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Background: Immune checkpoint inhibitors (ICIs) are clinically effective in the treatment of non-small
cell lung cancer (NSCLC), but the response rate in nonselective NSCLC patients is approximately 20%. It is
important to expand the pool of benefits of immunotherapy. However, current solution strategies are limited.
Our research is to identify new targets for combined immunotherapy and expand the beneficiary population
of immunotherapy.

Methods: Functional enrichment analysis was performed for differentially expressed genes (DEGs)
in 175 NSCLC immunotherapy cohorts and 494 non-immunotherapy cohorts, and single-sample gene
set enrichment analysis (ssGSEA) was used to quantify the level of infiltration of different immune cell
subpopulations. Weighted correlation network analysis (WGCNA), univariate Cox regressions, least absolute
shrinkage and selection operator (LASSO) regressions, and gene correlation analysis were applied to identify
immune signature genes associated with immune cell infiltration, and a nomogram was constructed to
predict the survival rate.

Results: The DEGs were not enriched in the classical antitumour immune response and the dendritic cells
(DCs) infiltration level in the tumour microenvironment (TME) was at a low level in the immunotherapy
cohort. The high expression of IRF§ and CD2 was positively correlated with the level of DCs infiltration, the
core of tumour immune response regulation, and can bring better survival prognosis for patients. Besides,
targeted activation of IRF§ and CD2 can improve the efficacy of ICIs.

Conclusions: High expression of IRF§ and CD2 enhances the antitumour immune response, and IRF§ and

CD2 may be new prognostic indicators and targets of combined ICIs for lung adenocarcinoma in NSCLC.
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Introduction

For patients with non-small cell lung cancer (NSCLC), the
development of specific antibodies against the programmed
death 1 (PD-1) receptor and programmed death ligand 1
(PD-L1) has led to unprecedented prolonged survival
times in a subset of these patients (1,2). Although PD-1/
PD-L1 blockade has shown significant clinical efficacy
and prolonged patient survival, the response rate in
nonselective NSCLC patients is approximately 20% (3).
This good response tends to occur in patients with high
PD-L1 expression (more than 50% of tumor cells) (4).
Current researches have found multiple factors are involved
in the tumor immune response, including tumor antigen
exposure, antigen presentation, major histocompatibility
complex (MHC) expression, and chemokine secretion, and
endocytosis and degradation of immune checkpoint proteins
(5-8). Although various oncology treatments aimed at these
processes have been developed, their effectiveness remains
limited (9). Therefore, it is important to identify the reasons
for the low response rate to immunotherapy and to expand
the pool of benefits of immunotherapy.

Recent studies have shown that the genomic and
transcriptomic features of tumors can help predict the
responses of tumor cells to immune checkpoint inhibitors
(ICIs); for example, higher tumor mutational load, high
PD-L1 expression, tumor antigen quality, and immune
cell infiltration levels correlate with clinical benefit
from immunotherapy (10-13). Some studies have found
higher levels of immune cell infiltration around tumors,
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particularly infiltration by CD8" T cells and natural killer
(NK) cells, in patients who exhibit better prognosis and
better response to treatment (14). Human type 1 classical
dendritic cells (cDCls) effectively induce cellular immunity
against intracellular pathogens and tumors because of their
efficient processing and cross-presentation of exogenous
antigens on MHC class I molecules to activate CD8" T
cells, their recruitment of CD8" T cells into the tumor
microenvironment (15), their stimulation of CD8" T cell
proliferation and survival in the tumour microenvironment
(TME) (16), and their ability to initiate type 1 T helper
responses (17-22). It has been found that CD8" T cells can
form surface corollas and that the presence of corollas can
largely counteract PD-1/PD-L1 interaction (23). Therefore,
strategies designed to increase the abundance and enhance
the function of ¢cDC1 and CD8" T cell infiltration of the
TME are attractive new ways to enhance tumor immune
responses and overcome resistance to immunotherapy.

In this study, the NSCLC patients with ICIs are the
treatment cohort, and NSCLC patients who did not receive
immunotherapy are the control cohort. We explored the
changes in the tumor microenvironment of NSCLC before
and after immunotherapy. At the same time, we screened
and verified new prognostic indicators of NSCLC and new
targets of combined immunotherapy. This may provide
new insights into expanding the NSCLC immunotherapy
population. We present this article in accordance with
the TRIPOD reporting checklist (available at https://jtd.
amegroups.com/article/view/10.21037/jtd-24-1589/rc).

Methods
Access to and processing of public data

This workflow is shown in Figure 1. The study was
conducted in accordance with the Declaration of Helsinki
(as revised in 2013). The Gene Expression Omnibus
(GEO) database was searched for tumor transcriptome data
from NSCLC patients who had been treated with IClIs,
and a total of four datasets (GSE190265, GSE190266,
GSE182328, and GSE135222) were obtained. GSE190265
and GSE190266 are PD-L1 blockade therapy, GSE182328
is PD-1 blockade therapy, and GSE135222 is PD-1 or
PD-L1 therapy. Three tumor transcriptome datasets
from NSCLC patients who did not receive ICI treatment
(GSE181820, GSE81089, and GSE41271) were used
as a control. After removing samples with incomplete
information, 167 ICI treatment samples and 494 control
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Figure 1 Flowchart and model diagram of data acquisition, processing, analysis and validation. GEO, Gene Expression Omnibus; DEGs,

differentially expressed genes; GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least absolute shrinkage

and selection operator; ICG, immune checkpoint gene; ssGSEA, single-sample gene set enrichment analysis; WGCNA, weighted gene co-

expression network analysis; TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; LUSC, lung squamous carcinoma; DC,

dendritic cell.

samples were removed. All the above NSCLC cohort
samples were fresh tumor tissue. The Cancer Genome Atlas
(TCGA) database was searched to obtain transcriptomic
data for 497 lung adenocarcinomas (LUADs) and 488 lung
squamous carcinomas (LUSCs), as well as clinical and
follow-up information on these samples. All transcriptome
data were converted into transcripts per million reads (TPM)
format, and log,(TPM +1) was transformed for subsequent
data analysis.

Identification and envichment analysis of the differentially
expressed genes (DEGs)

The limma package was used to conduct DEG analysis, and
adjusted P values <0.05 and Log2 [fold change (FC)I>1
were used as thresholds to identify DEGs. The genes were
mapped to the background gene set, and gene ontology
(GO) annotation was performed on the genes. The
minimum gene set was set as 5, the maximum gene set was
5,000, and 1,000 resamplings were performed.

TME immune score and single-sample gene set enrichment

analysis (ssGSEA) immune cell annotation

The Estimate package was used to score the level of
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immune cell infiltration of the TME. ssGSEA was used to
quantify the level of infiltration of the TME of each sample
by 28 types of immune cells, with reference to the immune
cell tagging gene set proposed by Charoentong ez al. (14).
The relative level of infiltration by each type of immune cell
was expressed as a concentration fraction in the ssGSEA
and normalizes to a uniform distribution from 0 to 1.

Screening for dendritic cell (DC) infiltration-related
immune signature genes

Weighted gene co-expression network analysis (WGCNA)
was used to identify highly correlated gene modules, and
correlate modules with clinical traits in external samples
using the signature gene network approach (24). The study
incorporated the entire gene expression matrix of 661 samples
from the GEO database for analysis. The 661 samples from
the GEO database were divided into 28 immune cell subtype
“high infiltration” and “low infiltration” groups based on
the 28 immune cell subtype scores in ssGSEA, which were
used as external clinical traits of the samples in WGCNA.
The WGCNA package was used to construct the module in
relation to clinical traits. The criteria for screening immune
signature genes were set as | gene significance (GS)| >0.2 and

Imodule member (MM) | >0.8 (25).
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Protein-protein interaction (PPI) network analysis

STRING is an online database that retrieves interactions
between sets of proteins and is used in PPI network analysis.
The nodes in the PPI network diagram represent genes,
and the connecting lines in the diagram represent the links
between genes (26). PPI networks were set to a minimum
interaction requirement score >0.4, and Cytoscape software
was used to visualize the PPI networks (27).

Univariate Cox regression analysis and least absolute
shrinkage and selection operator (LASSO) regression
analysis of immune signature genes

In this study, gene expression data from 497 columns of
LUAD patients in the TCGA database were included in
the LASSO regression analysis. The LASSO regression
was used for correlation analysis and comparison to explore
the influencing factors of overall survival (OS). In addition,
we set up a 10-fold cross-validation to obtain the optimal
model. We set the value of A to 0.02. The maxstat R
package was used to calculate the optimal cut-off value for
the RiskScore, setting the minimum grouping sample size
greater than 25% and the maximum sample size grouping
less than 75% and further using the survival package to
analyze the difference in prognosis between the two groups.

Gene set variation analysis (GSVA) and differential
expression analysis

To estimate gene set enrichment scores, we applied GSVA
R package (version 1.32.0) to fulfill GSVA (28). Kruskal-
Wallis test was performed on the enrichment scores
between the two groups. T cells and DCs immune genetic
feature set from the GSEA web site (http://www.gsea-
msigdb.org/gsea/msigdb/human/genese). In addition,
we also collected gene sets for Antigen presentation (29),
Macrophage and DC traffic (30), and T cell cytotoxicity 31).
The limma R package (version 3.42.2) was used to calculate
the differential activities of gene sets between groups. A
Benjamini-Hochberg-corrected P value of <0.05 was used
to identify significantly altered gene sets.

Construction of predictive models

A nomogram can be used to calculate the predictive value
of an outcome event for an individual by constructing a
multivariate Cox regression model, assigning a score to
each value level of each influencing factor according to
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the degree of contribution of each influencing factor to
the outcome variable in the model and then summing the
individual scores to obtain the total score (32). Using the
gene expression data, clinical information and follow-up
information on 497 LUAD patients in the TCGA database
as the basis for analysis, a nomogram was created to assess
the prognostic significance of the target genes in the
497 samples using the R package rms.

Statistical analysis

The statistical analysis in this study was performed with
R 4.2.0. For quantitative data, #-tests were estimated for
outcomes that were statistically significant for normally
distributed variables, and Wilcoxon rank sum tests were
estimated for nonnormally distributed variables. When
more than two groups were analyzed, the Kruskal-Wallis
test was applied to nonparametric tests, and analysis of
variance (ANOVA) was applied to parametric tests (33).
Event rates were calculated using Fisher’s exact test.
Prognostic differences between the two groups were
analyzed using the survival package, and the log-rank test
method was used to assess the significance of the prognostic
differences between the different groups in the sample.
Receiver operating characteristic (ROC) curves were
plotted using the pROC package, and the area under the
curve (AUC) and confidence intervals (CIs) were calculated.
Correlations between genes were analyzed by Pearson
correlation analysis. All comparisons were two-sided,
and P<0.05 was considered statistically significant. The
Benjamini-Hochberg method was used to perform multiple
hypothesis testing of the false discovery rate (FDR) (34).

Results

There was beterogeneity between the immunotherapy
cobort and the non-immunotherapy cobort

A total of 167 samples from four NSCLC datasets of
patients who were treated with ICIs (GSE190266,
GSE190265, GSE182328, and GSE135222) were obtained
from the GEO database, and 494 samples from three
NSCLC datasets from patients who were not treated
with ICIs (GSE41271, GSE181820, and GSE81089)
were used as controls. A total of 413 DEGs that are
differentially expressed in the treatment and control groups
are identified by differential expression analysis. CT47A1,
CDY2A, CT47A11 and other genes (153 genes in total)
are upregulated, and KIR3DLI, ARHGDIG, CCDC73,
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and other genes (260 genes in total) were downregulated
(Figure 24 and 'Table S1). Cluster analysis of the top 100
DEGs showed good discrimination (Figure 2B). Further
clustering analysis by treatment showed that DEGs were
clearly differentiated between the two groups (Figure S1).

The observed DEGs may be unvelated to the classical
immune response

GO and Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment showed that the DEGs were
mainly associated with (I) biological processes such as
transmembrane transport of potassium ions, regulation of
ion transport across membranes, and input of potassium
ions across the plasma membrane; (I) cellular components,
including integral components of the plasma membrane,
extracellular region, and voltage-gated potassium channel
complex; (IIT) molecular functions such as inward rectifier
potassium channel activity, voltage-gated potassium channel
activity, and sequence-specific double-stranded DNA
binding (Figure 2C-2F). GSEA enriched analysis showed
that the DEGs were mainly associated with the Calcium
signaling pathway, neuroactive ligand-receptor interaction,
and cyclic adenosine monophosphate (cAMP) signaling
pathway (Figure 2G). In summary, the identified DEGs were
not enriched in processes related to the classical immune
response.

The tumor immune response is not well activated in ICI-
treated NSCLC patients

The estimate immune infiltration analysis showed no
significant difference in immune infiltration scores between
the two groups (Figure S2). The ssGSEA was then used to
score 28 types of immune cell infiltrates in the two groups
(Figure 34,3B). Only memory B cell, neutrophil, and type
17 T helper cell infiltrates were increased in the ICI-treated
cohort. The infiltrate level for most types of immune cells,
including activated CD8" T cells, activated CD4" T cells,
and NK T cells, all of which play crucial cellular roles in
the antitumor process, did not differ significantly between
the two groups. In contrast, activated DCs, immature DCs,
plasmacytoid DCs, central memory CD4" T cells, central
memory CD8" T cells, and type 1 T helper cells showed
less infiltration in the treatment group than in the control
group (Figure 3B).

Transcriptomic datasets and clinical follow-up
information were obtained from the TCGA database for

© AME Publishing Company.
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985 NSCLC patients, including 497 patients with LUAD
and 488 patients with LUSC. The ssGSEA algorithm was
used to score these samples for 28 types of immune cell
infiltration. The patients were divided into a high immune
cell infiltration group and a low immune cell infiltration
group according to their scores; their survival was then
analyzed, and Kaplan-Meier (KM) curves were plotted
(Figure S3A,S3B). For the patients in the LUAD group,
there is a strong correlation between the level of infiltration
by most types of immune cells and survival. Patients with
higher levels of infiltrating immune cells in the TME had
better prognosis and survival, except a few types of immune
cells that are not statistically significant (Figure S3A). The
level of immune cell infiltration of the TME had a smaller
effect on survival among the patients in the LUSC group
than among those in the LUAD group (Figure S3B).

Immune signature genes are involved in the iimmune
response

ssGSEA reveals that infiltration of the TME by three types
of DCs (activated DCs, immature DCs, and plasmacytoid
DCs) were reduced in patients treated with ICIs compared
to the control group (Figure 3B). The results also confirmed
that patients in the TCGA cohort with high DC infiltration
had better prognosis (Figure 3C). Research has shown
that DCs are central to the initiation of antigen-specific
immunity and immune tolerance and that they are also
essential for modulating tumor immune responses (35,36).
Therefore, DCs represent the key to censoring immune
signature genes.

The full gene expression matrix of 661 samples from the
GEO database was included in the WGCNA for analysis.
The value of Signed R* was used as the basis for selecting
the soft threshold, as shown in Figure 44. When R’ is
greater than 0.8, the soft threshold is 5, and the degree of
association is the greatest at this time; based on this, we set
5 as the soft threshold for subsequent analysis. Figure 4B
shows R*=0.86 and slope =-2, consistent with a scale-free
network distribution. A total of 11 modules were identified,
as shown in Figure 4C. A heatmap of the correlations
between the modules and infiltration by 28 types of
immune cells is shown in Figure 4D. Three types of DCs
(activated DCs, immature DCs, and plasmacytoid DCs)
were clearly found to be positively correlated with the blue
module and negatively correlated with the yellow module.
The blue module and the yellow module were used to
construct scatter plots showing activated DCs, mature DCs
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and plasmacytoid DCs. The correlations between the blue
module and activated DCs, mature DCs, and plasmacytoid
DCs were 0.73, 0.55, and 0.77, respectively (P<0.001)
(Figure 4E-4G). The correlations between the yellow
module and activated DCs, mature DCs, and plasmacytoid

DCs were 0.31, 0.63, and 0.52, respectively (P<0.001)
(Figure 4H-47). The immune signature genes were screened
using the criteria 1GS1>0.2 and IMM1>0.8. Using these
criteria, a total of 23 immune signature genes in the blue
module, including APBB1IP, ARHGAPIS, CD2, IRFS,
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GIMAPS, and other genes are identified, and 18 immune
signature genes in the yellow module, including FOXM1,
DLGAPS, MCM10, ASPM, AURKB, and other genes
were obtained (Tables S2,S3). Protein interaction network
analysis shows that the immune signature genes in the blue
and yellow modules were highly correlated (Figure 4K).
GO enrichment analyses of the immune signature genes in
the blue and yellow modules reveal significant enrichment
in cell division, spindle organisation, antigen contact
activation of T cells via T-cell receptor binding to MHC
molecules on antigen presenting cells, DNA replication
initiation, and T-cell activation (Figure SA-5C). KEGG
pathway analysis showed significant enrichment in NK cell-
mediated cytotoxicity, cell adhesion molecules, phagosomes,
tuberculosis and viral myocarditis (Figure 5D).

The immune signature genes in the blue and yellow
modules were intersected with DEGs. The results show
that no intersections were found and the immune signature
genes were not differentially expressed (Figure S4). This
shows that immune-related signature genes are not well
activated or suppressed in the TME of NSCLC patients
treated with ICIs; it also suggests that activating or
suppressing these immune signature genes may be helpful
for immunotherapy.

Immune signature genes associated with survival in
LUAD patients

GEPIA was used to perform univariate Cox analysis of the
immune signature genes in the blue module, and KM curves
were plotted. The results show that a total of 10 genes in the
blue module (ARHGAPIS, CD2, CD37, DOCK2, DOCKS,
FGL2, GIMAP4, GIMAPS, IRFS, and LPXN) are strongly
associated with OS in LUAD patients (Figure SE-5N).
Patients with LUAD who exhibit high expression of these
genes have a higher 5-year survival rate than patients who
exhibit low expression of these genes, indicating that high
expression of these genes is a protective factor for LUAD
patients. Expression of these genes did not affect the 5-year
survival rate of LUSC patients; for those patients, no
significant difference in survival is found. The same method
was used to perform univariate Cox analysis of the genes
in the yellow module and to plot KM curves. The results
show that all 18 genes in the yellow module are associated
with OS in LUAD patients. However, the results obtained
for these genes contrast with those obtained for the genes
in the blue module, for which high expression is a risk
factor for LUAD patients (Figure S5). Like the genes in
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the blue module, the immune signature genes in the yellow
module did not affect the 5-year survival rate of LUSC
patients. This result confirms that high expression of genes
that are positively associated with immune cell infiltration
in WGCNA is associated with better prognosis in LUAD
patients, while high expression of genes negatively
associated with immune cell infiltration is associated
with worse prognosis in LUAD patients. The results of
univariate Cox regression analysis suggested that immune
signature genes are not significantly associated with survival
outcome or OS in patients with LUSC.

Six bub genes retained in LASSO regression

Twenty-eight candidate immune signature genes (10 genes
in the blue module and 18 genes in the yellow module)
associated with prognosis in LUAD patients were identified
through univariate Cox regression analysis. The expression
data for 28 survival-related immune signature genes in
497 LUAD patients in the TCGA database and clinical
follow-up information were used in LASSO regression
analysis. Six hub genes (RHGAPIS, CD2, GIMAPS, IRFS,
DLGAPS, and FOXMTI) were finally obtained through this
analysis (Figure 6A4). Further analysis using the survival
R package showed a significant difference in prognosis
between the high-risk score and low-risk score groups
[log-rank test, P<0.001, hazard ratio (HR) =2.45, 95%
confidence interval (CI): 1.69-3.55], with the high-risk score
group having a worse prognosis, as shown in Figure 6B. The
relationships between risk score and patient follow-up time,
events and changes in the expression of the six hub genes
were then analyzed, and a heatmap of the associated survival
was produced (Figure 6C). From the graph, it can be observed
that the survival rate of patients decreased significantly as
the risk score increased. As expected, ARHGAPI15, CD2,
GIMAPS, and IRFS§ were protective factors and showed
a trend of downregulation in expression with increasing
risk score, while DLGAPS and FOXM1 genes were risk
factors and showed an upregulation trend in expression
with increasing risk score. The ROC curves showed that
the AUCs and confidence intervals for the 365-, 1,095- and
1,825-day time points were 0.73 (0.66-0.80), 0.77 (0.70-0.83)
and 0.78 (0.70-0.86), respectively (Figure 6D).

IRFS8 and CD2 bave a stronger correlation than other
genes with ICGs

The expression data for six hub genes (RHGAPIS, CD2,
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Figure 5 Enrichment analysis and survival analysis of immune signature genes. (A-D) Enrichment analysis of immune signature genes for
biogenesis, cellular components, molecular functions and pathways. The enriched genes are shown on the left; the differently coloured dots
on the right represent the enriched biological functions. (E-N) KM curves for immune signature genes of survival significance in LUAD in
the blue module, showing HRs less than 1 (P<0.05). KM, Kaplan-Meier; LUAD, lung adenocarcinoma; HRs, hazard ratios; BP, biological
process; CC, cell components; ME, molecular function; TPM, transcript per million.

© AME Publishing Company. 7 Thorac Dis 2025;17(3):1169-1184 | https://dx.doi.org/10.21037/jtd-24-1589



Journal of Thoracic Disease, Vol 17, No 3 March 2025

1179

A 8 B 1.0 Risk-Score
.E 1251 A=0:02 A=0:13 : h
z . ] : 0.8
812.41 L >
° 3
§12.31 80.5
£ °
o 12.2 o ——
= : $0.34
1214 p 2
8 : . 5 P=8.9e-7 | .
£12077 10 s prs 3 3 ? o4 HR=2.4595%Cl (1.69, 3.55)
o Log,(lambda) Number at risk j
~ 3% % ¢ ) ]
DLGAP5 T v v v v
EOXM1 0 1,812 3,624 5,436 7,248
O Time, days
CcD2
C
" ARHGAP1S| < 2 10 ’
2 g 7
5 GlMAPS] bl;’ 1 Expression 0.8 L’ !
&% IRF8 g 9 210 1 2 >" )"
8 -1 I';‘ifk-Score: ‘E P
O 6,000 .H?;] 206 K
4,0004 E/\/ﬁnt: 8 e
. 3 . e O, ’
—0.04 . = =77 . 2;1000 o *Dead 004 Tinfe(Days):AUC(95%Cl)
: B iy \mu TR CAP 15 Lo/~ 9650.73(0.66-0.80)
. M i - = il Lo L ~1095:0.77(0.70-0.83)
3 4 6 § 8| o 10 12 ' w\uwwl M m H' ” \m 0ol ~1825:0.78(0.70-0.86)
0g,(lambda) M ooz LI AL
E -1.0 -05 0.0 0.5 1.0
Corr e |
PDCD1 0.15 0.14 0.54 0.54 061 ‘@ 052 058 0.52 0.45 e
LAG3 024024 041 0.4 053 0.64 0.6 0.44 0.51 0.41 0.51 <7® F 14
V. Y 120{ P=4.4e-40 r=0.54 120] P=7.3e-23r=0.42 P=6.7¢-53 r=0.61

IDO1 021 0.14 0.35 0.32 0.36 0.54 0.45 0.42 0.5 0.38
TIM-3 065 O 056 066 0.5 06 . &47\
PDCD1LG2 023 013 0559 66 06) 0166 057 072 ’oq:\ v
CD274 026 0.21 0.31 0.42 0.46 0.48 0.49 Oo O;
2 (O
o)

N

CTLA4 o1 0.62 0.61 0.67 OQVV /;7
e O
cD2 —0.13"1;, 7 Ov"
GIMAPS

-0.090.64 ‘ 6}%0

IRF8 —o.17—o.24. /9%) 3

ARHGAP15 -02-03 Ty

FOXM1 68 O
Q J%QZ‘%

G DLGAPS

c. . " |
20 40 60 80 100 120 140
IRF8

100

P=2.1e-30r=0.48

CTLA4

50 X

20 40 60 80 100 120 140

CD2
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GIMAPS, IRF8, DLGAPS, and FOXM]1) and immune
checkpoint genes (IDO1, CD274, TIM-3, PDCD1, CTLA-4,
LAG3 and PDCDILG?2) in 497 LUAD patients in the
TCGA database were used in correlation analysis. The
results showed that CD2 was strongly correlated with
PDCD1 and CTLA-4 (r>0.7) and moderately correlated with
other ICGs and that IRF§ was strongly correlated with 7TIM-
3 and moderately correlated with other ICGs (Figure 6E).
And scatter plots were plotted for the correlation of the
6 hub-genes with PDCDI1, CTLA-4 and CD274. The
correlations of IRFS with PDCD1, CD274 and CTLA-4 were
0.54, 0.42 and 0.61, respectively. The correlations of CD2
with PDCDI1, CD274 and CTLA-4 were 0.75, 0.48 and 0.75,
respectively (Figure 6F). ARHGAPI1S and GIMAPS were
moderately correlated with ICGs, and DLGAPS and FOXM]1
were weakly correlated with ICGs (r<0.3) (Figure S6).
Protein interaction network analysis of ARHGAP1S, CD2,
GIMAPS, IRFS, IDO1, CD274, TIM-3, PDCD1, CTLA-4,
LAG3, and PDCDILG also showed that CD2 and IRFS are
more closely related to ICGs than were the other genes, as
shown in Figure 6G.

High expression of IRF8 and CD2 effectively enbance the
anti-tumor response

Using the median, we divided the LUAD samples in
TCGA into both IRF§ and CD2 high expression groups and
both low expression groups. ssGSEA was used to evaluate
the infiltration level of immune cells (activated CD8 T
cell, activated CD8 T cell, effector memory CD8 T cell,
activated DC, and plasmacytoid DC) in the TME. Kruskal-
Wallis test was used to compare the differences between
the two groups. The results showed that the levels of
infiltration of these cells in IRF§ and CD2 high expression
groups were significantly higher than those in IRF§ and
CD2 low expression groups (P<0.001) (Figure 74,7B). We
next applied GSVA to analyze the enrichment scores of
Cytotoxicity, Antigen presentation, and Macrophage and
DC traffic between the two groups. The results showed
that the levels of Cytotoxicity, Antigen presentation, and
Macrophage and DC traffic in the IRF§ and CD2 high
expression groups were significantly higher than those in
the IRF§ and CD2 low expression groups (Kruskal-Wallis
test, P<0.001) (Figure 7A4,7C). Thus, the ability of DCs to
migrate to the tumor microenvironment and to display their
antigen presentation ability were significantly increased in
IRF§ and CD2 high expression groups (30). The results also
showed that the cytotoxicity of CD8" T cells against tumor
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cells was significantly increased. Finally, we applied GSVA
to analyze the T cell and DC related immune functions.
The results showed that the tumor immune response,
cytokine production, cytotoxicity, and proliferation ability
of T cells in the high expression group of IRF§ and CD2
were significantly increased (Kruskal-Wallis test, P<0.001),
as shown in Figure 74,7D. In addition, the ability of DC
activation, cytokine production, and antigen processing, and
presenting were significantly increased (Kruskal-Wallis test,
P<0.001), as shown in Figure 7A,7E. To summarize, the high
expression of IRF§ and CD2 increased the infiltration level
of CD8" T cells and DC in the tumor microenvironment,
and effectively enhanced the anti-tumor immune response
of patients.

Discussion

ICIs has achieved significant clinical efficacy, but the
response rate in nonselective NSCLC patients is only
approximately with 20% (3). There is an urgent need to
expand the benefits of PD-1/PD-L1 immunotherapy.
Promisingly, in addition to the PD-1/PD-L1 axis,
immune coinhibitory/costimulatory molecules and other
components of the TME such as cytokines and levels of
immune cell infiltration are thought to be important factors
that contribute to regulation of the antitumor immune
response (37-40). Therefore, we creatively integrate the
entire transcriptomes of NSCLC tumors from patients who
had been treated with ICIs from the GEO database, and
try to find the reasons for the low response rate of NSCLC
immunotherapy and to search for new targets of combined
immunotherapy.

The role of immunophenotype in determining the
prognosis of various types of cancer is increasingly
recognised (41). Recent research also highlights the fact
that baseline levels of tumor-infiltrating lymphocytes are
significantly associated with the likelihood of immune
response and with survival outcome (42). In our study,
DEGs from NSCLC immunotherapy cohorts and non-
immunotherapy cohorts were not enriched in the classical
immune response as shown by functional enrichment
analysis. Using ssGSEA, tumor immune cell infiltration
in the TME was at a low level in the immunotherapy
cohort. Survival analysis also showed that higher levels
of DC infiltration resulted in better survival prognosis
for patients. As mediators of adaptive immune responses,
DCs are important targets for cancer immunotherapy (36).
Recent studies have highlighted the specific role of DCs
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Figure 7 Anti-tumor immune landscape of IRF§ and CD2 high and low expression groups. (A) The cluster heatmap showed that the level
of immune cell infiltration, T cell function and dendritic cell function enrichment scores were significantly increased in the IRF§ and CD2

high expression groups. (B) Comparison of immune cell infiltration levels between high and low expression groups of IRF§ and CD2 (C)

cytotoxicity, antigen presentation, and macrophage and DC traffic were compared between IRF8 and CD2 high and low expression groups.

(D,E) Comparison of T cell and DC immune function between high and low expression groups of IRF8 and CD2. DC, dendritic cell.

subpopulations in antitumor immunity; this role is of
therapeutic importance, as DCs can effectively process
and deliver tumor antigens to activate T cells, thereby
enhancing the tumor immune response (43,44). In
summary, low response rate of ICI-treated NSCLC patients

may be closely related to the low levels antitumor immune

© AME Publishing Company.

cell infiltration and unactivated classical antitumor immune
response in the TME. They also suggest that the activation
of genes associated with DC infiltration may be crucial in
enhancing tumor immunity.

IRF§ and CD2, which are hub genes for antitumor

immunity, were resolved by univariate Cox and LASSO
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regression and correlation analysis. At the same time, the
nomogram showed a significant improvement in survival
for patients with high IRF§ and CD2 expression. IRFS, like
other members of the interferon regulatory factor family
of proteins, contains a DNA-binding domain, a linker
domain and an IRF-associated structural domain (45).
Human classical DCs (¢cDCs) can be divided into two
distinct subpopulations, cDCI1 and ¢DC2 (17). The
transcription factor IRF§ plays an important role in the
development of ¢cDCs, and its level of expression determines
the development of ¢cDCs into ¢cDCl1s (46). Human
c¢DCls excel in antitumor cellular immunity. ¢cDCls
initiate CD8" T cells upon migration to tumor-draining
lymph nodes, recruit CD8" T cells, secrete cytokines and
present tumor antigens in the TME, thereby enhancing
local T-cell cytotoxicity (43). In our study, we found that
patients with high expression of both IRF§ and CD2 had
significantly increased levels of activated DCs and CD8" T
cell infiltration in the tumor microenvironment. moreover,
the antigen presentation ability, chemotactic function and
cytokine secretion of DCs were also significantly enhanced.

CD8" T cells can form surface corollas on their surfaces.
The presence of a surface corolla largely counteracts the
PD-1-PD-L1 interaction, and corolla formation is largely
dependent on the level of expression of CD2 molecules (23).
CD?2 expression levels in colorectal cancer patients treated
with PD-1 monoclonal antibodies have a significant
impact on treatment outcome, as reduced CD2 expression
may counteract the benefits of PD-1-targeted therapy.
In the MCA-38 mouse colon adenocarcinoma model,
CD2 expression was found to be reduced, and tumor-
infiltrating lymphocytes showed defective cytotoxicity (47).
CD2 molecules were also found to be expressed at lower
levels in CD8" T cells in patients with various types of
cancer (48). Finally, a weak but very significant negative
correlation between the depletion gene signature and CD2
expression was found in publicly available single-cell RNA
sequencing data (23). Our results showed that patients with
high expression of both IRF§ and CD2 had significantly
higher scores of T cell cytotoxicity and immune response to
tumors than those with low expression. Therefore, targeted
activation of IRF§ and CD2 brings hope to improve anti-
tumor response.

There are some limitations in this study. This study did
not validate the results using our RNA sequencing results
from NSCLC samples and clinical information. There is
also no information on the treatment response of NSCLC
patients after immunotherapy in the TCGA database and

© AME Publishing Company.
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the GEO database, and this may lead to the development
of predictive models that do not fully explain the effect of
target gene combination immunotherapy.

Conclusions

The findings of this study reveal that the low response rate
to immunotherapy in NSCLC may be closely related to the
inactivation of classical immune responses and antitumor
immune cell infiltration in the TME. IRF§ and CD2 are
promising targets for combined immunotherapy and are
potential indicators of prognosis for LUAD in NSCLC.
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