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Background: Immune checkpoint blockade (ICB) therapy has brought remarkable
clinical benefits to patients with advanced non-small cell lung carcinoma (NSCLC).
However, the prognosis remains largely variable.

Methods: The profiles of immune-related genes for patients with NSCLC were
extracted from TCGA database, ImmPort dataset, and IMGT/GENE-DB database.
Coexpression modules were constructed using WGCNA and 4 modules were
identified. The hub genes of the module with the highest correlations with tumor
samples were identified. Then integrative bioinformatics analyses were performed
to unveil the hub genes participating in tumor progression and cancer-associated
immunology of NSCLC. Cox regression and Lasso regression analyses were
conducted to screen prognostic signature and to develop a risk model.

Results: Functional analysis showed that immune-related hub genes were involved in
the migration, activation, response, and cytokine-cytokine receptor interaction of
immune cells. Most of the hub genes had a high frequency of gene amplifications.
MASP1 and SEMAS5A presented the highest mutation rate. The ratio of M2 macrophages
and naive B cells revealed a strong negative association while the ratio of CD8 T cells
and activated CD4 memory T cells showed a strong positive association. Resting mast
cells predicted superior overall survival. Interactions including protein—protein, INncRNA
and transcription factor interactions were analyzed and 9 genes were selected by
LASSO regression analysis to construct and verify a prognostic signature. Unsupervised
hub genes clustering resulted in 2 distinct NSCLC subgroups. The TIDE score and the
drug sensitivity of gemcitabine, cisplatin, docetaxel, erlotinib and paclitaxel were
significantly different between the 2 immune-related hub gene subgroups.

Conclusions: These findings suggested that our immune-related genes can
provide clinical guidance for the diagnosis and prognosis of different
immunophenotypes and facilitate the management of immunotherapy in NSCLC.
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1 Introduction

Lung cancer is the most common malignant tumor in China and
worldwide, which has the highest mortality rate for both men and
women and is responsible for 23% of cancer-associated related deaths
(1). Non-small cell lung cancer (NSCLC) accounts for more than 85%
of lung cancer cases and can be further divided into three subtypes:
lung adenocarcinomas (LUAD), squamous cell carcinomas, and large
cell carcinomas (2).With the decreasing of smoking rates, LUAD has
become the most prevalent histological subtype. LUAD is
characterized by high metastasis rate and notable invasiveness.
Despite new developments in surgery, chemotherapy, radiotherapy,
and molecularly targeted therapy, the prognosis for LUAD patients
remains unsatisfactory, with a 5-year survival rate of around 18% (3).

With rapid advancement of precision medicine, the clinical
benefits of checkpoint blockade therapy have rekindled the hope for
better outcome of LUAD immunotherapy. Immune checkpoint
inhibitors target tumor-specific antigens which are utilized by
cancer cells to evade tumor-reactive immune cells. To date,
immune checkpoint molecules mainly include programmed cell
death protein 1 (PD-1), mucin domain-containing 3 (TIM3),
lymphocyte-activation gene 3 (LAG3), and cytotoxic T-lymphocyte
antigen-4 (CTLA-4). Antibodies blocking PD1/PDL1 have been
approved for clinical use and have received impressive clinical
responses in some patients with LUAD (4-11). Unfortunately, only
around 20% of NSCLC patients benefit from anti-PD-1/PD-L1
therapy. It has been speculated that the heterogeneity of LUAD and
the tumor microenvironment may contribute to the diverse
antitumor immune responses (12).Thus, regarding their prognostic
potential in LUAD, the molecular events of tumor cell immunocyte
interactions in LUAD microenvironments need to be further
summarized and the expression level of immune related genes
(IRGs) in LUAD needs to be comprehensively explored (13).

Although there have been some research findings regarding IRGs
and LUAD prognosis, they were focused on single biomarkers and a
prognostic model based on IRGs that can systematically assess the
prognosis of LUAD patients is not available (1, 2, 6, 13). Therefore,
there is an urgent need to construct a robust and simple IRG
prognostic signature model.

In this study, we combined all known IRGs from multiple
immunology databases and then performed weighted gene co-
expression network analysis (WGCNA) to identify hub IRGs in
TCGA-LUAD cases. After that, we evaluated the mutation rate of
the hub IRGs and tried pathway and GO enrichment. Then, we
evaluated immune cell infiltration by using CIBERSORT and merged
the results with hub IRGs for correlation analysis. Next, we selected
IRGs associated with the survival outcome of LUAD patients and
constructed a gene prognostic model based on Lasso Cox regression.
Finally, we clustered hub IRGs in an unsupervised fashion and
compared the differences of immune cell infiltration as well as the
sensitivity to anticancer drugs in different groups. These could be
ultimately used to assist clinicians in prognostic evaluation and
therapeutic selection of LUAD patients and to provide further
insights into the molecular mechanism of immune-related genes in
tumor immune evasion.
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2 Methods

2.1 Downloading of data source and
clinical information

The overall analysis scheme is illustrated in Figure 1. The mRNA
expression, somatic single-nucleotide mutation, and clinical data of
TCGA-LUAD and TCGA-LUSC were downloaded from the UCSC
Xena database. Immune-related genes were downloaded and merged
from the InnateDB, Immport, and IMGT/GENE-DB databases. Then,
we combined the gene expressions and acquired the immune-related
gene expression matrix.

2.2 Weighted gene co-expression network
analysis and identification of key modules
and hub genes

The WGCNA methodology analysis was performed according to
Langfelder’s instructions. We used R package WGCNA 1.69 to
identify the crucial immune-related gene modules. The expression
matrix was confined to only immune-related genes. The soft
threshold was calculated, and the screening threshold was set as R?
>0.85 (power = 7). Then, the one-step function was used for network
construction and detection of consensus modules. Similar modules
were clustered and merged in accordance with the threshold of height
less than 0.25. Finally, we obtained four modules and associated
molecular features with clinical information for predicting outcomes
for LUAD patients. The turquoise molecular structure had the
strongest association with the prognosis and was selected for
further analysis.

2.3 Functional analysis and mutation analysis
of hub genes

We selected the hub gene from the turquoise module based on the
values of GS and MM (GS >0.3, MM >0.5). Functional enrichment
analysis was performed using R package cluster Profiler, and the
threshold sets were p-value <0.05 and q-value <0.2. We also
conducted mutational analysis of hub genes, and genes with a
mutation rate of more than 5% were exhibited.

2.4 Tumor immune infiltration analysis

We used the R package CIBERSORT to evaluate 22 immune cell
types in each sample of the LUAD cohort. Samples with p < 0.05 were
considered eligible and used for subsequent studies. Kaplan-Meier
survival analysis was applied first to explore the prognostic value of
tumor-infiltrating immune cells. Then, Pearson’s correlation test was
performed to evaluate the correlation between tumor-infiltrating
immune cells and the correlation between tumor-infiltrating
immune cells and hub genes.
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WGCNA analysis result. (A) Soft threshold; (B) cluster analysis; (C) correlation analysis between different modules and sample traits; (D) average value of

gene significance (GS) across module

2.5 Construction of the IncRNA/mRNA/TF
co-expression network based on hub genes

In brief, interaction network data were downloaded from RAID
and TRRUST databases. LncRNAs, mRNAs, and TFs, which are
associated with hub genes, were extracted and introduced into
Cytoscape 3.71 to generate the interaction network.

2.6 Construction and validation of an
immune prognostic model for LUAD

The prognostic model was developed in the following steps.
First, univariate Cox analysis was used to determine the
connection between hub genes and prognosis. Genes with p-
value <0.05 were selected. Then, Lasso regression was performed
to remove highly correlated genes and build survival models.
Patients were divided into high-risk and low-risk groups, and
Kaplan-Meier survival curves were plotted. Next, the area under
the receiver operating characteristic curves (AUC) at different
cutoff values of overall survival time was calculated to evaluate
model discrimination. Finally, independent GEO LUAD dataset
GSE30219 was used to further validate the prognostic value of
our model.
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2.7 LUAD molecular subtypes based on
unsupervised hierarchical clustering

We also divided patients into two groups through unsupervised
clustering analysis of hub genes. We first compared the survival
curves between the two groups. Then, we used a heatmap to show the
distribution of tumor immune cell infiltration between the two
groups. Finally, we evaluated the efficacy of immunotherapy and
drug sensitivity between the two subgroups by using Tumor Immune
Dysfunction and Exclusion (TIDE) web application (http://tide.dfci.
harvard.edu) and the R package “pRRophetic,” respectively.

3 Results
3.1 Data downloading and integration

Gene expression, phenotype, and clinical data of LUAD and LUSC
were downloaded from the UCSC Xena database. After removing the
missing samples of clinical data, we collected a total of 1,114 samples,
including 1,006 cancer samples and 108 pericarcinomatous samples. A
total of 3,511 IRGs were screened out from the InnateDB, Immport, and
IMGT/GENE-DB databases. Combined with the expression data, the
expression matrix of 2,531 IRGs was finally obtained.
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3.2 WGCNA

We utilized the WGCNA to construct the link among the 2,351
immune-related genes from 1,114 NSCLC samples. A total of five
modules were obtained through a one-step network construction
method, where power = 7. Then, we performed a correlation analysis
between different modules and sample traits. The distributions of the
modules’ average gene significance related to OS were identified,
among which the turquoise module (including 709 genes) was found
to have the strongest association with the sample feature. This module
was selected for further analysis (Figure 1).

3.3 Hub gene selection

The GS value and module membership (MM) value of genes in
the turquoise module were calculated. There were 280 hub genes
screened by the threshold of GS >0.3 and MM >0.5.
(Supplementary Figure 1).

3.4 Functional enrichment analysis
(GO/KEGQG)

Gene ontology (GO) enrichment analysis was divided into three
categories: Biological Process (BP), Cellular Component (CC), and
Molecular Function (MF). The BP enrichment pathway was mainly of
regulation of inflammatory response, positive regulation of response
to external stimulus, and leukocyte migration. The CC enrichment
pathway was mainly of the external side of the plasma membrane,
tertiary granule, and secretory granule membrane. The MF
enrichment pathway was mainly of cytokine binding, G protein-
coupled peptide receptor activity, and cytokine receptor activity. The
KEGG enrichment pathway was mainly of cytokine-cytokine
receptor interaction, Staphylococcus aureus infection, and
phagosome. These pathways suggested that the related genes mainly
functioned by regulating immune reaction (Supplementary Figure 2).

3.5 The characteristic of hub genes by the
whole genome

Samples of lung adenocarcinoma (TCGA, Firehose Legacy) and
lung squamous cell carcinoma (TCGA, Firehose Legacy) were
selected from the cBioPortal database. Mutations were detected in
280 genes. A total of 54 genes had a mutation rate of over 5%. The
mutation rate of MASP1 was the highest (22%) according to the gene
mutation map, followed by SEMA5A (18%). All the mutational genes
in the map were associated with NSCLC (Supplementary Figure 3).

3.6 Analysis of immune cell infiltration

The ratios of 22 infiltrated immune cells in cancer samples were
calculated. According to the proportion level of infiltrated immune cells
in cancer samples, we calculated the Pearson correlation coefficient
between the different infiltrated immune cells and drew the heatmap.
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The results indicated that macrophages M2 and naive B cells showed a
significantly negative correlation, whereas CD8+ T cells and activated
CD4+ memory T cells, naive B cells, and plasma cells displayed a
significantly positive correlation (Supplementary Figure 4).

3.7 Survival analysis of infiltrated
immune cells

Firstly, we divided the infiltrated immune cells into high- and
low-ratio groups based on the median infiltrating level of immune
cells. Then, we calculated and drew Kaplan-Meier (KM) survival
curves between the two groups based on the survival data. The results
revealed that the high-infiltration group of resting mast cells
displayed remarkably better overall survival (OS) than those with
low infiltration and the high-infiltration group of activated mast cells
and neutrophil displayed remarkably worse OS than those with low
infiltration (Figure 2).

3.8 Correlation analysis between infiltrated
immune cells and hub genes

The Pearson correlation coefficient was calculated between hub
genes and infiltrated immune cells. The results suggested that almost
all the genes were positively associated with resting CD4+ memory T
cells and negatively correlated with T follicular helper cells and
activated mast cells (Figure 3).

3.9 Univariate Cox regression analysis

We constructed a regulatory network based on 181 TFs, 144
IncRNAs, and 424 mRNAs, which were interacting with hub genes
from different databases (Supplementary Figure 5). After the analysis
of univariate Cox regression, a total of 15 prognosis-related genes of
NSCLC were selected from an expression matrix of 1,006 cancer
samples, such as ANO6, FPR2, PDGFB, TRIM58, CD300E, CXCL3,
HLA-DMA, CTSM, ANOSI1, NR3C2, BMP5, TLR7, FCGRT, LIFR,
and PTGDR2. The KM survival curves were generated in six of them.
The curves revealed that the high expression group of ANO6, FPR2,
PDGFB, and TRIM58 displayed remarkably worse OS than those with
a low expression. The curves also revealed that the low expression
group of LIFR and PTGDR2 displayed remarkably worse OS than
those with a high expression (Figure 4).

3.10 Validation of gene prognostic signature

We performed Lasso-penalized Cox regression analysis with
cross-validation to pick out nine genes from the 15 candidates.
Furthermore, among the nine genes, TRIM58, PDGFB, FPR2, and
ANO6 were prognostic risk factors (HR >1), whereas TLR7,
PTGDR2, NR3C2, LIFR, and ANOSI1 were prognostic protective
factors (HR <1). To evaluate the nine-gene prognostic signature, we
calculated the risk score for each sample in TCGA according to the
expression levels of nine genes weighed by their relative coefficient
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FIGURE 2

Survival analysis of infiltrated immune cells between high- and low-infiltration groups.

using the following formula: risk score = PTGDR2%*(-0.140) +
ANOS1*(-0.115) + LIFR*(-0.091) + TLR7*(-0.052) + FPR2*(-0.026)
+ NR3C2*(0.020) + PDGFB* (0.090) + TRIM58*(0.127) + ANO6*
(0.176). The risk scoring section of each sample was (-0.762-1.910),
and high-/low-risk groups were divided with the median of risk score
as the cutoff (Supplementary Figure 6).

All samples were separated into high- or low- risk groups
according to the median of risk score. K-M curves showed that
patients in high-risk group had significantly worse prognosis than
those in the low-risk group (log-rank, p < 0.0001), which suggested
that the model had favorable efficiency. ROC curves were also applied
for the prognosis of samples depending on risk scores. The AUC
values of 360d, 540d, 720d, 900d, and 1080d were all above 0.6,
whereas the value of 180d was 0.59 (Figure 5).

The GSE30219 dataset was selected as the validation set to further
verify the prognostic predictive value of the nine-gene signature.
Survival analysis of the validation dataset also showed a significant

FIGURE 3
Correlation analysis between infiltrated immune cells and hub genes.
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difference in OS between the high- and low-groups (p = 0.012). The
AUC values of 180d, 360d, 540d, 720d, 900d, and 1080d were all
above 0.6 according to ROC curves (Figure 6). The results
demonstrated that the nine-gene signature was reliable and effective
for prognostic prediction in NSCLC.

3.11 Classification by unsupervised
clustering analysis

We employed an unsupervised clustering algorithm to classify the
1,006 samples of NSCLC patients. They were classified into two
clusters, clusterl with 474 samples and cluster2 with 532 samples.
The heatmap showed that the expression of hub genes was different in
the two subtypes. Survival analysis showed significant differences
between the two clusters (p = 0.048) (Supplementary Figure 7).

3.12 Immune infiltration landscape and
difference in proportion of infiltrated
immune cells

We investigated possible clinical factors related to the two
clusters, including age, gender, TNM stage, tumor stage, risk score,
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was extremely higher in clusterl than that in cluster2, whereas the
proportion of resting memory T cells and macrophages M2 was
extremely lower in cluster] than that in cluster2 (Kruskal-Wallis, p <
0.0001) (Figure 7).

3.13 Effect of immunotherapy in
different subtypes

An analysis of expression levels for 44 immune checkpoints
between the two clusters were performed (Supplementary Figure 8).
The expressions of almost all the immune checkpoints were
significantly different in the two clusters. TIDE scores of the two
clusters were calculated by the TIDE online analysis tool. The
statistical results showed that the TIDE scores of most samples
were lower than 0, which indicated that immunotherapy might be
effective for most samples. Furthermore, the TIDE score for samples
in cluster] was extremely lower than that for samples in cluster2 (t-
test, p < 0.0001) (Supplementary Figure 9).

3.14 Chemosensitivity in different subtypes

Chemosensitivity prediction was further investigated in the two
clusters. The t-test analysis indicated that there was a significant
difference between the two clusters in sensitivity. Patients in clusterl
were more sensitive to paclitaxel, gemcitabine, vinorelbine, gefitinib,
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and afatinib (BIBW2992) (Figure 8). However, patients in cluster2
were more sensitive to cisplatin, docetaxel, erlotinib, and crizotinib
(PF-02341066) (Figure 9). The results could provide a convincing
basis for the use of related drugs in treating patients with
different clusters.

4 Discussion

Lung cancer is the leading cause of cancer-related deaths in the
world, with an average 5-year survival rate of 21% (1). Lung cancer
initiation and progression depend not only on the evolving genomics
and molecular properties of cancer cells but also on their interaction
with the tumor environment, specifically with the immune system (4).
The immune system is now recognized as having the potential to
destroy cancer cells and inhibit tumor growth through the activation
of innate and adaptive immune responses; however, the immune
system may also promote tumor progression (5).

Based on the statistical analysis of the whole-genome
characteristics, we found a total of 54 mutated IRGs with mutation
rate >5% and most of them were amplified in the genome. It is
confirmed that tumor mutational burden is associated with improved
survival in patients receiving immune checkpoint inhibitors across a
wide variety of cancer types. The most frequently mutated IRGs is
MASP1 (22%), followed by SEMAS5A (18%), which has never been
reported previously in NSCLC. MASP1 is an abundant component of
the lectin pathway of complement (14, 15). The complement pathway
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plays an essential role in innate and adaptive immune responses. The
mutation in MASP1 may cause cancer because of immunological
abnormality. Semaphorin 5A, a member of the semaphorin family,
plays an important role in axonal guidance. The downregulation of
SEMAGA in lung adenocarcinoma tissues was associated with a poor
overall survival. A suppressive role for SEMA5A in lung
adenocarcinoma involves the inhibition of the proliferation and
migration of lung transformed cells (16). Our findings have
identified certain mutational characteristics of IRGs in NSCLC,
offering new perspectives in the etiology and treatment of NSCLC.
IRGs have been used to predict the prognosis of NSCLC patients
in previous research (6, 7, 17). In the present study, nine IRGs
associated with cancer prognosis were screened out from TCGA
data. Among the nine genes, PDGFB, FPR2, ANO6, and TRIM58
were prognostic risk factors, whereas PTGDR2, ANOS]I, LIFR, TLR7,
and NR3C2 were prognostic protective factors. PDGFB encodes a
member of platelet-derived growth factors, playing a role in a wide
range of developmental processes. An investigation on 442 patients
with LUAD indicated that a high expression of PDGFB and
presentation of mesenchymal-like tumors were significantly
associated with poor prognosis for both OS and disease-free
survival (18). FPR2 (formyl peptide receptor 2), as a G-protein-
coupled receptor, was involved in a broad spectrum of
pathophysiologic processes. It was found that a high expression of
FPR2 was associated with a lower OS in LUAD patients (8). ANOG6 is
a member of the TMEMI16 family, which was initially discovered as
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Ca®*-activated Cliion channels (19). The TMEM16 family was found
to be overexpressed in cancer cells associated with poor prognosis and
cancer development. ANO6 was also associated with metastatic
capability of mammary cancers in mice and was related to poor
prognosis of patients with breast cancer (20). It has been
demonstrated that ANOG6 is an essential component of the immune
defense by macrophages (21). However, the role of ANO6 in lung
cancer has not been illustrated. TRIMS58 is a prognostic indicator for
LUAD and LUSC. KRAS-driven LUAD samples with a higher
expression level of TRIM58 were found to have a relatively high
expression level of immune checkpoints genes, including PD-1, PD-
L1, and CTLA-4 (22). LUSC patients with high methylation levels of
TRIMS58 had a longer survival time (23). On the contrary, in our
study, TRIM58 was considered as a risk factor for the prognosis of
NSCLC patients. In addition, TRIM58 was positively correlated with
abundance of M2 macrophages and resting mast cells and negatively
correlated with follicular helper T-cell abundance in KRAS-driven
LUAD (22). Thus, the role of TRIM58 needs to be further identified.

PGD2/PTGDR?2 signaling was found to inhibit tumorigenesis,
tumor growth, and metastasis in gastric cancer (24). However,
PTGDR2 was rarely reported in lung cancer. CRTh2, encoded by
PTGDR?2, is preferentially expressed in CD4+ effector T helper 2
(Th2) cells. T-cell activation could reduce the expression of CRTh2 at
the level of both transcription and protein expression (9). LIFR, the
receptor of the leukemia inhibitory factor, was reported as a
prognostic protective factor in LUAD patients (25). A low LIFR
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expression was associated with shorter survival in pancreatic cancer
and NSCLC patients with mutated KRAS (10). TLR7 is expressed on
endosomes in immune cells including plasmacytoid and conventional
dendritic cells, macrophages, B lymphocytes, and NK cells (26).
Stimulation of these immune cells with TLR7 ligands induces their
maturation and activation, leading to antitumor therapeutic efficacy
in colon, renal, and breast carcinomas. By contrast, several studies
have shown that TLR? is highly expressed in lung cancer cells, leading
to increased tumor cell survival, chemoresistance, and poor clinical
outcomes (27-29). A genome-wide lethality screening in NSCLC
reported that NR3C2 might be a potential tumor-suppressing gene
(30). Other researchers also found that NR3C2 was downregulated in
metastasis samples and the OS rate in patients with a high expression
of NR3C2 was higher than that in patients with a low expression of
them in LUAD (31-34).

Infiltrated immune cells in the tumor microenvironment of lung
cancer play a key role in tumor progression and have been widely
studied in recent years. In our research, we found that the infiltration
degrees of mast cells and neutrophils were associated with prognosis
of NSCLC. Mast cells are well known for their roles in allergic
disorders (35). However, the consequences of their presence in the
tumor microenvironment still remain unclear as it is associated with a
good or poor prognosis based on the type and anatomical site of the
tumor (36). Mast cells through releasing IL-1, IL-4, IL-6, and TNF-ou
can actively participate in the elimination of tumor cells and rejection
of tumors (37). Conversely, mediators released by mast cells such as
FGF-2, NGF, PDGF, VEGF, IL-8, and IL-10 can promote the
expansion of tumor cells (38). Mast cell infiltration has been
implicated in metastasis and angiogenesis in several human
malignancies (38). Our results indicated that a high level of resting
mast cell infiltration was associated with better prognosis, whereas a
high level of activated mast cells was significantly related to worse OS.
Neutrophils have been implicated in all stages of the oncogenic
process. However, the effect of neutrophil maturity on their
antitumor or protumor properties remains understudied. A meta-
analysis of nearly 4,000 patients has found high levels of intra-tumoral
neutrophils to be associated with unfavorable survival outcomes (39,
40). In accordance with these studies, a high proportion of
neutrophils was significantly related to worse OS in our research.

The CD4+ memory T cells were constitutively presented in the
microenvironment of lung cancer, which could be mobilized by IL-12
to proliferate and kill tumor cells in the xenograft (41). T follicular
helper cells were likely to be involved in the antitumor immunity and
were associated with better clinical outcomes in NSCLC (42). For
adenocarcinoma patients, memory B-cell and resting CD4+ T-cell
fractions were associated with better OS, whereas the neutrophil,
follicular helper cell, MO macrophage, and M2 macrophage fractions
were associated with a shorter OS. For squamous cell carcinoma
patients, a higher percentage of regulatory T cells and naive CD4+ T
cells was associated with a marginally poorer overall OS (43). In our
research, almost all the hub genes were positively correlated with
resting CD4+ memory T cells.

In the present study, we identified a novel and independent
classification based on the IRG expression profiles. According to
research, the patients in cluster2 had a better OS. Interestingly, we
found that the proportion of infiltrated immune cells was remarkably
different in the two subtypes, especially in resting memory T cells,
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macrophages MO, and macrophages M2. However, these immune
cells mentioned above presented no difference in OS.

The therapies for NSCLC, including chemotherapies, targeted
therapies, and immunotherapy, have undergone great
advancements over the past two decades. Cytotoxic therapies
have demonstrated a remarkable effect on early-stage NSCLC,
whereas adjuvant cytotoxic therapy with a cisplatin-based doublet
is associated with improved survival in patients with resected
advanced NSCLC (44). The standard therapy for patients with
unresectable advanced NSCLC is the combination of cytotoxic
therapy and thoracic radiation (45). Molecularly targeted
therapies prove to have a good prognosis in non-squamous
NSCLC patients with EGFR, ALK, ROS1, BRAF, and NTRK
mutations (45-50). However, activating mutations are rare in
LUSC and targeted therapies for LUSC patients remain less
effective (51). Fortunately, several studies have demonstrated that
monotherapies with antibodies against PD-1 or PD-L1 can
significantly improve OS for LUAD and LUSC patients (3).
Although both PD-1 and TMB may be used to select patients for
immunotherapy, most patients will not fit the ideal profile based on
these two biomarkers (52). In our study, the two clusters classified
by a new method presented different sensitivities to chemotherapy
and immunotherapy. The samples of cluster]l were more sensitive
to gemcitabine and paclitaxel, whereas the samples of cluster2 were
more sensitive to cisplatin, erlotinib, and docetaxel. All the samples
might have a high likelihood of responding to immunotherapy.
Compared with clusterl, however, the samples of cluster2 seemed
to be more sensitive to immunotherapy. The molecular differences
between the identified subtypes may facilitate the development of
more appropriate therapeutic approaches.

There are still some limitations to the research. Because of
retrospective data gained from public databases, the model needs to
be further validated by a larger number of clinical samples.
Additionally, bias of expression exists in IRGs, which has been
caused by heterogeneity in NSCLC.

5 Conclusion

The IRGs and the related immune cells may be used to guide
prognosis prediction and clinical decisions for NSCLC patients. These
findings may be considered as therapeutic targets as well as possible
playmakers in the antitumor immune response to newer targeted
cancer drugs.

Data availability statement
The original contributions presented in the study are included in

the article/Supplementary Material. Further inquiries can be directed
to the corresponding authors.

Author contributions

SH, DJ, FZ, KL, KJ, JH, HS, Q-YM, and JW designed the study.
SH, DJ, FZ, KL, KJ, and JH analyzed the data; SH, DJ, FZ, HS, Q-YM,

frontiersin.org


https://doi.org/10.3389/fonc.2023.1095313
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Han et al.

and JW wrote the manuscript. All authors contributed to the article
and approved the submitted version.

Funding

This study was supported by Key Sub-specialty of Pudong New
Area Health Commission (PWZy2020-04), Natural Science Fund of
Shanghai (21ZR1411200; 22ZR1455700), National Natural Science
Youth Fund of China (82003132), Excellent Young Medical Talents
Training Program in Pudong New Area Health System (PWRq2021-
33), Key Specialty of Pudong New Area Health Commission
(PWZxk2022-16), and Leading Talent Training Program of Pudong
New Area Health Commission (PWRI2022-07), Project of Clinical
Outstanding Clinical Discipline Construction in Shanghai Pudong
New Area (No. PWYgy2021-08), and Minsheng Research Project of
Pudong New Area Science and Technology Development Fund
(PKJ2022-Y37).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product

References

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2021. CA Cancer J Clin
(2021) 71(1):7-33. doi: 10.3322/caac.21654

2. SunL, Zhang Z, Yao Y, Li WY, Gu J. Analysis of expression differences of immune genes
in non-small cell lung cancer based on TCGA and ImmPort data sets and the application of a
prognostic model. Ann Transl Med (2020) 8(8):550. doi: 10.21037/atm.2020.04.38

3. Reck M, Rabe KF. Precision diagnosis and treatment for advanced non-Small-Cell
lung cancer. N Engl ] Med (2017) 377(9):849-61. doi: 10.1056/NEJMral703413

4. Forde PM, Kelly RJ, Brahmer JR. New strategies in lung cancer: Translating
immunotherapy into clinical practice. Clin Cancer Res (2014) 20(5):1067-73. doi:
10.1158/1078-0432.CCR-13-0731

5. Vesely MD, Kershaw MH, Schreiber RD, Smyth M]J. Natural innate and adaptive
immunity to cancer. Annu Rev Immunol (2011) 29:235-71. doi: 10.1146/annurev-
immunol-031210-101324

6. Song Q, Shang J, Yang Z, Zhang L, Zhang C, Chen J, et al. Identification of an
immune signature predicting prognosis risk of patients in lung adenocarcinoma. J Transl
Med (2019) 17(1):70. doi: 10.1186/s12967-019-1824-4

7. Yue C, Ma H, Zhou Y. Identification of prognostic gene signature associated with
microenvironment of lung adenocarcinoma. PeerJ (2019) 7:e8128. doi: 10.7717/peer;j.8128

8. Yu'Y, Tian X. Analysis of genes associated with prognosis of lung adenocarcinoma
based on GEO and TCGA databases. Med (Baltimore) (2020) 99(19):¢20183. doi: 10.1097/
MD.0000000000020183

9. MacLean Scott E, Solomon LA, Davidson C, Storie ], Palikhe NS, Cameron L.
Activation of Th2 cells downregulates CRTh2 through an NFAT1 mediated mechanism.
PloS One (2018) 13(7):20199156. doi: 10.1371/journal.pone.0199156

10. Liu S, Gandler HI, Tosic I, Ye DQ, Giaccone ZT, Frank DA. Mutant KRAS
downregulates the receptor for leukemia inhibitory factor (LIF) to enhance a signature of

Frontiers in Oncology

10.3389/fonc.2023.1095313

that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1095313/
full#supplementary-material

SUPPLEMENTARY FIGURE 1
Scatter plot of correlation between GS and MM gene in turquoise module.

SUPPLEMENTARY FIGURE 2
Bubble chart of enrichment analysis, including Biological Process (A), Cellular
Component (B), Molecular Function (C) and KEGG enrichment pathway (D).

SUPPLEMENTARY FIGURE 3
Genes of mutation rate > 5%.

SUPPLEMENTARY FIGURE 4
Correlation analysis of infiltrated immune cells.

SUPPLEMENTARY FIGURE 5
Construction of multi-factor regulatory network.

SUPPLEMENTARY FIGURE 6
(A) Hazard ratio of 15 genes; (B) cross-validation of Lasso-penalized Cox
regression analysis; (C) 9 genes for prognostic related risk score model.

SUPPLEMENTARY FIGURE 7

Unsupervised clustering classification based on hub genes. (A) Inflection point
figure by elbow algorithm; (B) Heatmap of gene expression in the two subtypes;
(C) KM curves between the two clusters.

SUPPLEMENTARY FIGURE 8
Expression levels of 44 Immune Checkpoints between the two clusters.

SUPPLEMENTARY FIGURE 9
TIDE scores of samples in the two clusters.

glycolysis in pancreatic cancer and lung cancer. Mol Cancer Res (2021) 19(8):1283-95.
doi: 10.1158/1541-7786.MCR-20-0633

11. Zhong R, Chen D, Cao S, Li J, Han B, Zhong H. Immune cell infiltration features
and related marker genes in lung cancer based on single-cell RNA-seq. Clin Transl Oncol
(2021) 23(2):405-17. doi: 10.1007/s12094-020-02435-2

12. Wu C, Rao X, Lin W. Immune landscape and a promising immune prognostic
model associated with TP53 in early-stage lung adenocarcinoma. Cancer Med (2021) 10
(3):806-23. doi: 10.1002/cam4.3655

13. Li B, Cui Y, Diehn M, Li R. Development and validation of an individualized
immune prognostic signature in early-stage nonsquamous non-small cell lung cancer.
JAMA Oncol (2017) 3(11):1529-37. doi: 10.1001/jamaoncol.2017.1609

14. Samstein RM, Lee CH, Shoushtari AN. Tumor mutational load predicts survival
after immunotherapy across multiple cancer types. Nat Genet (2019) 51(2):202-6.

15. Dobo J, Harmat V, Beinrohr L, Sebestyen E, Zavodszky P, Gal P. MASP-1, a
promiscuous complement protease: Structure of its catalytic region reveals the basis of its
broad specificity. ] Immunol (2009) 183(2):1207-14. doi: 10.4049/jimmunol.0901141

16. Ko PH, Lenka G, Chen YA, Chuang EY, Tsai MH, Sher YP, et al. Semaphorin 5A
suppresses the proliferation and migration of lung adenocarcinoma cells. Int ] Oncol
(2020) 56(1):165-77. doi: 10.3892/ij0.2019.4932

17. Li J, Wang H, Li Z, Zhang C, Zhang C, Li C, et al. A 5-gene signature is closely
related to tumor immune microenvironment and predicts the prognosis of patients with
non-small cell lung cancer. BioMed Res Int (2020) 2020:2147397. doi: 10.1155/2020/
2147397

18. Neri S, Miyashita T, Hashimoto H, Suda Y, Ishibashi M, Kii H, et al. Fibroblast-led
cancer cell invasion is activated by epithelial-mesenchymal transition through platelet-
derived growth factor BB secretion of lung adenocarcinoma. Cancer Lett (2017) 395:20-
30. doi: 10.1016/j.canlet.2017.02.026

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2023.1095313/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2023.1095313/full#supplementary-material
https://doi.org/10.3322/caac.21654
https://doi.org/10.21037/atm.2020.04.38
https://doi.org/10.1056/NEJMra1703413
https://doi.org/10.1158/1078-0432.CCR-13-0731
https://doi.org/10.1146/annurev-immunol-031210-101324
https://doi.org/10.1146/annurev-immunol-031210-101324
https://doi.org/10.1186/s12967-019-1824-4
https://doi.org/10.7717/peerj.8128
https://doi.org/10.1097/MD.0000000000020183
https://doi.org/10.1097/MD.0000000000020183
https://doi.org/10.1371/journal.pone.0199156
https://doi.org/10.1158/1541-7786.MCR-20-0633
https://doi.org/10.1007/s12094-020-02435-2
https://doi.org/10.1002/cam4.3655
https://doi.org/10.1001/jamaoncol.2017.1609
https://doi.org/10.4049/jimmunol.0901141
https://doi.org/10.3892/ijo.2019.4932
https://doi.org/10.1155/2020/2147397
https://doi.org/10.1155/2020/2147397
https://doi.org/10.1016/j.canlet.2017.02.026
https://doi.org/10.3389/fonc.2023.1095313
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Han et al.

19. Behuria HG, Dash S, Sahu SK. Phospholipid scramblases: Role in cancer
progression and anticancer therapeutics. Front Genet (2022) 13:875894. doi: 10.3389/
fgene.2022.875894

20. Dutertre M, Lacroix-Triki M, Driouch K, de la Grange P, Gratadou L, Beck S, et al.
Exon-based clustering of murine breast tumor transcriptomes reveals alternative exons
whose expression is associated with metastasis. Cancer Res (2010) 70(3):896-905. doi:
10.1158/0008-5472.CAN-09-2703

21. Ousingsawat J, Wanitchakool P, Kmit A, Romao AM, Jantarajit W, Schreiber R,
et al. Anoctamin 6 mediates effects essential for innate immunity downstream of P2X7
receptors in macrophages. Nat Commun (2015) 6:6245. doi: 10.1038/ncomms7245

22. Chen X, Wang Y, Qu X, Bie F, Wang Y, Du J. TRIM58 is a prognostic biomarker
remodeling the tumor microenvironment in KRAS-driven lung adenocarcinoma. Future
Oncol (2021) 17(5):565-79. doi: 10.2217/fon-2020-0645

23. 1iY, Gu]J, Xu F, Zhu Q, Ge D, Lu C. Novel methylation-driven genes identified as
prognostic indicators for lung squamous cell carcinoma. Am ] Transl Res (2019) 11
(4):1997-2012.

24. Zhang B, Bie Q, Wu P, Zhang J, You B, Shi H, et al. PGD2/PTGDR2 signaling
restricts the self-renewal and tumorigenesis of gastric cancer. Stem Cells (2018) 36(7):990-
1003. doi: 10.1002/stem.2821

25. Cheng Y, Hou K, Wang Y, Chen Y, Zheng X, Qi J, et al. Identification of prognostic
signature and gliclazide as candidate drugs in lung adenocarcinoma. Front Oncol (2021)
11:665276. doi: 10.3389/fonc.2021.665276

26. Dajon M, Iribarren K, Cremer I Dual roles of TLR7 in the lung cancer
microenvironment. Oncoimmunology (2015) 4(3):991615. doi: 10.4161/
2162402X.2014.991615

27. Cherfils-Vicini J, Platonova S, Gillard M, Laurans L, Validire P, Caliandro R, et al.
Triggering of TLR7 and TLR8 expressed by human lung cancer cells induces cell survival
and chemoresistance. ] Clin Invest (2010) 120(4):1285-97. doi: 10.1172/JCI36551

28. Chatterjee S, Crozet L, Damotte D, Iribarren K, Schramm C, Alifano M, et al. TLR7
promotes tumor progression, chemotherapy resistance, and poor clinical outcomes in
non-small cell lung cancer. Cancer Res (2014) 74(18):5008-18. doi: 10.1158/0008-
5472.CAN-13-2698

29. Baglivo S, Bianconi F, Metro G, Gili A, Tofanetti FR, Bellezza G, et al. Higher TLR7
gene expression predicts poor clinical outcome in advanced NSCLC patients treated with
immunotherapy. Genes (Basel) (2021) 12(7). doi: 10.3390/genes12070992

30. Zhang DL, Qu LW, Ma L, Zhou YC, Wang GZ, Zhao XC, et al. Genome-wide
identification of transcription factors that are critical to non-small cell lung cancer. Cancer
Lett (2018) 434:132-43. doi: 10.1016/j.canlet.2018.07.020

31. Wang Y, Shang S, Yu K, Sun H, Ma W, Zhao W. miR-224, miR-147b and miR-31
associated with lymph node metastasis and prognosis for lung adenocarcinoma by
regulating PRPF4B, WDR82 or NR3C2. Peer] (2020) 8:¢9704. doi: 10.7717/peerj.9704

32. LuJ, Hu F, Zhou Y. NR3C2-related transcriptome profile and clinical outcome in
invasive breast carcinoma. BioMed Res Int (2021) 2021:9025481. doi: 10.1155/2021/
9025481

33. Jian B, Nagineni CN, Meleth S, Grizzle W, Bland K, Chaudry I, et al. Anosmin-1
involved in neuronal cell migration is hypoxia inducible and cancer regulated. Cell Cycle
(2009) 8(22):3770-6. doi: 10.4161/cc.8.22.10066

34. Kanda M, Shimizu D, Fujii T, Sueoka S, Tanaka Y, Ezaka K, et al. Function and
diagnostic value of anosmin-1 in gastric cancer progression. Int J Cancer (2016) 138
(3):721-30. doi: 10.1002/ijc.29803

35. Peng X, Wang J, Li X, Lin L, Xie G, Cui Z, et al. Targeting mast cells and basophils
with anti-FceRIo fab-conjugated celastrol-loaded micelles suppresses allergic
inflammation. ] BioMed Nanotechnol (2015) 11(12):2286-99. doi: 10.1166/jbn.2015.2163

Frontiers in Oncology

12

10.3389/fonc.2023.1095313

36. Komi D, Redegeld FA. Role of mast cells in shaping the tumor microenvironment.
Clin Rev Allergy Immunol (2020) 58(3):313-25. doi: 10.1007/s12016-019-08753-w

37. Cimpean AM, Tamma R, Ruggieri S, Nico B, Toma A, Ribatti D. Mast cells in
breast cancer angiogenesis. Crit Rev Oncol Hematol (2017) 115:23-6. doi: 10.1016/
j.critrevonc.2017.04.009

38. Ribatti D, Ranieri G. Tryptase, a novel angiogenic factor stored in mast cell
granules. Exp Cell Res (2015) 332(2):157-62. doi: 10.1016/j.yexcr.2014.11.014

39. Shen M, Hu P, Donskov F, Wang G, Liu Q, Du J. Tumor-associated neutrophils as
a new prognostic factor in cancer: A systematic review and meta-analysis. PloS One (2014)
9(6):€98259. doi: 10.1371/journal.pone.0098259

40. Chen Z, Huang Y, Hu Z, Zhao M, Li M, Bi G, et al. Landscape and dynamics of
single tumor and immune cells in early and advanced-stage lung adenocarcinoma. Clin
Transl Med (2021) 11(3):e350. doi: 10.1002/ctm2.350

41. Broderick L, Yokota SJ, Reineke J, Mathiowitz E, Stewart CC, Barcos M, et al.
Human CD4+ effector memory T cells persisting in the microenvironment of lung cancer
xenografts are activated by local delivery of IL-12 to proliferate, produce IFN-gamma, and
eradicate tumor cells. ] Immunol (2005) 174(2):898-906. doi: 10.4049/
jimmunol.174.2.898

42. Ma QY, Huang DY, Zhang HJ, Chen J, Miller W, Chen XF. Function of follicular
helper T cell is impaired and correlates with survival time in non-small cell lung cancer.
Int Immunopharmacol (2016) 41:1-7. doi: 10.1016/j.intimp.2016.10.014

43. Tamminga M, Hiltermann T, Schuuring E, Timens W, Fehrmann RS, Groen HJ.
Immune microenvironment composition in non-small cell lung cancer and its association
with survival. Clin Transl Immunol (2020) 9(6):e1142. doi: 10.1002/cti2.1142

44. Kris MG, Gaspar LE, Chaft JE, Kennedy EB, Azzoli CG, Ellis PM, et al. Adjuvant
systemic therapy and adjuvant radiation therapy for stage I to IIIA completely resected
non-Small-Cell lung cancers: American society of clinical Oncology/Cancer care Ontario
clinical practice guideline update. J Clin Oncol (2017) 35(25):2960-74. doi: 10.1200/
JCO.2017.72.4401

45. Curran W] Jr, Paulus R, Langer CJ, Komaki R, Lee JS, Hauser S, et al. Sequential
vs. concurrent chemoradiation for stage III non-small cell lung cancer: Randomized
phase III trial RTOG 9410. J Natl Cancer Inst (2011) 103(19):1452-60. doi: 10.1093/
jnci/djr325

46. Drilon A, Laetsch TW, Kummar S, DuBois SG, Lassen UN, Demetri GD, et al.
Efficacy of larotrectinib in TRK fusion-positive cancers in adults and children. N Engl J
Med (2018) 378(8):731-9. doi: 10.1056/NEJMoal714448

47. Sharma SV, Bell DW, Settleman ], Haber DA. Epidermal growth factor receptor
mutations in lung cancer. Nat Rev Cancer (2007) 7(3):169-81. doi: 10.1038/nrc2088

48. Kwak EL, Bang Y], Camidge DR, Shaw AT, Solomon B, Maki RG, et al. Anaplastic
lymphoma kinase inhibition in non-small-cell lung cancer. N Engl ] Med (2010) 363
(18):1693-703. doi: 10.1056/NEJMoal006448

49. Shaw AT, Ou SH, Bang Y], Camidge DR, Solomon BJ, Salgia R, et al. Crizotinib in
ROS1-rearranged non-small-cell lung cancer. N Engl ] Med (2014) 371(21):1963-71. doi:
10.1056/NEJMoal406766

50. Vemurafenib in multiple nonmelanoma cancers with BRAF V600 mutations;
adjuvant pertuzumab and trastuzumab in early HER2-positive breast cancer. N Engl |
Med (2018) 379(16):1585.

51. Langer CJ, Obasaju C, Bunn P, Bonomi P, Gandara D, Hirsch FR, et al.
Incremental innovation and progress in advanced squamous cell lung cancer: Current
status and future impact of treatment. J Thorac Oncol (2016) 11(12):2066-81. doi:
10.1016/j.jtho.2016.08.138

52. Herbst RS, Morgensztern D, Boshoff C. The biology and management of non-small
cell lung cancer. Nature (2018) 553(7689):446-54. doi: 10.1038/nature25183

frontiersin.org


https://doi.org/10.3389/fgene.2022.875894
https://doi.org/10.3389/fgene.2022.875894
https://doi.org/10.1158/0008-5472.CAN-09-2703
https://doi.org/10.1038/ncomms7245
https://doi.org/10.2217/fon-2020-0645
https://doi.org/10.1002/stem.2821
https://doi.org/10.3389/fonc.2021.665276
https://doi.org/10.4161/2162402X.2014.991615
https://doi.org/10.4161/2162402X.2014.991615
https://doi.org/10.1172/JCI36551
https://doi.org/10.1158/0008-5472.CAN-13-2698
https://doi.org/10.1158/0008-5472.CAN-13-2698
https://doi.org/10.3390/genes12070992
https://doi.org/10.1016/j.canlet.2018.07.020
https://doi.org/10.7717/peerj.9704
https://doi.org/10.1155/2021/9025481
https://doi.org/10.1155/2021/9025481
https://doi.org/10.4161/cc.8.22.10066
https://doi.org/10.1002/ijc.29803
https://doi.org/10.1166/jbn.2015.2163
https://doi.org/10.1007/s12016-019-08753-w
https://doi.org/10.1016/j.critrevonc.2017.04.009
https://doi.org/10.1016/j.critrevonc.2017.04.009
https://doi.org/10.1016/j.yexcr.2014.11.014
https://doi.org/10.1371/journal.pone.0098259
https://doi.org/10.1002/ctm2.350
https://doi.org/10.4049/jimmunol.174.2.898
https://doi.org/10.4049/jimmunol.174.2.898
https://doi.org/10.1016/j.intimp.2016.10.014
https://doi.org/10.1002/cti2.1142
https://doi.org/10.1200/JCO.2017.72.4401
https://doi.org/10.1200/JCO.2017.72.4401
https://doi.org/10.1093/jnci/djr325
https://doi.org/10.1093/jnci/djr325
https://doi.org/10.1056/NEJMoa1714448
https://doi.org/10.1038/nrc2088
https://doi.org/10.1056/NEJMoa1006448
https://doi.org/10.1056/NEJMoa1406766
https://doi.org/10.1016/j.jtho.2016.08.138
https://doi.org/10.1038/nature25183
https://doi.org/10.3389/fonc.2023.1095313
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	A new immune signature for survival prediction and immune checkpoint molecules in non-small cell lung cancer
	1 Introduction
	2 Methods
	2.1 Downloading of data source and clinical information
	2.2 Weighted gene co-expression network analysis and identification of key modules and hub genes
	2.3 Functional analysis and mutation analysis of hub genes
	2.4 Tumor immune infiltration analysis
	2.5 Construction of the lncRNA/mRNA/TF co-expression network based on hub genes
	2.6 Construction and validation of an immune prognostic model for LUAD
	2.7 LUAD molecular subtypes based on unsupervised hierarchical clustering

	3 Results
	3.1 Data downloading and integration
	3.2 WGCNA
	3.3 Hub gene selection
	3.4 Functional enrichment analysis (GO/KEGG)
	3.5 The characteristic of hub genes by the whole genome
	3.6 Analysis of immune cell infiltration
	3.7 Survival analysis of infiltrated immune cells
	3.8 Correlation analysis between infiltrated immune cells and hub genes
	3.9 Univariate Cox regression analysis
	3.10 Validation of gene prognostic signature
	3.11 Classification by unsupervised clustering analysis
	3.12 Immune infiltration landscape and difference in proportion of infiltrated immune cells
	3.13 Effect of immunotherapy in different subtypes
	3.14 Chemosensitivity in different subtypes

	4 Discussion
	5  Conclusion
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


