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Immune-related genes (IRGs) play considerable roles in tumor immune microenvironment
(IME). This research aimed to discover the differentially expressed immune-related genes
(DEIRGS) based on the Cox predictive model to predict survival for lung squamous cell
carcinoma (LUSC) through bioinformatics analysis. First of all, the differentially expressed
genes (DEGs) were acquired based on The Cancer Genome Atlas (TCGA) using the
limma R package, the DEIRGs were obtained from the ImmPort database, whereas the
differentially expressed transcription factors (DETFs) were acquired from the Cistrome
database. Thereafter, a TFs-mediated IRGs network was constructed to identify the
candidate mechanisms for those DEIRGs in LUSC at molecular level. Moreover, Gene
Ontology (GO), together with Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analysis, was conducted for exploring those functional enrichments
for DEIRGs. Besides, univariate as well as multivariate Cox regression analysis was
conducted for establishing a prediction model for DEIRGs biomarkers. In addition,
the relationship between the prognostic model and immunocytes was further explored
through immunocyte correlation analysis. In total, 3,599 DEGs, 223 DEIRGs, and
46 DETFs were obtained from LUSC tissues and adjacent non-carcinoma tissues.
According to multivariate Cox regression analysis, 10 DEIRGs (including CALCB, GCGR,
HTR3A, AMH, VGF, SEMA3B, NRTN, ENG, ACVRL1, and NR4A1) were retrieved to
establish a prognostic model for LUSC. Immunocyte infiltration analysis showed that
dendritic cells and neutrophils were positively correlated with IRGs, which possibly
exerted an important part within the IME of LUSC. Our study identifies a prognostic model
based on IRGs, which is then used to predict LUSC prognosis and analyze immunocyte
infiltration. This may provide a novel insight for exploring the potential IRGs in the IME
of LUSC.

Keywords: lung squamous cell carcinoma, immune-related genes (IRGs), transcription factors (TFs) mediated
IRGs network, a Cox prediction model, prognostic biomarkers
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Lietal Prognostic Signature of Differentially Expressed IRGs

FIGURE 3 | Functional enrichment analysis of differential expression IRGs in LUSC. (A) The outer circle shows the expression (logFC) of differential expression IRGs in
each enriched GO terms: red dots which were on each Go terms indicated the up-regulation differential expression IRGs. Blue dots indicated the down-regulation
differential expression IRGs. The inner-circle shows the prominence of GO terms (log10-adjusted P-values). (B) The circle represents the relationship between
statistically top 30 differential expression IRGs and their GO terms. (C) The top five most significant GO terms and their annotations. (D) The top 10 pathways which
were enriched in differential expression IRGs were showed in the dot plot. (E) The top 12 pathways which were enriched in differential expression IRGs were showed
in the barplot. (F) the significantly statistically different 21 pathways were used Cytoscape software for constructing a pathway-IRG network with differential expression
IRGs. The green rectangles indicate the pathways, the red circles indicate the up-regulation differential expression IRGs, the blue circles indicate the down-regulation
differential expression IRGs.
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TABLE 4 | KEGG Pathway analysis of differential expression IRGs in LUSC.

ID Description Count p-value p.adjust g-value
hsa04060 Cytokine-cytokine receptor interaction 46 8.05E-28 1.48E-25 1.21E-25
hsa04080 Neuroactive ligand-receptor interaction 33 1.38E-13 1.27E-11 1.04E-11
hsa04061 Viral protein interaction with cytokine and cytokine receptor 18 2.57E-12 1.68E-10 1.29E-10
hsa05323 Rheumatoid arthritis 14 8.87E-09 4.08E-07 3.34E-07
hsa04062 Chemokine signaling pathway 18 1.03E-07 3.80E-06 3.11E-06
hsa04630 JAK-STAT signaling pathway 14 9.11E-06 0.0002793 0.0002285
hsa04657 IL-17 signaling pathway 10 2.79E-05 0.000705 0.0005768
hsa04350 TGF-beta signaling pathway 10 3.07E-05 0.000705 0.0005768
hsa04015 Rap1 signaling pathway 13 0.00056668 0.0097149 0.0079475
hsa04151 PI3K-Akt signaling pathway 18 0.00056926 0.0097149 0.0079475
hsa04010 MAPK signaling pathway 16 0.00058078 0.0097149 0.0079475
hsa04668 TNF signaling pathway 9 0.00065132 0.0099868 0.00817
hsa05224 Breast cancer 10 0.00121214 0.0171564 0.0140353
hsa04614 Renin-angiotensin system 4 0.00132305 0.0173887 0.0142253
hsa04014 Ras signaling pathway 13 0.00142622 0.017495 0.0143123
hsa04928 Parathyroid hormone synthesis, secretion and action 8 0.00194247 0.0223384 0.0182746
hsa05144 Malaria 5 0.00383322 0.041489 0.0339412
hsa05150 Staphylococcus aureus infection 7 0.0044752 0.0457465 0.0374242
hsa04640 Hematopoietic cell lineage 7 0.00473805 0.0458843 0.0375369
hsa04145 Phagosome 9 0.0053595 0.0493074 0.0403373
hsa05133 Pertussis 6 0.0056862 0.0498219 0.0407582
A
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FIGURE 4 | OS-related DEIRGs and TFs-IRGs regulatory network. (A) The forest map of OS-related DEIRGs in LUSC. Red and green dots indicate the high and
low-risk, respectively. (B) Regulatory network between prognosis-related DEIRGs and DETFs in LUSC. The red and blue circles indicate the high and low-risk DEIRGs,
respectively. The green diamonds indicate DETFs. Solid and dashed lines in the network showed that there is a positive and negative correlation between

prognosis-related DEIRGs and DETFs.
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TABLE 5 | Correlation analysis between TFs and IRGs in LUSC.

TABLE 5 | Continued

TF ImmuneGene cor p-value Regulation TF ImmuneGene cor p-value Regulation
CENPA A2M —0.4136 3.07E-19 Negative GATAB ICAM2 0.44256 4.26E-22 Positive
CENPA ACVRLA1 —0.4029 3.01E-18 Negative NR4A1 CYR61 0.47941 3.74E-26 Positive
CENPA ENG —0.4025 3.27E-18 Negative NR4A1 EDNRB 0.40127 4.19E-18 Positive
CENPA TIE1 —0.4228 4.06E-20 Negative NR4A1 NR4A1 0.87655 2.51E-138 Positive
EPAS1 A2M 0.42186 5.01E-20 Positive NR4A1 NR4A3 0.67207 6.04E-58 Positive
EPAS1 ARRB1 0.40984 6.89E-19 Positive RXRG NROB2 0.51789 6.02E-31 Positive
EPAS1 EDNRB 0.49683 3.01E-28 Positive RXRG SSTR1 0.40021 5.22E-18 Positive
EPAS1 ACVRLA1 0.42222 4.62E-20 Positive SNAI2 ARRB1 —-0.4122 4.19E-19 Negative
EPAS1 AGTR2 0.40382 2.46E-18 Positive SOX2 ICAM1 —0.453 3.35E-23 Negative
EPAS1 ENG 0.44962 7.77E-23 Positive SOX2 WNTSA 0.43716 1.53E-21 Positive
EPAS1 NR4A3 0.4066 1.37E-18 Positive SOX2 TNFRSF10C —0.4192 8.97E-20 Negative
EPAS1 PTH1R 0.49468 5.55E-28 Positive TCF21 SFTPD 0.46099 4.60E-24 Positive
EPAS1 TIE1 0.48626 5.81E-27 Positive TCF21 A2M 0.58905 1.30E-41 Positive
ERG A2M 0.48924 2.55E-27 Positive TCF21 DLL4 0.46154 4.00E-24 Positive
ERG DLL4 0.40045 4.96E-18 Positive TCF21 MARCO 0.4991 1.67E-28 Positive
ERG HGF 0.41438 2.59E-19 Positive TCF21 HGF 0.4629 2.83E-24 Positive
ERG EDNRB 0.46326 2.58E-24 Positive TCF21 ARRB1 0.45689 1.29E-23 Positive
ERG ACVRLA1 0.46495 1.68E-24 Positive TCF21 EDNRB 0.60046 1.41E-43 Positive
ERG AGTR2 0.45101 5.53E-23 Positive TCF21 RETN 0.58495 6.35E-41 Positive
ERG ENG 0.4115 4.83E-19 Positive TCF21 ACVRLA 0.59241 3.50E-42 Positive
ERG TIE1 0.52801 2.59E-32 Positive TCF21 AGTR2 0.51486 1.51E-30 Positive
FLIA ICAM1 0.5065 1.83E-29 Positive TCF21 ENG 0.5005 1.05E-28 Positive
FLI A2M 0.63456 6.01E-50 Positive TCF21 FLT4 0.49341 7.93E-28 Positive
FLI DLL4 0.563812 1.01E-33 Positive TCF21 PTH1R 0.54606 7.27E-35 Positive
FLH MARCO 0.48172 2.01E-26 Positive TCF21 SCTR 0.47708 7.00E-26 Positive
FLIH HGF 0.563757 1.21E-33 Positive TCF21 TIE1 0.57698 1.29E-39 Positive
FLIH ARRB1 0.5232 1.17E-31 Positive TCF21 ICAM2 0.43744 1.43E-21 Positive
FLIH CYR61 0.4488 9.48E-23 Positive TP63 WNTS5A 0.45232 4.00E-23 Positive
FLI EDNRB 0.59983 1.82E-43 Positive TP63 LTB4R 0.43924 9.36E-22 Positive
FLI RETN 0.42341 3.55E-20 Positive TP63 ARRB1 —0.4472 1.38E-22 Negative
FLI1 ACVRLA1 0.70104 5.57E-65 Positive
FLI1 ENG 0.65288 1.04E-53 Positive
FLit FLT4 0.64726 1.57E-52 Positive TABLE 6 | Multivariate Cox regression analyses of 10 DEIRGs in risk models in
FLIH NR4A3 0.46872 6.33E-25 Positive LUSC.
FLH PTH1R 0.4162 1.74E-19 Positive
FLIH TIE1 0.68268 1.99E-60 Positive IRG coef exp (coef) se (coef) z P
FLI ICAM2 0.68806 9.99E-62 Positive SEMA3B 0.2141 19387 0.093 o3 0.021
FOS NR4AT 0.57363 4.46E-39 Positive AMH —0.2698 0.7636 0.1251 216 0.031
FOXA2 DLL4 0.40778 1.07E-18 Positive CALCB _0.6777 0.5078 0.2912 233 0.02
FOXA2 ARRB1 0.44232 4.51E-22 Positive NRTN _0.1896 0.8273 0.1092 174 0.082
FOXA2 NROB2 0.6318 2.12E-49 Positive VGF 0.3628 1.4373 0.0903 402  5.90E-05
GATAG ICAM1 0.46427 2.00E-24 Positive AGVAL 0.4248 1 5203 0.0144 198 0.048
GATAB A2M 0.46541 1.49E-24 Positive ENG 03538 0.702 01871 189 0.059
GATAG ARRB1 0.40406 2.34E-18 Positive GCGR —0.4009 0.6697 0.2073 _1.93 0.053
GATA6 EDNRB 0.55237 8.54E-36 Positive HTR3A 0.1985 1.2195 0.0856 230 0.02
GATAG BMP2 0.43468 2.71E-21 Positive NR4A1 0.1339 11433 0.0727 1.84 0.066
GATAG ACVRLA1 0.47913 4.04E-26 Positive
GATAG FLT4 0.46192 3.63E-24 Positive
GATAG NR4A3 0.48118 2.32E-26 Positive
GATAG PTH1R 0.40996 341E-18 Positive in LUSC. The weighted relative coefficients in multiple Cox
GATAB TIET 0.45951 6.69E-04 Positive regression were shown below: survival riskscore value = (0.2141
x SEMA3B expression + (—0.2698) x AMH expression +
(Continued) (—0.6777) x CALCB expression + 0.1896 x NRTN expression
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FIGURE 5 | Prognosis value of 10 differential expression IRGs in LUSC patients. (A) Kaplan-Meier curve analysis for OS (overall survival) in LUSC patients using the 10
differential expression IRGs signature. (B) ROC curve analysis of the prognostic 10 differential expressions IRGs signature. (C) The risk score analysis of prognostic 10
differential expressions IRGs signature in LUSC high-risk group and low-risk group. (D) The survival status analysis of prognostic 10 differential expressions IRGs
signature in LUSC high-risk group and low-risk group. (E) A risk heat-map constructed from 10 differential expression IRGs from 431 LUSC patients.

+ 0.3628 x VGF expression + 0.4248 x ACVRLI expression +  time and status data were classified as high-(n = 215) or low-
(—0.3538) x ENG expression + (—0.4009) x GCGR expression  (n = 216) risk group. According to survival analysis based
+ 0.1985 x HTR3A expression + 0.1339 x NR4A1 expression).  on the prediction model with the 10 DEIRGs, LUSC cases of
Multivariate Cox regression analyses are shown in Table 6. Based ~ high-risk group were associated with notably poor prognosis
on the median riskscore value, 431 cases who had intact survival ~ compared with those of low-risk group (P = 0) (Figure 5A). To
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FIGURE 6 | Univariate and multivariate independent prognostic analysis in
LUSC. (A) Univariate independent prognostic analysis forest map of the
prognostic immune-related genes model and LUSC clinicopathological
characteristics. (B) Multivariate independent prognostic analysis forest map of
prognostic immune-related genes model and LUSC clinicopathological
characteristics. The red dots in the forest map shows that the clinical
characteristic is a high-risk factor. The green dots in the forest map shows that
the clinical characteristic is a low-risk factor.

evaluate the specificity and sensitivity of the prognostic model, we
performed the ROC curve, for which the AUC value was 0.709,
illustrating that the DEIRGs-based prediction model achieved
better accuracy in survival monitoring (Figure 5B). The riskscore
curve and survival status data of both groups of patients are
exhibited in Figures 5C,D, respectively. As shown in Figure 5E,
the expression of 10 DEIRGs was profiled.

Independent Prognosis Analysis

The prognostic IRGs were screened for predicting the prognosis
for LUSC cases. Eventually, altogether 37 DEIRGs showed
significant correlation with overall survival (OS) (P < 0.05)
(Figure 6A). Meanwhile, univariate independent prognostic
analysis showed that, pathological M stage and the riskscore were
related to OS, and the difference was of statistical significance
(P < 0.001). Moreover, the multivariate independent prognostic
analysis showed that, pathological M stage and the riskscore
might serve as the independent prognostic factors to predict the
survival for LUSC (Table 7; Figure 6B).

TABLE 7 | Univariate and multivariate independent prognostic analysis of LUSC
clinical characteristics based on prediction model.

Variables Univariate analysis Multivariate analysis

Hazard ratio (95% CI) p-value Hazard ratio (95% Cl) p-value

Age 1.005(0.978-1.032)  0.729  0.974 (0.903-0.051)  0.502
Gender 0.998 (0.667-1.494)  0.994  0.845(0.406-1.758)  0.652
Stage 1.118(0.778-1.606)  0.546  1.413(0.568-3.513)  0.457
T 1.179 (0.924-1.504) 0186  1.476(0.864-2.52)  0.154
M 18.132(3.085-55.908) <0.001  7.241(1.371-38.24)  0.02

N 1.092 (0.852-1.400)  0.488  0.815(0.417-1592)  0.549
riskScore 1.1 (1.124-1527)  <0.001  1.321(1.122-1.556)  <0.001

The bold values represent that the prediction model of IRGs could be act as independent
prognostic factors.

Relationships Between Differential IRGs in
Prediction Models and Clinical Features in
LUSC

Relationships between DEIRGs in risk model and clinical
characteristics, including gender, age, pathological classification,
pathological T stage, pathological N stage, and pathological
M stage, were analyzed (Table 8). As observed from Figure 7,
the expression levels of AMH, CALCB, ACVRL] and NR4Al
were significantly different in LUSC at pathological I-II stage
compared with those at III-IV stage (P < 0.05) (Figures 7A-D).
The expression levels of AMH, CALCB, GCGR, and NR4Al
were significantly different in LUSC at pathological T1-T2 stage
compared with those at T3-T4 stage (P < 0.05) (Figures 7E-H).
The expression levels of SEMA3B, AMH, CALCB, and GCGR
were significantly different in LUSC at pathological MO stage
relative to those at M1 stage (P < 0.05) (Figures 7I-L). The
expression of VGF was conspicuously different in LUSC at
pathological NO stage relative to that at N1-N3 stage (P = 0.005)
(Figure 7M).

Correlation Analysis Between DEIRGs in
Prediction Model and Immunocyte

Infiltration in LUSC

To figure out whether DEIRGs precisely reflected the status of
LUSC IME, correlation analysis was carried out to examine the
relationship between DEIRGs in the LUSC prediction model and
immunocyte infiltration (Figure 8). As shown in Figure 8, B cells,
CD4-T cells, CD8-Tcells, Macrophages were not associated with
the riskScore of the prediction model (P > 0.05) (Figures 8A-E).
Dendritic cells and neutrophils had a positively relationship with
DEIRGs in prediction model (P < 0.05) (Figures 8D,F).

DISCUSSION

In recent years, IRGs show increasing importance to cancer
development and immunotherapies (24-27). However,
transcriptome studies on IRGs, the relationships of IRGs
with clinical characteristics, and the molecular mechanisms
have not been performed yet. In the present work, the Cox
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TABLE 8 | Relationships between the expression of IRGs in risk models and the clinical characteristics in LUSC.

Gene Age (<=65/>65) Gender Pathological Stage T (T1-T2/T3-T4) M (M0/M1) N (NO/N1-N3)
(male/female) (I-11/111-1v)

t P t P t P t P t P T P
SEMA3B —1.04 0.299 —1.319 0.188 0.15 0.055 0.92 0.381 2.776 0.03 —1.01 0.314
AMH 0.119 0.264 -0.12 0.905 6.389 <0.001 6.01 <0.001 5.744 <0.001 0.869 0.386
CALCB —0.052 0.958 —0.426 0.671 3.29 0.001 3.355 <0.001 3.19 0.002 —0.65 0.519
NRTN —1.363 0.175 —0.881 0.379 0.713 0.539 2.162 0.059 0.27 0.83 —1.26 0.212
VGF 0.413 0.68 0.37 0.712 0.23 0.834 1.406 0.184 —-1.12 0.346 2.865 0.005
ACVRL1 1.063 0.289 0.977 0.33 2.164 0.044 0.662 0.533 1.582 0.19 0.011 0.991
ENG 1.035 0.301 0.763 0.447 0.272 0.809 —0.41 0.698 2.062 0.227 -0 0.998
GCGR —0.042 0.967 0.828 0.409 0.79 0.501 2.264 0.049 6.217 <0.001 -0.7 0.482
HTR3A -0.733 0.465 -0.179 0.858 —0.459 0.69 0.039 0.97 -0.64 0.637 -0.72 0.475
NR4A1 0.361 0.719 0.504 0.615 4.926 0.01 7.196 <0.001 3.44 0.12 —0.54 0.592
riskScore -0.416 0.678 —0.266 0.79 —0.492 0.67 —0.236 0.821 —-1.94 0.293 0.732 0.465

The bold values represent the expression of IRGs were significantly associated with correspondence clinical characteristics.

prediction model was established for revealing IRGs specific to
LUSGC, so as to predict LUSC prognosis. The regulatory network
between IRGs and TFs revealed the potential novel molecular
mechanisms in LUSC. In this study, the DEIRGs obtained in
LUSC might play a vital role in predicting the prognosis for
LUSC. More importantly, an individualized Cox prediction
model with DEIRGs was adopted for measuring immunocyte
infiltration and evaluating the clinical prognosis.

In recent years, the prognostic or predictive biomarkers
associated with the tumor IME are promising to identify new
molecular targets and to enhance the treatment for patients
during immunotherapy development (28-34). Several recent
studies reveal the prognostic biomarkers in tumor IME for
predicting tumor prognosis. Li et al. found that four IRGs were
identified as the biomarkers to predict the prognosis for breast
cancer (35). Pan et al. discovered that 149 immune genes were
identified as the prognostic genes in tumor IME to predict
ESCC prognosis (36). Yang et al. suggested that the diagnostic
immune score (DIS) and prognostic immune score (PIS) showed
diagnostic and prognostic significance for cancers in the digestive
system (37). Nowadays, prognostic biomarkers related to the
tumor IME in lung cancer are still lacking.

A study demonstrates that the NSCLC IME may be
adopted to be the potential prognostic biomarkers to predict
patient prognosis after receiving immune checkpoint inhibitor
treatments (37). However, the molecular mechanism of
prognosis-related DEIRGs associated with DETFs in LUSC
tumor IME is not examined yet. The present study was carried
out to explore DEIRGs and establish the IRGs-based prognostic
model in LUSC IME to reveal the prognostic biomarkers to
predict LUSC diagnosis and prognosis.

According to functional enrichment analysis in this work,
DEIRGs showed the highest enrichment levels within tumor-
related typical pathways, including the JAK-STAT signal
transduction pathway, the TGF- signal transduction pathway,
the PI3K-Akt signal transduction pathway, the MAPK signal
transduction pathway, and the TNF signal transduction pathway.
According to recent research, alterations in MET-activation and

JAK2-inactivation are the independent factors that affect the
response to immune checkpoint inhibitors like PD-L1 in lung
cancer (25). As suggested in one study, the combination of MEK
and PD-L1 inhibitors in pre-clinical and ex-vivo NSCLC models
exerts an important part in predicting patient sensitivity to such
therapies (38).

For further exploring the underlying mechanisms of
DEIRGs at molecular level, the TF-mediated IRGs network
was constructed in the present study, so as to reveal the
significant TFs regulating DEIRGs in this network. FOXA2,
TP63, FLI1, TCF21, EPAS1, ERG, GATA6, FOS, CENPA,
SOX2, RXRG, NR4A1, and SNAI2 were the DETFs that might
regulate the DEIRGs in LUSC. Tang et al. discovered that
curcumin inhibited the growth of human NCI-H292 LUSCs
by up-regulating FOXA2 expression (39). FLII acts as a novel
oncogenic diver to promote the metastasis of small cell lung
cancer (SCLC). LncRNA LINCO00163 serves as the tumor
suppressor through transcriptionally up-regulating TCF21
expression in inhibiting the development of lung cancer (40).
In addition, the hypoxic-stabilized EPASI proteins transactivate
DNMT1, which further promotes the hypermethylation of
EPASI promoter and down-regulates EPAS] mRNA expression
in NSCLC (41). A recent study showed that CENPA could act
as a novel diagnostic biomarker in lung adenocarcinoma (42).
Compared with previous studies, our study had first constructed
the co-expression DETFs-prognosis-related DEIRGs regulatory
network in LUSC using bioinformatics analysis. From the
network in our study, the DETFs positively and negatively
regulated the DEIRGs, which shed new light on exploring the
DEIRGs mechanisms in LUSC at molecular level.

In our study, univariate as well as multivariate Cox regression
analysis was carried out to constructed the DEIRGs-based Cox
prediction model. Eventually, the 10 DEIRGs in prediction
model played critical parts in predicting LUSC prognosis.
In addition, the AUC was 0.709, while the P-value between
high and low risk groups was 0, which indicated that the
Cox prediction model might be able to accurately estimate
LUSC prognosis. Univariate as well as multivariate independent
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FIGURE 7 | Relationships between the clinical-pathological characteristics and the expressions of differential expression IRGs in LUSC. (A-D) Differences in the
expression of DEIRGs between the pathological TNM stages I-II/1lI-IV in LUSC. (E-H) Differences in the expression of DEIRGs between the pathological T1-T2/T3-T4
stages in LUSC. (I-L) Differences in the expression of DEIRGs between the pathological MO/M1 stages in LUSC. (M) Differences in the expression of DEIRGs
between the pathological NO/N1-N3 stages in LUSC.
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prognosis analysis in our study indicated that, the pathological
M stage and the riskScore of the Cox prediction model might
serve as the independent prognostic factors to predict LUSC
prognosis. Furthermore, 10 DEIRGs were applied for correlation
analysis between the expression profiles of IRGs and clinical
characteristics. Semaphorin 3B (SEMA3B) can be used to be the
tumor suppressor gene to suppress the Akt signal transduction
pathway, which is achieved via the neuropilin-1 receptor in
lung cancer cells (43). The AMH/AMHR2 axis provides a
novel insight to illustrate the TGF-B/BMP resistance-associated
signaling in NSCLC (44). Epigenetic modifications facilitate
the expression of VGEF, up-regulate its protein expression, and
promote epithelial-mesenchymal transition (EMT) progression

as well as kinase inhibitor resistance within NSCLC (45). GCGR
acts as a member of the prognostic model, which can exert an
important part in predicting LUSC survival (46). In addition,
NR4A1 exerts an important part in the regulation of TGFp-
induced invasion and migration of lung cancer cells (47).

Our study first used bioinformatic analysis to integrate the
clinical characteristics of LUSC with the expression profiles of
10 DEIRGs to explore the statistically significant DEIRGs for
forecasting LUSC diagnosis and prognosis. Finally, immunocyte
correlation analysis was conducted using the contents of the
TIMER database of six types of immunocytes. According to our
results, dendritic cells and neutrophils exhibited a significantly
positive regulatory relationship with the riskscore of the Cox
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prediction model. Compared with previous studies, the present
study presented the new signature in which DEIRGs were
selected as the center, which might be used to predict LUSC
prognosis. Furthermore, the DEIRGs might act as the prognostic
biomarkers and immune status monitor for predicting LUSC
prognosis. We explored the relationships between DEIRGs in
prediction model and immunocyte infiltration to reflect the
status of IME in LUSC. Dendritic cells and neutrophils were
positively correlated with DEIRGs in prediction model, which
indicated that the high infiltration levels of dendritic cells
as well as neutrophils might be identified in high-risk LUSC
patients. These results showed that DEIRGs in prediction model
could act as predictor for predicting immunocyte infiltration in
LUSC. A study demonstrated that STAT3 and NF-kB signaling
pathways were simultaneously attenuated in dendritic cells of
lung cancer (48). A study showed that the tumor-associated
CD66b neutrophils were correlated with adverse prognostic
factors of NSCLC (49). The number of mature dendritic cells
were positively correlated with survival time in NSCLC patients
(50), While our findings showed that dendritic cells had a
positively relationship with the riskScore of the prediction model.
These results demonstrated that the prediction model based
on DEIRGs could predict the status of immunocyte infiltration
in LUSC.

Our prognostic model, which was constructed based on
10 DEIRGs in LUSC, indicated favorable clinical viability. It
showed that DEIRGs performed moderately in the ROC curve,
and were associated with age, gender, pathological TNM stage,
and metastasis. This predictive model may provide a treatment
plan based on the immunocyte infiltration degree revealed
by DEIRGs.

In conclusion, our study identifies the DEGs, DEIRGs, and
DETFs by bioinformatics analysis from TCGA, ImmPort and
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