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Abstract
Background: Lung squamous cell carcinoma (LUSC) is one of the subtypes of non-small-cell lung cancer
(NSCLC) and accounts for approximately 20 to 30% of all lung cancers.

Methods: In this study, we developed an immune-related gene pair index (IRGPI) for LUSC from 8 public
LUSC data sets, including The Cancer Genome Atlas LUSC cohort and Gene Expression Omnibus data
sets, and explored the prognostic value of IRGPI for patients with LUSC.

Results: IRGPI was constructed by 13 gene pairs consisting of 25 unique immune-related genes from the
training cohort. Multivariate cox regression analysis showed that high risk based on IRGPI was an
independent risk factor for poor prognosis of patients with LUSC in the training cohort (230 patients; HR=
3.40; 95%CI [2.34-4.94]; p<0.001), the testing cohort (228 patients; HR=2.11; 95%CI [1.48-3.01]; p<0.001)
and the validation cohort (472 patients; HR=1.99; 95%CI [1.5-2.63]; p<0.001). The in�ltrations of naïve B
cells, plasma cells, CD8+ T cells, activated memory CD4+ T cells, gamma delta (γδ) T cells, M1
macrophages, and activated dendritic cells were lower in the high-risk group, as compared with the low-
risk group in the TCGA cohort. The in�ltrations of neutrophils, activated mast cells, and monocytes were
higher in the high-risk group.

Conclusions: IRGPI is a signi�cant prognostic biomarker for predicting overall survival in LUSC patients.
Combining clinical features with IRGPI will improve prognostic accuracy. 

Background
With the development of sequencing technology, more and more biomarkers were constructed for the
diagnosis and prognosis of patients with lung cancer, including autoantibodies, complement fragments,
miRNAs, circulating tumor DNA, DNA methylation, blood protein pro�ling, and other signatures. For
example, Elena et al. reported a novel protein-based prognostic signature for risk strati�cation in patients
with early lung adenocarcinoma [1], Ana et al. constructed a prognostic classi�er based on mRNA,
microRNA, and DNA methylation biomarkers to identify stage I lung adenocarcinoma patients at high risk
of recurrence [2], and Daniel et al. described the diagnostic value of complement fragment C4d for
patients with lung cancer [3].

As Guo et al. had reported, because of the instability of quantitative information of gene expression
measurements under current technical conditions, it was more reasonable to construct quantitative
transcriptional diagnostic signatures based on within-sample relative expression orderings of gene pairs
[4]. Gene pairs signatures also demonstrated unique prognostic value in many cancers, such as non-
squamous non-small cell lung cancer (NSCLC) [5], gastric cancer [6], and colorectal cancer [7].

Previous studies associated with prognosis of lung squamous cell carcinoma (LUSC) patients mainly
concentrated on the alternative mRNA splicing signatures, lncRNA signatures, and other transcriptome
signatures [8–13]. As the component of the tumor microenvironment, tumor-in�ltrating immune cells
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(TIICs) revealed promising value for providing prognostic biomarkers [14–16]. However, few studies
focused on the immune-related gene pairs signatures of LUSC patients.

In the present study, we constructed an immune-related gene pair index (IRGPI) for LUSC and explored the
prognostic value of IRGPI in multiple data sets. By combining the tumor stage with IRGPI, the prediction
accuracy of IRGPI was improved.

Materials And Methods
Study design and data process

This retrospective study was conducted by using gene expression data from 8 public LUSC data sets,
including 1 RNA-Seq data set and 7 microarray data sets[17-19]. Only patients without neoadjuvant
therapy, adjuvant chemotherapy, or other immune-modulating therapy were included. LUSC RNA-Seq
FPKM data and clinical information were downloaded from Genomic Data Commons Data Portal (GDC
Data Portal) (https://portal.gdc.cancer.gov/). 7 GEO data sets (GSE37745, GSE50081, GSE30219,
GSE19188, GSE14814, GSE41271, and GSE42127) with clinical information were download from GEO
(https://www.ncbi.nlm.nih.gov/geo/). All the microarray data sets were merged into 1 data set and then
randomly divided into a training cohort and a testing cohort. 472 LUSC patients with complete clinical
information from TCGA were included as the independent validation cohort. The information about
platforms was shown in Supplementary Table 1. For Affymetrix microarrays, gene expression pro�les
were normalized with the MAS5.0 method (affy, version 1.50.0) [20]. Model-Based Background Correction
(MBCB) processed data were downloaded for Illumina datasets.

Construction of IRGPI as a speci�c prognostic biomarker for LUSC

The IRGPI was constructed according to a published article [5]. An immune-related genes (IRGs) list
consisting of cytokines, cytokine receptors, and genes related to variable immune cells function was
constructed by using data downloaded from the ImmPort database (https://immport.niaid.nih.gov) [21].
Only IRGs which were detected by all platforms were included. To form immune-related gene pairs
(IRGPs), the included genes were pairwise compared. For one gene pair, the IRGP score was 0 if the gene
expression level of IRG 1 was more than that of IRG 2; otherwise, the IRGP score was 1. Immune-related
gene pairs (IRGPs) with constant values (0 or 1) in each data set were excluded considering the probable
biases. The log-rank test was used to select the IRGPs which were associated with overall survival in all
the cohorts. IRGP with a p-value of less than 0.05 was selected to construct the immune-related gene pair
index (IRGPI) in the training cohort. Cox proportional hazards regression model with the least absolute
shrinkage and selection operator (LASSO) was used to select the appropriate IRGPs. The optimal model
parameter λ was evaluated by tenfold cross-validation at 1 SE (standard error) as previously
recommended. The time-dependent receiver operating characteristic (ROC) curve was used to determine
the optimal cutoff of IRGPI. The nearest neighbor estimation method was used to estimate the ROC
curve. Patients were divided into low-risk and high-risk groups based on the cutoff of IRGPI.

https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://immport.niaid.nih.gov/
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Validation of the prognostic value of IRGPI

To assess the prognostic value of IRGPI, univariate Cox regression analysis was conducted in the testing
and validation cohorts. Age and tumor stage were coded as continuous variables. The tumor stage was
coded as I=1, II=2, III=3, IV=4. The risk factors of gender and immune risk are male and high risk based on
IRGPI. The prognostic accuracy of IRGPI was assessed by the time-dependent receiver operating
characteristic (ROC) curve.

Immune cells in�ltration of low- and high- risk groups based on IRGPI

Tumor-in�ltrating immune cells (TIICs) are important components of the tumor microenvironment (TME).
The in�ltrations of immune cells were assessed by CIBERSORT[22]. CIBERSORT is a computational
method that can quantify immune cell fractions by using gene expression pro�les (GEPs) from bulk
tumor tissue. LUSC RNA-Seq gene expression pro�les were downloaded from TCGA and transformed into
the appropriate form according to the requirement. A total of 22 immune cell fractions were evaluated via
the CIBERSORT website (https://cibersort.stanford.edu/). Wilcoxon rank-sum test was used to assess the
difference of immune in�ltrations between low- and high-risk groups.

Statistical analysis

All statistical analyses were performed using R version 3.6.1 (https://www.r-project.org/). The log-rank
test was used to select Immune-related Gene Pairs (IRGPs) associated with overall survival. LASSO Cox
proportional hazards regression model was used to select ideal prognostic IRGPs for the construction of
IRGPI by glmnet [23]. The time-dependent receiver operating characteristic (ROC) curve was applied to
determine the optimal cutoff of IRGPI by survivalROC [24]. All the cohorts were separated into high-risk
and low-risk groups by the same cutoff. The discrimination of the model was evaluated by Area Under the
Curve (AUC) of the ROC curve. The Kaplan–Meier method was used to estimate survival curves.
Multivariate Cox proportional hazards regression model was performed with variates signi�cantly
associated with overall survival in the univariate analysis by survival packages. Unless speci�ed
otherwise, p-value < 0.05 was considered statistically signi�cant.

Results
Characteristics of patients

The analysis process was presented in the �ow chart (Fig. 1). A total of 930 lung squamous cell cancer
(LUSC) patients from TCGA and GEO data sets were enrolled in this study. 458 LUSC patients from GEO
data sets were randomly divided into the training cohort and testing cohort. The demographic and clinical
features of patients in the training, testing, and validation cohorts were listed in Table 1. There was no
signi�cant difference in the clinical features of the training and testing cohorts.

Construction of the IRGPI

https://cibersort.stanford.edu/
https://www.r-project.org/
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1065 immune-related genes (IRGs) were detected by the platforms enrolled in this study. 566580 immune-
related gene pairs (IRGPs) were constructed and IRGPs with constant values (0 or 1) in each data set
were excluded. The log-rank test was used to assess the association between the remaining IRGPs and
the overall survival (OS) of patients. To avoid over-�tting of the prediction model, the LASSO regression
was performed to screen the top 14 OS-related IRGPs (Figs. 2a, b). The �nal 13 IRGPs and LASSO
coe�cients were shown in Table 2. The 13 IRGPs which contained 25 unique immune-related genes were
used to construct IRGPI via L1-penalized Cox proportional hazards regression in the training cohort.
Based on the time-dependent ROC curve analysis, the optional cutoff for IRGPI was 1.31 (Supplementary
Fig. 1). The risk curve and scatterplot were used to demonstrate the IRGPI and vital status of each patient
with LUSC. Patients in the high-risk group had higher mortality than patients in the low-risk group (Figs.
2c, d). Survival curves of low- and high-risk groups were estimated by using the Kaplan–Meier method
and were compared by using the log-rank test (Fig. 2e). In the training cohort, the AUC of time-dependent
ROC curves at 1, 3, and 5 years was 0.744, 0.775, and 0.803, respectively (Fig. 2f).

Validation of IRGPI as an independent prognostic factor for LUSC

The same formula was used to calculate the IRPGI of patients in the testing and validation cohorts. Risk
curves and scatterplots were applied to show the IRGPI and vital status of each patient with LUSC in the
testing and validation cohorts. Patients with high risk based on IRGPI had higher mortality than patients
with low risk in the testing and validation cohorts (Figs. 3a-d). The IRGPI strati�ed patients with LUSC into
different prognostic groups in the testing and training cohorts by using the Kaplan–Meier curves (Figs.
3e, g). In the testing cohort, the AUC of time-dependent ROC curves at 1, 3, and 5 years was 0.601, 0.648,
and 0.691, respectively (Fig. 3f). In the validation cohort, the AUC of time-dependent ROC curves at 1, 3,
and 5 years was 0.635, 0.698, and 0.677, respectively (Fig. 3h). Multivariate Cox proportional hazards
regression model was performed with variates that were signi�cantly associated with overall survival in
univariate analysis (Table 3). Multivariate analyses showed that the hazard of death among the high-risk
group was 3.4 times that of the low-risk group (HR= 3.40; 95%CI [2.34-4.94]; p<0.001) in the training
cohort. High risk based on IRGPI was an independent risk factor for poor prognosis of patients with LUSC
in the testing cohort (HR=2.11; 95%CI [1.48-3.01]; p<0.001) and validation cohort (HR=1.99; 95%CI [1.5-
2.63]; p<0.001).

Immune in�ltration related to IRGPI

CIBERSORT was used to assess the in�ltrations of TIICs in the low- and high-risk groups based on IRGPI
in the TCGA validation cohort (Fig. 4). The in�ltrations of naïve B cells, plasma cells, CD8+ T cells,
activated memory CD4+ T cells, gamma delta (γδ) T cells, M1 macrophages and activated dendritic cells
were lower in the high-risk group, as compared with the low-risk group (p=0.002, p=0.004, p=0.027,
p=0.024, p=0.004, p=0.008, p=0.001, respectively). Patients in the high-risk group had higher proportions
of neutrophils, activated mast cells, and monocytes, as compared with patients in the low-risk group
(p<0.001; p=0.002; p=0.043, respectively).
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Comparison of biomarkers for LUSC

We summarized current biomarkers for LUSC and compared the biomarkers in Table 4. Li et al.
constructed a model with 6 lncRNAs from the TCGA LUSC cohort and the area under the curve (AUC) of
the 6-lncRNA signature associated with 3-year survival was 0.672 in the training cohort [11]. Hu et al.
constructed a 3-lncRNA signature for LUSC and the AUC of this model associated with 3-year survival
was 0.629 in the training cohort [12]. Qi et al. identi�ed 12 miRNAs closely related to the overall survival
of patients with LUSC [13]. Yang et al. identi�ed the diagnostic role of miRNA-486-5p in the TCGA LUSC
cohort [25]. Li et al. found that 60 genes were statistically related to the overall survival rate in LUSC
patients [10]. Shi et al. identi�ed 6 methylation biomarkers for LUSC diagnosis [26]. Li et al. created
prognostic predictors based on alternative splicing events for NSCLC patients and the AUC for prognostic
predictor was over 0.8 in TCGA LUSC cohort [9]. Choi et al. found that MLL2 mutations predicted poor
prognosis in both TP53 mutant and wild-type LUSC [8]. Gao et al. identi�ed a prognostic model contained
5 genes and the AUC of the model for predicting the survival at 1, 3, and 5 years was 0.692, 0.722, and
0.651, respectively [27]. Compared with other prognostic models for LUSC, IRGPI showed a robust ability
for predicting the overall survival of patients with LUSC despite using gene expression pro�les from
different sequencing platforms.

Combination of IRGPI and clinical characteristics

Since the IRGPI and tumor stage were independent risk factors for poor prognosis of patients with LUSC
in all the cohorts, IRGPI and tumor stage were combined to �t a Cox proportional hazards regression
model in the training cohort. A new score immune clinical prognostic index (ICPI) was built
(ICPI=0.2709218*IRGPI + 0.2888875*stage). The optimal cutoff of ICPI for stratifying patients was
determined to be 1.05 based on time-dependent ROC curve analysis in the derivation data set
(Supplementary Fig. 2). Compared with IRGPI in continuous form, the continuous form of ICPI improved
the prognostic accuracy of overall survival in the testing cohort (C-index=0.63, 95%CI [0.58-0.68] vs C-
index= 0.68, 95%CI [0.63-0.73]; p=0.013) and validation cohort (C-index=0.62, 95%CI [0.58-0.66] vs C-
index= 0.66, 95%CI [0.62-0.70]; p=0.023) (Table 5).

Discussion
Gene expression pro�les had shown enormous potentials in predicting the survival of patients. Many
biomarkers from gene signatures were constructed for the evaluation of prognosis in patients with non-
squamous NSCLC, such as CCP score [28] and quantitative-PCR-based assay [29]. The cell-cycle
progression genes (CCP score) were calculated from the normalized signatures of 31 cell-cycle genes and
could identify patient groups of reduced or increased risk of death after surgical resection. The
quantitative-PCR-based assay could identify patients with early-stage non-squamous NSCLC at high risk
for mortality after surgical resection. For LUSC, gene signatures from tumor microenvironment could also
be used to develop clinically useful tests to differentiate patients with different prognoses [30].
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Current prognostic biomarkers for LUSC included prognostic alternative mRNA splicing signature, lncRNA
signatures, and microRNA signatures [9, 11–13]. However, these studies [9, 11–13] only included LUSC
data from the TCGA database. In this study, we built IRGPI based on 13 immune-related gene pairs from
the training cohort and explored the prognostic value of IRGPI in the testing and validation cohorts. By
combining multi-gene expression, it was possible to construct robust gene expression-based biomarkers
to stratify patients with LUSC into low-risk and high-risk groups, even if gene expression pro�les were
from different sequencing platforms. Results showed that IRGPI could stratify LUSC patients into
subgroups with different survival outcomes. Besides, we combined the IRGPI with the tumor stage to
build a new score ICPI. Compared with IRGPI, ICPI showed higher prognostic accuracy in the testing and
validation cohorts.

More and more evidence had shown the potential role of TIILs in the development, progression, and
prognosis of cancers and the response of cancers to therapy [31]. According to the previous study,
patients with lower levels of tumor-in�ltrating effector T cells demonstrated a relatively worse prognosis
[32]. Several studies had reported that tumors could escape immune system surveillance and effective
antitumor immunity partly depended on cytotoxic T lymphocytes [33]. In NSCLC, many studies had
demonstrated the association between the immune cell populations and prognosis of patients [34–37].
The immunotherapy with immune checkpoint inhibitors against NSCLC had shown remarkable clinical
e�cacy and the e�cacy of immune checkpoint blockade depended on the in�ltration of TIICs in the
tumor tissues [38–40].

Many agents for NSCLC are not bene�cial for the treatment of LUSC because LUSC lacked the speci�c
genetic alterations that agents targeted [41]. In contrast, immune checkpoint inhibitor therapy had shown
clinical e�cacy in LUSC with prolonged survival [42, 43]. The immunotherapy for LUSC could be
improved by prognostic biomarkers related to the tumor immune microenvironment. In this study, we
found higher in�ltrations of neutrophils and monocytes and lower in�ltrations of CD8+ T cells and CD4+ T
cells in the high–risk group based on IRGPI in the TCGA LUSC cohort. Patients in the high-risk group had
lower levels of tumor-in�ltrating CD8+ T cells and displayed a relatively poor prognosis. Both the
neutrophil and monocyte lineages had been demonstrated to possess lymphocyte suppressive
capabilities [44]. The dysregulation of TIICs might explain the differences of prognosis between low- and
high-risk groups based on IRGPI.

The method used to construct the IRGPI was based on the previous study [5]. Li et al. constructed the
IRGPI for early-stage non-squamous NSCLC. However, the immune microenvironment differences
between squamous and non-squamous NSCLS were signi�cant [45–47]. To construct a robust signature
for LUSC, several public LUSC data sets were included in the study. The expression levels of genes in
each sample were compared in pairs to generate IRGPI. This gene pair-based approach was based on the
relative gene expression of each sample and did not need normalization. There were also some
limitations in our study. Although batch effects were reduced by the pairwise comparison of immune-
related genes, some of them were unavoidable due to the combination of different platforms [48].
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Meanwhile, sampling bias caused by intratumor genetic heterogeneity was inevitable for gene
expression-based IRGPI.

Conclusions
The immune-related gene pair index (IRGPI) is a prospective prognostic biomarker for LUSC, especially for
early-stage LUSC. Further studies are still needed to validate its accuracy for assessing prognosis and to
explore its clinical utility in the individualized management of LUSC.
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Table 1.Clinical characteristics of patients enrolled in this study

Variable Training cohort Testing cohort P value* Validation cohort

No. of patients 230 228 - 472

Age, median(IQR) 68(62-73) 65(60-71) 0.104 68(62-73)

Gender        

Female(%) 71(30.9) 74(32.5) 0.715 122(25.8)

Male(%) 159(69.1) 154(67.5) - 350(74.2)

Stage        

I(%) 125(54.4) 120(52.7) 0.713 230(48.7)

II(%) 58(25.2) 60(26.3) 0.788 155(32.8)

III(%) 46(20) 47(20.6) 0.870 81(17.2)

IV(%) 1(0.4) 1(0.4) 1 6(1.3)

Overall survival, median(IQR) 1482(670-2275) 1398(612-2363) 0.420 696(366-1335)

No. of death(%) 119(51.7) 130(57.0) 0.061 199(42.2)

*Wilcoxon rank-sum test, Chi-square test (χ2 test), Fisher's exact test, and log-rank test were used to
compare the clinical features of the training and testing cohorts.
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Table 2. Immune-related genes (IRGs) used to construct IRGPI.

IRG1 IRG2 IRGP Lasso Coe�cients

ACVR1B TNFRSF10C ACVR1B - TNFRSF10C 0.566744196

ALB VIPR1 ALB - VIPR1 0.393997022

BMP2 HLA-DPA1 BMP2 - HLA-DPA1 -0.174188484

CCL27 LEFTY1 CCL27 - LEFTY1 -0.568081528

CXCL12 TNFRSF4 CXCL12 - TNFRSF4 0.533501309

CYSLTR2 LHB CYSLTR2 - LHB -0.542300411

DEFB126 ESM1 DEFB126 - ESM1 0.342268191

DUOX2 SEMA3C DUOX2 - SEMA3C 0.194021162

ECD NUDT6 ECD - NUDT6 -0.252974437

EREG GALR3 EREG - GALR3 -0.355428588

NPR1 PDGFA NPR1 - PDGFA -0.752795486

NTS OPRD1 NTS - OPRD1 -0.473873924

NTS TPT1 NTS - TPT1 0.529699366
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Table 3. Univariate and multivariate analyses of IRGPI and clinical characteristics in the training, testing
and validation data sets.

Cohorts Variables1 Univariate Multivariate

Harzard
ratio

95%CI P
Value

Harzard
ratio

95%CI P
Value

Training risk 3.26 2.26 -
4.71

<0.001 3.40 2.34-
4.94

<0.001

gender 1.54 0.99 -
2.38

0.053 - - -

age 1.04 1.01 -
1.06

<0.001 1.05 1.02-
1.07

<0.001

stage 1.45 1.16 -
1.81

<0.001 1.52 1.21-
1.91

<0.001

Testing risk 2.32 1.64 -
3.28

<0.001 2.11 1.48-
3.01

<0.001

gender 0.95 0.64 -
1.39

0.780 - - -

age 1.01 0.99 -
1.03

<0.001 1.01 0.99-
1.03

0.361

stage 1.9 1.53 -
2.37

<0.001 1.82 1.46-
2.27

<0.001

Validation risk 1.92 1.45 -
2.54

<0.001 1.99 1.5-2.63 <0.001

gender 1.24 0.88 -
1.72

0.213 - - -

age 1.01 1.00 -
1.03

<0.001 1.02 1-1.04 0.035

stage 1.32 1.11 -
1.57

<0.001 1.35 1.14-1.6 <0.001

1Age and tumor stage were coded as continuous variables. The tumor stage was coded as I=1, II=2,
III=3, IV=4. The risk factors of gender and immune risk are male and high risk based on IRGPI.
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Table 4.Comparison of different biomarkers for LUSC.

Biomarkers Signature Datasets AUC of 
derivation
cohort

AUC of 
validation cohort

PMID

A model with 6
lncRNAs 

LncRNA TCGA 0.629 - 31364871

A model with 3
lncRNAs 

LncRNA TCGA 0.672 - 31737498

12 microRNAs MicroRNA TCGA - - 31241205

MiR‐486‐5p MicroRNA TCGA 0.908 - 30963622

60 Genes Gene TCGA
GEO

- - 30367091

Methylation biomarkers Gene TCGA - >0.9 29169318

Alternative mRNA
splicing events

mRNA TCGA >0.8 - 28223168

Mutated genes Mutation - - - 28177435

A model contained 5
genes

Gene TCGA - 0.692/0.722/0.651 32340320

 

Table 5. Comparison of IRGPI and ICPI in the training, testing and
validation cohorts.

Cohorts IRGPI ICPI P Value

C-index 95%CI C-index 95%CI

Training 0.73 0.69-0.77 0.70 0.65-0.75 0.056

Testing 0.63 0.58-0.68 0.68 0.63-0.73 0.013

Validation 0.62 0.58-0.66 0.66 0.62-0.70 0.023
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Figure 1

Flow chart of the research.
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Figure 2

Construction of the IRGPI. (a); (b) The penalty parameter was estimated by 10-fold cross-validation in the
training data set at 1 SE beyond the minimum partial likelihood deviance; (c); (d) Risk curve of IRGPI and
scatterplot of vital status of each patient in the training cohort; (e) The survival curves of low- and high-
risk groups. (f) The ROC curves and AUC of IRGPI in the training cohort.
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Figure 3

Patients in the testing and validation cohorts were divided into low- and high-risk groups based on IRGPI.
(a); (b) Risk curve of IRGPI and scatterplot of vital status of each patient in the testing cohort; (c); (d) Risk
curve of IRGPI and scatterplot of vital status of each patient in the validation cohort; (e) The survival
curves of low- and high-risk groups in the testing cohort; (f) The ROC curves and AUC of IRGPI in the
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testing cohort; (g) The survival curves of low- and high-risk groups in the validation cohort; (h) The ROC
curves and AUC of IRGPI in the validation cohort.

Figure 4

The in�ltrations of 22 tumor-in�ltrating immune cells (TIICs) between low-and high-risk groups based on
IRGPI were compared by Wilcoxon rank-sum test.
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