0692
215506_s_at DIRAS3 1.18 0.93 1.49 0.1779 1.34 0.85 2.1 0.2112
220276_at RERGL 1.32 1.03 1.69 0.0295 1.48 0.92 2.36 0.1025
32811_at MYO1C 1.31 0.99 1.73 0.0552 1.83 1.2 2.79 0.0052
219027_s_at MYO9A 1.29 1.01 1.65 0.0445 1.76 1.12 2.76 0.0139
206271_at TLR3 1.14 0.89 1.47 0.2928 1.52 0.96 2.41 0.0722
213578_at BMPR1A 1.2 0.94 1.52 0.1416 1.19 0.71 1.98 0.5125
205923_at RELN 1.18 0.91 1.52 0.2187 1.32 0.78 2.21 0.3023
Higher 201000_at AARS 1.25 0.95 1.66 0.1124 1.6 1 2.57 0.0491
worsen 208758_at ATIC 1.49 1.15 1.93 0.0025 1.53 0.99 2.36 0.0578
group 202870_s_at CDC20 1.6 1.2 2.14 0.0014 1.9 1.21 2.97 0.0054
217294_s_at ENO1 1.31 1.03 1.68 0.0291 1.63 1.04 2.56 0.0323
218305_at IPO4 1.44 1.11 1.86 0.0056 1.41 0.9 2.22 0.1354
200840_at KARS 1.57 1.24 1.99 0.0002 1.73 1.06 2.84 0.0281
200650_s_at LDHA 1.34 1.05 1.71 0.0171 1.83 1.16 2.86 0.0088
201037_at PFKP 1.34 1.05 1.71 0.0204 1.42 0.91 2.21 0.1238
201251_at PKM 1.54 1.18 2 0.0013 1.9 1.25 2.89 0.0029
212048_s_at YARS 1.16 0.9 1.49 0.2628 0.72 0.45 1.13 0.1494
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Figure 4 Overall survival curves of 9 identified hub genes analysed by the KM Plotter website.

the poor immune microenvironment in lung squamous
carcinoma.

High-pro genes were associated with epithelial
development, which is critical for bronchial tissue
regeneration and thereby highly risky to lose differentiation
control and acquire oncogenic mutations in LUSC tissues.

© Translational Cancer Research. All rights reserved.

In particular, SOX2 and TP63, which are stem markers and
lineage drivers in squamous carcinoma, were demonstrated
to be oncogenic drivers and were commonly used to
identify the pathological subtype between adenocarcinoma
and squamous cell carcinoma (17,18). Similarly, NTRK2
was found to be a highly specific marker of squamous
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Figure 5 Recurrence-free survival curves of 9 identified hub genes analysed by the KM Plotter website.

lung carcinoma compared to other pathological subtypes,
including adenocarcinoma (19). These genes were found
to be in favour of the overall survival of lung squamous
cell carcinoma patients, which was demonstrated in earlier
articles (19-21) and confirmed in our study. However,

© Translational Cancer Research. All rights reserved.

the underlying mechanisms remain unclear. Previously,
RhoA activities were shown to inhibit cell proliferation
and were commonly found to be suppressed by ANp63a, a
dominant p63 isoform in LUSC (22), which might explain
the oncogenic role of TP63 but not the favourable survival
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Figure 6 mRNA expression levels of 9 identified hub genes in paired human cancer and adjacent tissues. (A) NTRK2, (B) RAB114, (C)
CD52, (D) KARS, (E) PKM, (F) MYOY94, (G) ENOI, (H) LDHA, and (I) CDC20; N=5. A paired two-tailed Student’s 7-test was used to

compare the differences between the cancer and adjacent tissues.

association. Thus, further molecular studies are suggested. GTP to regulate key cellular processes that are also crucial
Clinical administration of licenced NTRK inhibitors (23,24) for cancer cells, such as cell differentiation, proliferation
in LUSC should be used with caution because positive and motility (26). The RhoA substrate 7UN was reported
[HC staining of NTRK2 might not represent oncogenic to repress Lkbl deficiency-induced lung squamous cell
fusion (24,25); therefore, inhibition of NTRK?2 in a specific carcinoma progression (27). The relationship of MY094
population might not improve survival. and LUSC has not been reported except for its family

Low-worsen genes represent small GTPase-mediated member MYOYB, which was identified as a key player
signal transduction in LUSC tumours. The Ras-homologue in SLIT/ROBO-mediated lung tumour suppression (28).
(Rho) subfamily and Ras-related in the brain (Rab) subfamily Both genes could negatively regulate the RhoA signalling
belong to small GTPases, which are small molecular weight pathway (28,29). Additionally, myosin members, including

GTP-hydrolysing enzymes that actively bind and hydrolyse MYO9A, could mediate membrane trafficking of TGF-8,
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causing immune escape and metastasis (30), which might
explain its negative correlation with patient outcomes,
as found in our study. Overexpression of the Rab family
member RABI1A was associated with advanced TNM stage
and poor patient prognosis through regulation of Y4P and
inhibition of Hippo signalling (31). However, stemness
pathways, including the Hippo signalling cascade, are
critical for SCC tumour development (32).

High-worsen genes were frequently reported in
scientific articles representing the highest potential to
promote tumorigenesis and metastasis. Our study showed
that high-worsen genes were mostly enriched in the
ADP metabolic process, which includes many sub-terms,
including the glycolysis process identified by KEGG
pathway analysis. Aerobic glycolysis is characterized as a
well-known hallmark of cancers and plays an essential role
in cancer cell proliferation and metastasis (33-35), which
also provides sufficient macromolecules for nucleotide
anabolism through the pentose phosphate pathway (36).
LUSC especially shows a critical reliance on glycolysis,
which makes itself vulnerable to glycolytic inhibition, and
LUAD exhibits significant glucose independence (37),
implicating significant potential for the development
of therapeutic strategies targeting glycolysis for LUSC
because the existing options are clinically insufficient. PKM,
PFKP, ENOI, and LDHA are key enzymes in the glycolysis
process that generate instant ATP for cell proliferation.
The ENOI gene, which encodes enolase, was frequently
amplified in LUSC. Zhang ez a/. showed that 87.5% (14/16)
of patients with lung squamous cell carcinoma had higher
ENOI protein levels in tumour tissues than in paired lung
tissues (38). The quantitative PCR results in our study
only showed a tendency of upregulation, which might be
due to the limited sample size. For PKM and LDHA, no
obvious variation was found. However, many articles have
demonstrated their role in lung cancer through regulation
of metabolism (39,40).

In the LCE webtool, manually curated datasets were
used for meta-analyses of gene expression differences
or survival associations to avoid heterogenicity among
datasets, which makes each gene comparison result more
convincing and reproductive, as demonstrated by the
team in another paper (41). Therefore, we selected the P
value as a filter but did not adjust the P value to avoid false
negative results. Survival analysis with the median value
used as the dichotomization cut-off value for continuous
gene expression is common; however, the gene expression
distribution pattern is often unbalanced as a result of
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heterogeneous oncogenotypes (41). Thus, we chose the best
cut-off value for each gene survival comparison in the KM
Plotter analysis, and the P value was used. We admit that
using the P value may increase the false positive rate when
multiple comparisons are conducted. Thereby, gene survival
association analysis in the KM plotter was also conducted
with median value as the cut-off value, which also showed
that CD52 and NTRK? tended to promote survival while
RABI11A, CDC20, and LDHA significantly worsen the
survival (Table S1). However, the aim of this study was to
explore the functional and molecular features of LUSC, and
the genes identified in this work by bioinformatics analysis
must be validated in large amount clinical samples.

By analysing the DEGs and PRGs screened from
systematic results of meta-analysis of transcriptomics data of
LUSC provided by the LCE database, we unmasked 4 gene
signatures that were related with multifaceted biological
features of lung squamous cell carcinoma and identified
9 hub genes consistently associated with overall survival in
both pooled analysis by KM Plotter and meta-analysis by
LCE web-tool, including NTRK2, RAB11A4, and CD52.
This information may provide visionary guides for finding
diagnostic and therapeutic strategies to eliminate lung
squamous cancer in human bodies.
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