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Background: The prognosis of non-small cell lung cancer (NSCLC) patients has been comprehensively studied. However, the
prognosis of resectable (stage I-1IIA) lung squamous cell carcinoma (LUSC) has not been thoroughly investigated at genomic and
transcriptional levels.

Methods: Data of genomic alterations and transcriptional-level changes of 355 stage I-IIIA LUSC patients were downloaded from
The Cancer Genome Atlas (TCGA) database, together with the clinicopathological information (training cohort). A validation cohort
of 91 patients was retrospectively recruited. Data were analyzed and figures were plotted using the R software.

Results: Training cohort was established with 355 patients. TP53 (78%), TTN (68%), CSMD3 (39%), MUT16 (36%) and RYR2
(36%) were genes with the highest mutational frequency. BRINP3, COL11A1, GRIN2B, MUC5B, NLRP3 and TENM3 exhibited
significant higher mutational frequency in stage III (P < 0.05). Patients with stage III also exhibited significantly higher tumor
mutational burden (TMB) than those with stage I (P < 0.01). The mutational status of 10 genes were found to have significant
stratification on patient prognosis. TMB at threshold of 25 percentile (TMB = 2.39 muts/Mb) also significantly stratified the patient
prognosis (P = 0.0003). Univariate and multivariate analyses revealed TTN, ADGRB3, MYH7 and MYH15 mutational status and
TMB as independent risk factors. Further analysis of transcriptional profile revealed many significantly up- and down-regulated genes,
and multivariate analysis found the transcriptional levels of seven genes as independent risk factors. Significant factors from the
multivariate analyses were used to establish a Nomogram model to quantify the risk in prognosis of individual LUSC patients. The
model was validated with a cohort containing 91 patients, which showed good predicting efficacy and consistency.

Conclusion: The influencing factors of prognosis of stage I-III LUSC patients have been revealed. Risk factors including gender,
T stage, cancer location, and the mutational and transcriptional status of several genes were used to establish a Nomogram model to
assess the patient prognosis. Subsequent validation proved its effectiveness.
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Introduction

Lung squamous cell carcinoma (LUSC) is the second largest type of non-small cell lung cancer (NSCLC) following lung
adenocarcinoma (LUAD), accounting for approximately 30-40% of lung cancers."> The origin of LUSC and LUAD is
different, in which LUSC originates from basal cells, while LUAD originates from alveolar epithelial cells. The
biological and molecular characteristics between LUSC and LUAD also vary greatly, including the growth rate and
mode, behavior of invasion and metastasis.> LUSC is similar to small cell lung cancer (SCLC) in that both are closely
related to smoking.* Therefore, middle-aged and elderly men are more likely to develop LUSC, especially those who
have a long history of smoking.®> The association between smoking exposure and LUAD is not as significant as that of
LUSC, and the proportion of women is relatively higher in LUAD.? TTF-1, NapsinA, CK5/6 and p63 (p40) are the most
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commonly used biomarker combination to differentiate between LUAD and LUSC.’ In terms of mutational landscape,
recurrent genetic alterations in LUSC were reported to be more similar to other squamous carcinomas than to LUAD.?
The most significant difference is that EGFR is the predominantly mutated gene in LUAD, but is less than 5% in Western
LUSC patients (3-20% in Chinese).® However, TKI-based therapy and immunotherapy can be used for late-stage LUSC
patients if the presence of the corresponding biomarkers is confirmed.

The mutational landscape of the LUSC has been investigated since the wide use of the next-generation sequencing
(NGS) technology in cancer research and diagnosis. Several high-frequency mutated genes have been identified,
including TP53, PIK3CA, CDKN2A, SOX2 and CCNDI, etc., in which PIK3CA mutation and amplification, ERBB
mutation and FGFR1 amplification have been found to be definite actionable for LUSC therapy.” ' The transcriptional
alterations of LUSC have also been studied, and many differentially expressed genes have been identified, which
provided more insight into the transcriptomic and functional features of LUSC.'"'? A series of clinicopathological,
mutational and transcriptional factors have been indicated to influence the prognosis of LUSC, including sex, age, cancer
stage, pathological subtypes, mutational signature and tumor mutational burden.'* ¢

Many studies have so far focused on the molecular alterations, therapeutic strategies and prognosis of stage IIIB-IV
NSCLC as these patients have no surgical opportunity but can benefit from systematic targeted therapy or immunotherapy,
while stage I-IITA NSCLC is regarded as resectable and can be potentially cured by surgery.'” The prognosis of stage I-IIIA
NSCLC has been less studied than stage I1IB-IV patients because these patients generally have much longer survival and the
follow-up time could be very long before the study endpoint can be reached. The prognosis of stage I-IIIA LUSC has not been
thoroughly studied as it represents a small proportional of NSCLC patients. In this study, we investigated the mutational and
transcriptional profiles of LUSC by downloading and analyzing the corresponding data of genomic and transcriptional
alterations from TCGA database. In combination with clinicopathological factors, we established a model for predicting
the prognosis of individual LUSC patients with resectable tumors. Validation of the model was performed to make it clinical
available for patient assessment.

Methods and Materials
Ethics Approval

This study was approved by the research committee of the First Affiliated Hospital of Kunming Medical University. All
experiments methods and procedures and personnel training were carried out in accordance with relevant guidelines and
regulations of the First Affiliated Hospital of Kunming Medical University. Informed consent was waived as this study
collected and examined retrospective samples.

Study Design, Patients and Samples

The whole-exome somatic mutation data, mRNA transcription data, along with demographic and clinical information of
355 LUSC patients were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/).
The year of LUSC diagnosis for these patients ranged from 1992 to 2013. These 355 samples were used in training

cohort to establish the mutational and transcriptional profile and the prognosis prediction model. Ninety-one (91) samples
were recruited retrospectively from the sample bank of our hospital and were used as the validation cohort. The sample
bank for patients in the hospital was established in 1990 and has been collecting samples since then. The year of LUSC
diagnosis for these patients ranged from 2003 to 2017, and therefore all patients of the validation cohort had a follow-up
time ranged from 5 to 19 years. Whole-exome sequencing and RNA-seq were performed for all samples in the validation
cohort. Mutation analysis, expression analysis and prognostic analysis were performed with data from both training and
validation cohorts. Patient demographic, clinical, mutational and transcriptional information for both training and
validation cohorts is summarized in Table 1.

Whole-Exome Sequencing and RNA-Seq
Formalin-fixed and paraffin-embedded (FFPE) samples of lung squamous cell cancer tissues and matched adjacent
normal tissues were collected from 91 patients. The whole-exome sequencing procedures and data processing procedures

148 hetps: Cancer Management and Research 2023:15

Dove!


https://portal.gdc.cancer.gov/
https://www.dovepress.com
https://www.dovepress.com

Dove Liu et al

Table | Demographic and Clinicopathological Factors of Subjects in This Study

Clinicopathological Factors Categories Training Validation Chi-Squared or
Cohort (n, %) Cohort (n, %) Wilcoxon Test P value
Gender (%) Female 103 (29.0) 18 (19.8) 0.102
Male 252 (71.0) 73 (80.2)
Race (%) Asian 6 (1.7) 91 (100) <0.05
Black or African American 19 (5.4) 0 (0)
Not reported 71 (20.0) 0 (0)
White 259 (73.0) 0 (0)
Stage (%) Stage | 184 (51.8) 47 (51.6) 0.967
Stage |l 121 (34.1) 32 (35.2)
Stage IlI 50 (14.1) 12 (13.2)
Age (mean (SD)) 67.41 (8.68) 66.33 (9.04) 0.2956
Pack years smoked (mean (SD)) 53.46 (32.14) 47.32 (24.95) 0.2269
Years Smoked (mean (SD)) 40.49 (11.88) 36.69 (14.12) 0.1751
T Stage (%) TI 91 (25.6) 18 (19.8) 0.5685
T2 206 (58.0) 59 (64.8)
T3 53 (14.9) 12 (13.2)
T4 5(1.4) 2 (22)
N Stage (%) NO 236 (66.5) 57 (62.6) 0.3738
NI 87 (24.5) 29 (31.9)
N2 29 (8.2) 4 (4.4)
NX 3 (0.8) I (L.1)
M Stage (%) MO 299 (84.9) 73 (80.2) 0.35
MX 53 (I15.1) 18 (19.8)
Total 355 9l

Abbreviations: SD, standard deviation; T, tumor; N, lymph node; M, metastasis; NX, N stage not specified; MX, M stage not specified; P, probability.

were carried out as previously described.'®!'” RNA from FFPE cancer tissues and adjacent normal tissues of the 91
patients was extracted using TruSeq Targeted RNA Expression Library Prep Kit (Illumina China, Shanghai 200233,

China). The subsequent procedures of RNA-seq and data processing were carried out as previously described.?’!

Data Analysis and Model Establishment

In analyses relating to the mutational status, all patients were divided into mutation group (Mut) and wide-type group
(WT). Data files of the TCGA in Mutation Annotation Format (MAF) format were obtained using the “TCGAbiolinks”
package of R software (https://www.rstudio.com/). Mutation profile and tumor mutational burden (TMB) were analyzed
using the “maftools” package of R software. The “maftools” package of the R software was used for establishing and
plotting the mutational landscape and characteristics. The read counts of the transcription data were obtained by HTSeq-
count software from the TCGA database, and the differential transcription was analyzed by the “edgeR” package of the

R software. Patients were also divided into high and low transcription groups based on median or appropriate percentile
in transcriptional-level analysis. Kruskal-Wallis test was performed by R software to compare the differences among
groups with different mutational status or transcriptional levels. Heatmap, volcano plot and the results for GO, KEGG
and Reactome enrichment analyses were plotted using the “pheatmap”, “ggplot2” and “clusterProfiler” packages of the
R software, respectively. The “GLmnet” LASSO (Least Absolute Shrinkage and Selection Operator) regression algo-
rithm of the R software was used for variable selection in the analysis of differentially transcripted genes revealed by

RNA-seq. Univariate and multivariate analyses were performed to identify potential risk factors of patient prognosis
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regarding clinicopathological features, mutational status or mRNA levels. Kaplan—Meier analysis and Log rank test were
performed by R software to investigate the potential stratification of mutational status or transcription levels on patient
overall survival. The “survival” and “survminer” package of the R software were used for plotting survival curves. The
Nomogram model was established and plotted with the “rms” package of the R software. In the prognostic analysis,
univariate analysis was performed first on expression data, mutation data and clinicopathological features, and significant
factors identified in univariate analysis were then included in subsequent multivariate analysis to construct prognostic
models and Nomograph. The Nomogram model was finally validated by the validation cohort. To assess the efficacy of
the model, prognostic factors and their coefficients were weighted and the prognostic index (PI) was calculated as
previously reported.”? Patients were divided into two groups by PI at 60th percentile. The survival analysis was
performed for different groups using Kaplan—Meier method, and the prediction of prognosis was calibrated by the
Greenwood-Nam-d Agostino y* test.>*** Chi-square test or non-parametric test was performed to compare the difference
between groups of patients. P values were corrected by Benjamini & Hochberg (BH) method. *P < 0.05; **P < 0.01;
***p < 0.001.

Results

The Mutational Profile of Lung SCC and Its Indication for Patient Prognosis

The mutational profile of LUSC has been characterized first. Figure 1A shows the mutational landscape of 355 LUSC
patients, in which the mutational status of the top 20 mutated genes is illustrated. It can be seen that TP53 (78%), TTN
(68%), CSMD3 (39%), MUC16 (36%) and RYR2 (36%) were the genes with the highest mutational frequency. Analysis
of mutational characteristics in Figure 1B shows that single nucleotide variation (SNV) was the predominant mutation
type, in which the number of missense mutations far overweight nonsense mutations. TTN ranked the top in the number
of mutations, followed by TP53, MUC16, CSMD3 and RYR2. Large amount of co-mutations and mutually exclusive
mutations were revealed by mutation event analysis in Figure 1C. For example, TP53 mutations were mutually exclusive
from ERICH3 mutations, and TTN was co-mutated with PAPPA2, SYNE1 and MUCI16.
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Figure | The mutational profile of LUSC. (A) The mutational landscape of all patients in this study. The mutational status of top 20 mutated genes is shown as indicated.
Mutational types are presented by different colors. (B) Mutational characteristics of LUSC. The distribution of mutation types, base changes, the number of mutations, and
the rank of mutated genes are shown as indicated. (C) Landscape of co-mutations and the mutually exclusive mutations in LUSC, which is labeled by colors. P values
indicates the significance of correlation. (D—F) The results for GO (D), KEGG (E) and Reactome (F) enrichment analyses are shown as indicated.
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Subsequent GO (gene ontology) (Figure 1D), KEGG (Kyoto Encyclopedia of Genes and Genomes) (Figure 1E) and
Reactome enrichment (Figure 1F) analyses revealed a series of cellular functions and pathways that may be altered by the
mutations. GO enrichment showed that ion channel activity and ion transportation, neuronal function and cell membrane
structure were mainly affected. KEGG and Reactome enrichment showed that pathways related to herpes simplex virus 1
(HSV1) infection, neuronal function (including olfactory transduction and signaling pathway, neuroactive ligand-receptor
interaction and neuronal system), PI3K-AKT signaling pathway, RTK signaling were mainly involved.

We further investigated the stage-related mutational frequency for top mutated genes (Figure 2A and B) and stage-
related TMB (Figure 2C). It shows that the top mutated genes, including TP53, TTN, CSMD3, MUT16, RYR2 and
LRPI1B, did not exhibit significant difference in mutational frequency among stages I, II and III. In contrast, among the
top 200 mutated genes, six genes exhibited significant difference in mutational frequency among stages, including
BRINP3, COL11A1, GRIN2B, MUCS5B, NLRP3 and TENM3 (Figure 2B). Interestingly, significantly higher mutational
frequency was observed in stage III than stage I and/or stage II (P < 0.05), suggesting a stage-dependent mutational
frequency. Further investigation on stage-related TMB revealed that TMB was not significantly different across T1 to T4,
while the TMB of patients with multiple lymph node metastases (N2) exhibited significantly higher TMB than those
without lymph node metastasis (NO) (P < 0.05) (Figure 2C). Consequently, patients with clinical stage III exhibited
significantly higher TMB than patients with stage I (P <0.01) (Figure 2C). This observation indicated that the difference
in TMB between the clinical stages may result from the difference between N stages.

The potential stratification of prognosis by mutational status and TMB was then investigated. Among the top 200
mutated genes, 10 genes were found to have significant stratification on patient prognosis (Figure 3A). Patients with
mutations exhibited significantly better overall survival rate than those with wild type counterparts in TTN, ERBB4,
ADGRB3, COL6A3, COL11A1, DCDC1, HYDIN and NLRP13, while patients with WT genes exhibited significantly
better overall survival rate than those with mutations in MYH7 and MYHI15. The potential stratification by TMB was
also investigated (Figure 3B). The distribution of TMB in Stage I, II and III LUSC was plotted first. It appeared that
a small proportion of patients exhibited a TMB>10muts/M, which was previously defined as high TMB group.?
However, stratification by TMB threshold at 10muts/Mb did not stratify patient prognosis (P = 0.529). Similarly,
stratification by median TMB (50 percentile, TMB = 3.6 muts/Mb, P = 0.073) could not stratify the patients prognosis.
In contrast, threshold at 25% percentile (TMB = 2.39 muts/Mb) significantly stratified the prognosis of all patients (P =
0.0003). This stratification was more prominent in stage I (P = 0.002) than stage II (P = 0.063) and stage III (P = 0.119),
in which patients in the high TMB group all exhibited a trend of better survival than those in the low TMB group. These
observations suggested that TMB itself can stratify the prognosis of stage [-IIIA LUSC patients.

The Transcriptional Profile of LUSC

The transcriptional profile of LUSC was also studied. Using the transcriptional level of the adjacent normal tissue as the
control, differential transcription of LUSC tissue was revealed and visualized by heatmap. Figure 4A shows the heatmap
of the top 100 differentially transcripted genes. Huge difference in transcription in these genes can be observed between
the adjacent normal tissue and the LUSC tissue. The full profile of the whole transcriptional alterations is shown by
volcano plot in Figure 4B. Large amount of significantly up-regulated genes (red dots) and down-regulated genes (green
dots) can be observed, when |[LogFC|=2 and —log10(adj.P.Val)=2 were used as the threshold for statistical significance.
Some of the most prominent genes were shown, including up-regulated KRT6A, DSG3, CALML3, SERPINBS and
SERPINB13, and down-regulated CD300LG, SLC6A4, GPM6A, GKN2 and CLDNI1S8. Enrichment analyses were
performed to show the corresponding altered cellular functions and pathways (Figure 4C—E). Go enrichment showed
that ion channel and transmembrane transporter activity, neutrophil function and membrane function were mainly
involved. KEGG and Reactome enrichment showed that membrane protein function (including G-protein coupled
receptor (GPCR) ligand binding, neuroactive ligand-receptor interaction, cytokine-cytokine receptor interaction), neu-
trophil degranulation, PI3K-AKT signaling and Rho GTPase signaling were mainly involved.
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Abbreviation: NS, not significant.
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Prediction of LUSC Patient Prognosis by Prognostic Models

In order to assess the influence of clinicopathological, mutational and transcriptional factors on patient prognosis, and to
establish a model to predict the patient prognosis, we performed univariate and multivariate analyses from the above
three aspects. Table 2 shows the results of univariate and multivariate analyses on clinicopathological factors. It can be
seen that stage T3 (P = 0.01) and clinical stage III (P = 0.03) were significant factors in univariate analysis while TMB
was the only significant factor in multivariate analysis (P = 0.00), although T3 was close to significant (P = 0.07).
Subsequent univariate and multivariate analyses on mutational status in Table 3 show ten genes with significant results in
univariate analysis, while only TTN (P = 0.004), ADGRB3 (P = 0.010), MYH7 (P = 0.003) and MYH15 (P = 0.034)
showed significant results in multivariate analysis, suggesting these four genes as independent risk factors. Univariate
analysis on transcriptional factors in Supplementary Table 1 revealed 22 significant genes, while multivariate analysis

revealed seven significant genes as independent risk factors (Table 4).

Univariate and multivariate analyses with all significant clinicopathological, mutational and transcriptional factors
were performed and the results are shown in Table 4. It can be seen that male, stage T3, location of middle lobe,
mutations of DCDC1, ADGRB3, TTN, and transcriptional status of MEPE, CYP3A4, KLK6, SLC17A8, GRAPL,
TGM2, and HPR were independent risk factors. Significant factors from the above multivariate analyses (Table 4) were
used to establish a Nomogram model (Figure 5). The risk for individual patient can be predicted by the Nomogram model
based on the quantitative grading of each factor in the model.

In order to assess the validity of the Nomogram model in predicting patient prognosis, we established a validation
cohort of 91 patients with matched clinicopathological factors to the training cohort (Table 1). No significant difference
has been found in the clinicopathological factors between the training and validation cohorts, except that the population
for training cohort was mainly White and the population for validation cohort was all Asian (Chinese). Whole-exome
sequencing and RNA-seq were performed with the 91 patients, and corresponding analyses have been performed as
described in the method section. Figure 6 shows the validation results and a comparison with those from the training
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Figure 4 The transcriptional profile and significantly altered function and pathways in LUSC. (A) Heatmap illustrates the top 100 genes with significantly altered
transcription in LUSC compared with normal tissues. (B) Volcano plot illustrate the panorama of significantly up-regulated or down-regulated genes. The names of genes
with the most significant changes are labeled. (C-E) The results for GO (C), KEGG (D) and Reactome (E) enrichment analyses are shown as indicated.

cohort. It can be seen from Figure 6A that the validation cohort exhibited no significant difference to the training cohort

in prognostic index, suggesting similar predicting capability on patient prognosis. This was also reflected in Figure 6B in

that the validation cohort exhibited similar significant stratification to training cohort on patient survival based on

Table 2 Univariate and Multivariate Analyses of Prognosis Based on Stratification of

Clinicopathological Factors

Univariate Multivariate
HR (95% CI) P value | HR (95% CI) P value
Race
Asian Reference
Black or African American | 0.94 (0.28-3.23) 0.93
Not Reported 0.39 (0.12—1.28) 0.12
White 0.59 (0.19-1.85) 0.36
(Continued)
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Table 2 (Continued).
Univariate Multivariate
HR (95% CI) P value | HR (95% CI) P value
Gender
Female Reference
Male 1.09 (0.78-1.53) 0.6l
Age 1.01 (0.99-1.03) 0.22
Clinical Stage
| Reference Reference
Il 1.23 (0.89-1.72) 0.21 0.99 (0.68-1.43) 0.99
1} 1.55 (1.04-2.32) 0.03 0.24 (0.74-2.07) 0.4
AJCC T Stage
Tl Reference Reference
T2 1.34 (0.91-1.98) 0.13 1.22 (0.84-1.78) 0.28
T3 1.94 (1.19-3.16) 0.0l 1.69 (0.94-3.03) 0.07
T4 2.70 (0.95-7.62) 0.06 2.37 (0.76-7.37) 0.13
AJCC N Stage
NO Reference
NI 1.07 (0.76~1.51) 0.68
N2 1.43 (0.87-2.35) 0.16
Cigarette Packs/Year 1.00 (1.00-1.01) 0.63
Cigarette history (Years) 0.99 (0.98-1.01) 0.54
TMB Group
Low Reference Reference
High 0.58 (0.42-0.81) 0.00 0.54 (0.39-0.76) 0.00
Abbreviations: HR, hazard ratio; Cl, confidence interval; P, probability; AJCC, American Joint Committee
on Cancer; T, tumor; N, lymph node; TMB, tumor mutational burden.
Table 3 Univariate and Multivariate Anlayses of Prognosis Based on
Mutational Status
Univariate Multivariate
HR (95% CI) P value | HR (95% CI) P value
TTN
WT Reference Reference
Mut 0.57 (0.43-0.77) 0.000 0.65 (0.49-0.87) 0.004
COLIIAI
WT Reference Reference
Mut 0.62 (0.39-0.98) 0.041 0.81 (0.51-1.29) 0.373
ADGRB3
WT Reference Reference
Mut 0.37 (0.21-0.65) 0.000 0.49 (0.28-0.84) 0.010
HYDIN
WT Reference Reference
Mut 0.53 (0.30-0.93) 0.024 0.68 (0.40-1.16) 0.161
(Continued)
Cancer Management and Research 2023:15 https: 155


https://www.dovepress.com
https://www.dovepress.com

Liu et al Dove

Table 3 (Continued).

Univariate Multivariate
HR (95% CI) P value | HR (95% CI) P value

COL6A3

WT Reference Reference

Mut 0.46 (0.24-0.87) 0.014 0.70 (0.41-1.21) 0.203
ERBB4

WT Reference Reference

Mut 0.48 (0.25-0.91) 0.021 0.71 (0.37-1.36) 0.301
DCDCI

WT Reference Reference

Mut 0.42 (0.22-0.80) 0.006 0.60 (0.32—1.12) 0.108
MYH7

WT Reference Reference

Mut 1.93 (1.24-3.02) 0.003 1.98 (1.27-3.09) 0.003
NLRPI3

WT Reference Reference

Mut 0.45 (0.22-0.92) 0.024 0.59 (0.29-1.22) 0.154
MYHI5

WT Reference Reference

Mut 1.53 (1.00-2.35) 0.050 1.59 (1.04-2.44) 0.034

Abbreviations: HR, hazard ratio; Cl, confidence interval; P, probability; WT, wild type; Mut,
mutant.

Table 4 Univariate and Multivariate Analyses of Prognosis Based on Significant
Clinicopathological, Mutational and Transcriptional Factors

Univariate Multivariate
HR 95% ClI P value HR 95% ClI P value

Gender

Female Reference Reference

Male 1.08 0.75-1.55 0.674 1.51 1.03-2.22 0.035
T Stage

TI Reference Reference

T2 0.98 0.66—1.44 0.908 091 0.61-1.37 0.656

T3 1.78 1.09-2.91 0.02 2.15 1.28-3.62 0.004

T4 241 0.74-7.86 0.144 2.77 0.84-9.17 0.096
Site of biopsy

Upper lobe, lung Reference Reference

Lung, NOS 1.72 0.95-3.11 0.072 1.47 0.79-2.73 0.222

Main bronchus 0.59 0.08—4.32 0.603 1.78 0.24-13.28 0.572

Middle lobe, lung 4.16 1.93-8.96 <0.001 444 2.00-9.85 <0.001

Overlapping lesion of lung 1.92 0.46-7.98 0.369 1.6 0.37-7.00 0.531

Upper lobe, lung 1.58 1.09-2.29 0.015 137 0.92-2.05 0.123
Mutational status

DCDCI

Mut Reference Reference

WT 2.03 0.95—4.35 0.069 2.28 1.04-5.00 0.04

(Continued)
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Table 4 (Continued).

Univariate Multivariate
HR 95% CI P value HR 95% CI P value
ADGRB3
Mut Reference Reference
WT 2.15 1.22-3.80 0.008 2.76 1.44-5.28 0.002
TN
Mut Reference Reference
WT 1.77 1.28-2.45 0.001 1.64 1.16-2.32 0.006
Transcriptional status
MEPE 1.21 1.11-1.32 <0.001 .16 1.05-1.28 0.004
CYP3A4 111 1.05-1.17 <0.001 1.12 1.06-1.18 <0.001
KLK6 | 1.00-1.01 <0.001 1.01 1.00-1.01 <0.001
SLCI7A8 1.19 1.08-1.31 <0.001 1.25 1.13-1.40 <0.001
GRAPL 6221.58 82.72-467,929.20 <0.001 320.02 2.66-38,572.70 0018
TGM2 | 1.00-1.00 <0.001 | 1.00-1.00 0.001
HPR 1.23 1.12-1.35 <0.001 1.35 1.20-1.52 <0.001

Abbreviations: HR, hazard ratio; Cl, confidence interval; T, tumor; P, probability; NOS, not otherwise specified; Mut,

mutation; WT, wild type.

a threshold at 60% prognostic index. Furthermore, model-predicted probability of disease-free survival (DFS) and the

actual DFS showed good linear correlation at 1-year, 3-year and 5-year time points in both training and validation

cohorts, suggesting good predicting efficacy and consistency (Figure 6C).
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Figure 5 Nomogram model for predicting the prognosis of LUSC patients. Model was established based on the results of multivariate analyses of clinicopathological,

mutational and transcriptional prognostic factors.
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Discussion
Previous studies showed that LUAD and LUSC were largely distinct from each other in somatic mutational landscape

and transcriptional profile.’*® However, similarity was observed between LUSC and a series of squamous carcinomas in

head, neck and bladder.?® These observations suggested that histological contexts may be more influential than organ

contexts in modeling somatic and transcriptional alterations. Cancers arising from similar cell types (here it refers to
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squamous cell) across different tissues may be more similar than those arising from different cells of the same tissue.’
Indeed, the difference in somatic mutational landscape between LUAD and LUSC influenced the systematic therapeutic
strategies for stage IIIB-IV patients who do not have surgical opportunities. It appeared that patients with LUAD may
have more choice than those with LUSC in terms of TKI-based therapy, as alterations of TKI-related genes, such as
EGFR, ALK and ROS1 are more often observed in LUAD than LUSC.?” However, for stage I-IITA patients who can be
potentially cured by surgery, the therapeutic strategies are largely similar between LUAD and LUSC. In this study, we
focused on the stage I-IIIA LUSC patients and investigated the prognostic factors at genomic, transcriptional and
clinicopathological levels.

We found some similarities and differences in enrichment analyses between the mutational and transcriptional profile.
The main similarities included the ion channel and transmembrane transporter activity and PI3K-AKT pathway, while the
main differences included the neuronal function in mutational analysis and the neutrophil regulation in transcriptional
analysis. The differences may be caused by the differential and inconsistent mutational and transcriptional alterations.
Mutational alterations may not necessarily lead to transcriptional changes, and transcriptional changes may not necessa-
rily be caused by mutational alterations.”® For example, large amount of mutations can be found in some large proteins,
such as ion channels. These mutations at non-crucial sites may not cause substantial change of ion channel function or
expression, however, functions related to ion channels may be enriched in mutation enrichment analysis. On the other
hand, epigenetic changes and regulations by various small and large molecules may influence the transcriptional and
expressional levels of many proteins. These changes may not be caused by corresponding gene mutations.?’ Therefore,
alterations of transcription may not directly reflect the mutational changes for certain genes, and vice versa.

Stage-related mutational frequency has been reported in LUAD.?”® Distinct mutational frequency across stage I-III
has been observed in top mutated genes and main driver genes, including EGFR, TP53 and KRAS.**3! In contrast, we
found no substantial difference in mutational frequency across stage I-III in top mutated genes of LUSC, suggesting
a differential stage-related mutational profile between the two types of NSCLC. Furthermore, the six genes that showed
significant stage-related differences in mutational frequency were not among the top 20 mutated genes. This observation
in individual genes was supported by the fact that TMB showed no difference across T1-T4, which, again, confirmed our
observations in LUSC. Taken together, these observations strongly suggested that different to LUAD, the mutational
frequency of individual genes and the mutational burden in LUSC were largely stable across different stages. However,
patients with stage N2 appeared to have higher TMB than those without sign of lymph node metastasis, suggesting that
more advanced LUSC, especially under the circumstances of potential active clonal expansion and metastasis, may
exhibit higher mutational frequency.

The stratification of patient prognosis by mutational status was observed in several genes in LUSC. Interestingly,
patients with mutations exhibited better survival than those with the wild type counterpart in 8 out of 10 genes, especially
for some highly mutated genes, such as TTN. It was more interesting to find that LUSC patients with higher TMB
exhibited better survival that those with lower TMB. Although TMB has been reported as a marker for stratification in
resectable LUAD, the stratification of TMB in LUSC has seldom been studied.*>** These observations suggested that
LUSC patients with higher burden of mutations, such as those exhibiting key individual gene mutations and those with
higher TMB, had a higher chance of better overall survival than those with lower burden of mutations, such as those with
wild type genes and lower TMB. Furthermore, TMB and four genes were found to be independent risk factors in the
multivariate analysis. Since these patients received radical surgery as the main therapy, these observations suggested that
mutational burden or mutational status itself was predictive for LUSC patient prognosis. This was also observed in
previous studies in LUAD, in which TMB and a series of driver genes were found to be independent risk factors for
patient survival.**° The reason for the correlation between higher TMB and better survival was not completely clear,
while current evidence suggested that higher TMB may reflect better immunogenicity, which could mediate the shaping
of tumor-host immune interactions.’” High TMB has been suggested to be correlated with both high neo-epitope
burden®® and intense TIL infiltration,® which have been associated with favorable survival outcomes in resectable
lung cancer.*® This may also be true for late-stage lung cancer patients who receive chemotherapy, targeted therapy or
immunotherapy.'®*'*** Furthermore, some clues on heterogeneous changes in cancer may also provide potential
explanations. It was observed that patients with high mutational burden generally exhibited low copy number changes,
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while patients with low mutational burden may have high copy number changes.>> Some cancers exhibit low mutational
burden but high copy number variation (CNV) and some cancers are contrary,>>* and those with high CNV changes
generally exhibited worse prognosis.** Metastatic cancers generally exhibit higher CNV changes than those at earlier
stages.** ™ It appeared that high CNV changes may be an indicator for worse prognosis, and patients with high CNV
changes generally have lower mutational burden. In contrast, patients with higher mutational burden (lower CNV
changes) may have better survival. There may be a seesaw effect between CNV and mutational burden, which may be
relevant to the survival of patients.

Here in this study, we found several genes with stratification on prognosis as independent risk factors. Since many
factors may affect the transcriptional level across different individuals and studies, our observations suggested that the
transcriptional alterations may also be significant factors and relevant to patient prognosis, similar to the mutational
status. This was reflected in the Nomogram model, which was established by clinicopathological, mutational and
transcriptional factors. This means that the prognosis of individual patient can be quantified by determining these factors,
provided the tissue sample is available for sequencing. This opened a door for early prognosis prediction for LUSC
patients before any therapy, which may be helpful for establishing personalized therapeutic strategies at early stages of
intervention. This may also be important at the era of targeted drug-based or immunotherapy-based neoadjuvant or
adjuvant therapy, which may further improve the patient survival in combination with radical surgery.*’**
Comprehensive tests on mutational and transcriptional status can provide more and better options for the therapy of
LUSC.

It is important to consider the clinical scenario for the application of the model in practice. It is a routine that both
early- and late-stage NSCLC patients receive genetic test with tumor tissue or blood samples before any therapy. In order
to assess the prognosis of patients using the model, transcriptional analysis can be performed in parallel with mutational
analysis using cancer tissues. The prediction of prognosis can be achieved by collecting and analyzing the clinicopatho-
logical, mutational and transcriptional factors, and the probability of survival of any individual patient can be predicted
by calculating the points in the model. The prognostic information for any individual can be used to guide the selection of
therapeutic strategy before therapy and the adjustment of therapies when disease relief or progression is revealed.

This study had some limitations. First, the Nomogram model established in this study was validated in a retrospective
cohort, which may be influenced by availability of patients, sample quality and bias in clinical information, therefore it
should be further validated in a prospective cohort to ensure its validity in the real world. Secondly, the Nomogram
model was established from Western population and was validated in the Chinese population. Although the validation
appeared to be successful, further study should be performed to investigate the potential differences in mutational,
transcriptional features and prognosis between the populations. Thirdly, although most patients received adjuvant therapy
after surgery, the therapeutic strategy may vary across different individuals and may potentially influence the patient
prognosis. Further detailed information on postsurgical therapy should be collected and patients may be grouped or
stratified in future analysis.

In conclusion, the mutational and transcriptional landscape of stage I-III LUSC has been investigated by data mining
of the TCGA database in this study. A Nomogram model for patient prognosis has been established with significant
clinicopathological, mutational and transcriptional factors. The model was proved to be effective by validation in
a retrospective cohort.
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