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Neutrophil extracellular
traps-associated modification
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iImmunotherapy, and
prognosis of clear cell

renal cell carcinoma

Zhi-Hai Teng, Wen-Ce Li, Zhi-Chao Li, Ya-Xuan Wang,
Zhen-Wei Han and Yan-Ping Zhang*

Department of Urology, The Second Hospital of Hebei Medical University, Shijiazhuang, China

Background: Neutrophil extracellular traps (NETs) are web-like structures
formed by neutrophils, and their main function is antimicrobial defense.
Moreover, NETs have numerous roles in the pathogenesis and progression of
cancers. However, the potential roles of NET-related genes in renal cell
carcinoma remain unclear. In this study, we comprehensively investigated
the NETs patterns and their relationships with tumor environment (TME),
clinicopathological features, prognosis, and prediction of therapeutic benefits
in the clear cell renal cell carcinoma (ccRCC) cohort.

Methods: We obtained the gene expression profiles, clinical characteristics,
and somatic mutations of patients with ccRCC from The Cancer Genome Atlas
database (TCGA), Gene Expression Omnibus (GEO), and ArrayExpress datasets,
respectively. ConsensusCluster was performed to identify the NET clusters. The
tumor environment scores were evaluated by the "ESTIMATE,” "CIBERSORT,”
and ssGSEA methods. The differential analysis was performed by the “limma” R
package. The NET-scores were constructed based on the differentially
expressed genes (DEGs) among the three cluster patterns using the ssGSEA
method. The roles of NET scores in the prediction of immunotherapy were
investigated by Immunophenoscores (TCIA database) and validated in two
independent cohorts (GSE135222 and IMvigor210). The prediction of targeted
drug benefits was implemented using the “pRRophetic” and Gene Set Cancer
Analysis (GSCA) datasets. Real-time quantitative reverse transcription
polymerase chain reaction (RT-PCR) was performed to identify the reliability
of the core genes’ expression in kidney cancer cells.

Results: Three NET-related clusters were identified in the ccRCC cohort. The
patients in Cluster A had more metabolism-associated pathways and better
overall survival outcomes, whereas the patients in Cluster C had more
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immune-related pathways, a higher immune score, and a poorer prognosis
than those in Cluster B. Based on the DEGs among different subtypes, patients
with ccRCC were divided into two gene clusters. These gene clusters
demonstrated significantly different immune statuses and clinical features.
The NET scores were calculated based on the ten core genes by the Gene
Set Variation Analysis (GSVA) package and then divided ccRCC patients into two
risk groups. We observed that high NET scores were associated with favorable
survival outcomes, which were validated in the E-MTAB-1980 dataset.
Moreover, the NET scores were significantly associated with immune cell
infiltration, targeted drug response, and immunotherapy benefits.
Subsequently, we explored the expression profiles, methylation, mutation,
and survival prediction of the 10 core genes in TCGA-KIRC. Though all of
them were associated with survival information, only four out of the 10 core
genes were differentially expressed genes in tumor samples compared to
normal tissues. Finally, RT-PCR showed that MAP7, SLC16A12, and SLC27A2
decreased, while SLC3A1 increased, in cancer cells.

Conclusion: NETs play significant roles in the tumor immune microenvironment
of ccRCC. Identifying NET clusters and scores could enhance our understanding
of the heterogeneity of ccRCC, thus providing novel insights for precise
individual treatment.
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Introduction

Renal cell carcinoma (RCC) is one of the most common
urological carcinomas (1). In 2022, the number of tumor cases and
cancer-associated deaths in China are expected to reach 7,410 and
46,345, respectively (2). Although the diagnosis and management
of RCC have improved (3), its incidence is expected to increase
globally. Moreover, approximately 30% of patients are diagnosed
with advanced ccRCC, develop distant metastases, and have a
poor prognosis due to the atypical symptoms in the early stage of
ccRCC (1). ccRCC is the most common subtype of RCC (4). Thus,
for better personal precision therapy and management,
investigating novel biomarkers is an urgent necessity.

Neutrophils are one type of affluent inflammatory cell in the
tumor microenvironment (TME). They could activate cancer cells
and desorb modified DNA structures coated with cytoplasmic and
granular proteins (5). The web-like structures released by
neutrophils to trap microorganisms are termed neutrophil
extracellular traps (NETs) (6, 7). Commonly, NETs play critical
roles in infectious and non-infectious conditions, such as bacterial
and viral infections (5), cystic fibrosis (8), and psoriasis (9).
Recently, NETs have been reported to be involved in tumor
growth, metastatic spread (10, 11), and immunomodulatory
(12). Moreover, NET extrusion exerts a protective effect on the
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tumor from NK cells and T cells (13). NETs can increase the
metastatic potential of circulating tumor cells through
augmentation of cell cycle progression (14). Hu et al. reported
that NETs could promote the dysfunction of glomerular
endothelial cells and pyroptosis in diabetic kidney disease (15).
NETs are closely associated with dirty necrosis in RCC (16).
Several recent studies have documented the scrutiny of NET-
related genes for head and neck squamous cell carcinomas (6),
non-small-cell lung cancer (17), and breast cancer (18); however,
few studies have focused on the functions of NETs in kidney
diseases, particularly kidney cancers. Therefore, it is meaningful to
explore new NET-related biomarkers to identify the molecular
characteristics of NET's in patients with kidney cancer.

Considering the previous findings, we performed a systemic
study on NET-related genes to investigate their roles in the
ccRCC cohort. In this study, we first screened the expression,
protein—protein network, and prognostic values in the TCGA-
KIRC dataset. Based on the expression of NET-related genes, we
classified ccRCC patients into three clusters. Patients were
further stratified into two gene clusters based on the
differentially expressed genes (DEGs) among the three NET
subtypes. We further constructed a scoring system to predict
overall survival (OS), which may form the basis for research on
ccRCC precision treatment.
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Methods
Data collection and processing

The RNA-sequencing dataset of 534 kidney renal clear cell
carcinoma (KIRC) samples, which contained mRNA and clinical
and survival data, were acquired from UCSC Xena (http://xena.
ucsc.edu/). The GSE29609 dataset, which contained 39 KIRC
samples, were downloaded from the GEO database. The mRNA
expression levels were transformed from counts to transcripts
per kilobase million (TPM) values. The batch effects of the two
datasets were eliminated by “ComBat” from the “sva” R package,
and principal component analysis (PCA) was performed to
demonstrate the before and aftereffects. Finally, 573 samples,
14,074 genes were enrolled into our after-batched cohort. The E-
MTAB-1980 dataset, which contained 101 patients with ccRCC,
was downloaded from ArrayExpress (https://www.ebi.ac.uk/
arrayexpress/).

Exploration of the genetics and
biological significance of NET
genes in KIRC

According to previous studies (19-22), we acquired a list of
published NET gene sets, which had 69 genes with NET initial
biomarkers. The mRNA expression and prognostic values of
NETs were based on the TCGA-KIRC dataset. The network of
69 genes was explored based on the GeneMANIA (http://
genemania.org/) website.

Unsupervised clustering analysis

The unsupervised consensus clustering algorithm was
applied to assess the variability and stability of clusters based
on NET-related and NET subtype-related genes from the
ConsensusClusterPlus (23) R package. Then Kaplan-Meier
survival analysis was performed to explore the prognosis
among different clusters based on the survival (24) and
survivor (25) R packages.

Gene set variation analysis

The 50 terms of the HALLMARK pathway, the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway, and
the Reactome pathway were downloaded from the Molecular
Signatures Database (MsigDB, http://software.broadinstitute.
org/gsea/msigdb/). Then, function enrichments for different
subtypes were performed using the GSVA (26) and
ClusterProfiler (27) R packages.
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The immune infiltration landscape of the
ccRCC cohort

The StromaScore, ImmuneScore, and ESTIMATEScore were
calculated with the “ESTIMATE” R package. The ImmuneScore
and StromalScore were the abundance of immune and stromal
components, respectively. The ESTIMATEScore was the total
values of ImmuneScore and StromalScore. The abundance of 23
kinds of infiltrating immune cells (28) was evaluated using the
ssGSEA method from the GSVA (26) R package.

Calculation of NET score (NET-scores)

According to the mRNA expression of NET subtype-related
genes, 94 DEGs were used for further univariate Cox regression
analysis. Then the NET score was calculated as an enrichment
score (ES) by the ssGSEA method from the GSVA R package
based on the top ten genes with P <0.05 samples. The ccRCC
cohort was divided into high and low NET score groups based
on the optimal cutoff value.

Prognosis, enrichment analysis, genetic
alterations, chemokines, immune
exploration, and clinical feature analysis
based on NET-scores

The prognosis analysis between the high- and low-NET
score groups was tested using the log-rank method. The
correspondence among different groups, subtypes, and survival
outcomes was shown as Sankey diagrams by the “ggalluvial” R
package. The hallmark enrichment analysis between different
NET score groups was done using the GSVA R package and
genetic alterations by the “maftools” (29) R package. The mRNA
expression of chemokines between different NET score groups
was displayed using a heatmap. The clinical characteristics of

» o«

“survival outcomes,” “clinical grade,” “TNM,” and “clinical
stage” were selected to demonstrate the discrepancy in the

different NET score groups.

Expression levels of immune
checkpoints, immunotherapy response,
and drug sensitivity of patients in
different NET-score groups

Two immunotherapy-treated cohorts, the IMvigor210 cohort
(288 urological tumor patients treated with anti-PDL1) and the
GSE135222 cohort (27 lung carcinoma patients treated with anti-
PD-1/PD-L1), were collected to explore the immunotherapy
response ability of NET scores. The pRRophetic (30) package
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was implemented to predict the half-maximal inhibitory
concentration (IC50) of 138 antitumor agents.

Online analysis

mRNA expression, single nucleotide variation (SNV), copy
number variation (CNV), drug sensitivity, and methylation of
genes were analyzed by the GSCA database (http://bioinfo life.hust.
edu.cn/GSCA/#/). The protein levels of core genes in human tumor
and non-tumor samples were acquired from the Human Protein
Atlas (HPA; https://www.proteinatlas.org/). The oncoplot of genes
was explored from cBioportal (https://www.cbioportal.org/).

Cell culture and RT-PCR

Human normal renal tubular epithelial cells (HK-2) and
kidney cells (Caki-1 and 786-0O) were purchased from the ATCC
company. All cells were cultured in RPMI 1640 as previously
described (28). Total RNA from the cultured cells was extracted
using the Faster reagent (Invitrogen). Relative gene expression
was calculated by Eq. 274", with GAPDH as an internal
control. The primers are as follows:

MAP7 gene 5-TCATCATGCCCTACAAAGCTG-
3’(sense) and 5-TGCCAGATGTGAGGAAGAGTA-
3’(antisense).

SLC16A12 gene 5-TGCTTGCATCTACTGGACTCA-
3’(sense) and 5-TGGCAATAGCTGGAGAGTAACA-
3’ (antisense).

SLC27A2 gene 5-TGGCGCTCCTTATGGGTAACG-
3’(sense) and 5-CTTGGCAGTATCTCTTCGACAG-3’
(antisense).

SLC3A1 gene 5-CAGGAGCCCGACTTCAAGG-3’(sense)
and 5°-GAGGGCAATGATGGCTATGGT-3’
(antisense).

Statistical analysis

All data were analyzed using R software (v4.1.1); a P-value
less than 0.05 was considered statistically significant. The
“limma” (31) R package was used to perform a difference
analysis. The Wilcoxon test was used for data that did not
accord with a normal distribution. A t-test was used for normally
distributed data. Univariate Cox regression analysis and the
Kaplan-Meier method were used to assess the prognostic
value of DEGs. The forest plot was achieved by “forestplot”
(32) R package. All heatmaps were performed via the R
“pheatmap” package.
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Results

Expression and prognostic values of
NET-related genes in the TCGA-KIRC

We identified 43 differential expression NET-related genes
in the TCGA-KIRC dataset, of which 20 are upregulated genes
and 23 are downregulated genes with a false discovery rate <0.05
and [|log2FoldChange| >0.5 (Figures 1A, B, Supplementary
Table 1). Figure 1C shows the locations of the NET-related
genes. We then submitted the NET-related genes to
GeneMANTIA for exploring their interaction network. The
results revealed the co-expression to be high (62.39%) and the
physical interaction to be 15.79% (Figure 1D).

Identification of NET-related gene
subtypes in the ccRCC cohort

The TCGA-KIRC and GSE29609 datasets were merged, and
PCA demonstrated the before and after batch effects (Figure
S1A). In the merged ccRCC cohort, we performed unsupervised
clustering and classification based on these NET-related genes.
Our results showed that k = 3 appeared to be an optimal
selection (Figures 2A-C). The Kaplan-Meier survival analysis
demonstrated that the prognoses of patients were significantly
different among these subtypes (log-rank test, P <0.001,
Figure 2D). Cluster A exhibited better survival better survival
advantage than other clusters. The PCA results showed
significant differences in NET-related gene expression among
the three clusters (Figure 2E). The clinicopathological features
among the different clusters also revealed significant differences
(Figure 2F). Moreover, most of the NET-related genes were
differentially expressed (Figure 2G).

Characteristics of TME in
different subtypes

Cluster A was significantly associated with cancer-related
and metabolism pathways, such as pancreatic cancer, renal cell
carcinoma, butanoate metabolism, histidine metabolism, fatty
acid metabolism, tryptophan metabolism, and beta-alanine
metabolism (Figure 3A). Cluster C was significantly enriched
in immune-activated pathways, including NK cell-mediated
cytotoxicity, antigen processing and presentation, allograft
rejection, autoimmune thyroid disease, T and B cell receptor
signaling pathways, and Toll-like and NOD-like receptor
signaling pathways (Figure 3A). To explore the roles of NET-
related genes in the TME of ccRCC, we calculated the TME score
using the ESTIMATE method. The results revealed that Cluster
C had higher stromal and immune scores than the other two
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FIGURE 1

The landscape of neutrophil extracellular trap-associated genes in the TCGA-KIRC. (A) Volcano plot and (B) heatmap of 69 NET-associated
genes in ccRCC and non-tumor samples. (C) The location of the NET-associated genes on different chromosomes. (D) GeneMANIA gene-gene

interaction network showed the correlation among different genes.

clusters (Figure 3B). Analysis of three critical immune
checkpoints showed significance among three subtypes
(Figure 3C). Then, the ssGSEA method was applied to
calculate the infiltrating status of immune cells and explore the
differential patterns. The results revealed that the infiltration
levels of several cells, such as activated B cells, CD4 T cells, and
CD8 T cells, were significantly higher in Cluster C than in other
clusters (P <0.05, Figure 3D), which agreed with the results of the
TME score.

Identification of gene clusters based
on DEGs

To explore genes associated with our NET-related clusters,
differential gene analyses were performed to select the DEGs
among clusters A-C by using “limma” R packages (|logFC| >1.5
and P-value <0.05, Figure S1B). The DEGs of these results were
then combined, and 94 genes were enrolled for further analysis.
The GO enrichment of DEGs demonstrated that the NET
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subtype-related genes were significantly enriched in
transmembrane transport and transporter activity (Figure 4A).
The KEGG analysis revealed enrichment of immune response-
related diseases (such as coronavirus disease 2019 and systemic
lupus erythematosus) and cancer-related pathways (Figure 4B),
which indicated that NETs may play a critical role in
immunomodulation. Then, the univariate Cox method was used
to explore the prognostic values, and 89 genes were found to be
related to OS time (Supplementary Table 2). The top ten genes
(SLCA16A12, SLC3A1, TMEM27, GFPT2, NPR3, MAP7,
BBOXI1, PDK4, SLC27A2, and CUBN) with the smallest P-
value were selected for further analysis (Figure 4C). Based on
these 10 prognostic genes, patients were divided into two clusters,
namely gene clusters A and B (Figure 4D). The Kaplan-Meier
curves demonstrated that patients in gene cluster B had poor OS,
whereas those in gene cluster A had favorable OS (P-value <0.001,
Figure 4E). In addition, the gene cluster A patterns were closely
related to the late TNM stage (Figure 4F). The expression profiles
of 10 hub genes were significantly different, consistent with the
expected gene clusters (Figure 4G).
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Calculation of the NET scores, and

evaluation of TME and chemokines in

different risk

Based on the 10 core genes, we used the ssGSEA method to
calculate the NET scores of each patient in the ccRCC cohort. The
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groups

patients were then divided into high (n = 337) and low (n = 236)
risk score groups based on the NET scores. Moreover, compared
with the low NET-score group, the high NET-score group had a
favorable OS (Figure 5A), which was also validated in E-MTAB-
1980 (Figures S1D-G). We observed a significant difference in the
NET scores among different subtypes, which are displayed in

08 frontiersin.org


https://doi.org/10.3389/fonc.2022.1094248
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Teng et al.

Figures 5B, C. Cluster C had the lowest NET scores, whereas Cluster
A had the highest, revealing that NET scores may be closely
associated with immune-infiltration status (Figure 3B). Figure 5D
shows the plots displaying the distribution of patients in three
clusters: two gene clusters and two risk score groups.

To investigate the relationship between the abundance of
immune cells and NET-scores, we performed the CIBERSORT

10.3389/fonc.2022.1094248

algorithm to assess. As shown in the correlation matrix, the
NET-scores were positive for NK cells and neutrophils, and
negative for type 2 helper T cells (Figure 5E). The heatmap
showed that several chemokines, interleukins, interferons, and
their receptors were significantly overexpressed in the high
NET-score group (Figure 5F), indicating that NET scores may
provide novel targets for anti-tumor immunity.
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Clinical characteristics of the NET-scores
and functional enrichment between
different subtypes

To assess the effect of the NET scores on clinical
characteristics, we investigated the association between the NTE
scores and several critical features (overall survival status, grade,
stage, and TNM stage). The results demonstrated that patients
with higher NET scores were associated with a better survival
status (Figure 6A). Moreover, advanced tumor stages (Grades 3-4,
Stages III-1V) also displayed low NET scores (Figures 6B, C),
which were also observed in tumor size (Figure 6D), regional
lymph node status (Figure 6E), and metastasis (Figure 6F).

To further analyze the specific mechanism, common
functional enrichments were performed between the high and
low NET-score groups using the GSVA method. The hallmark
results indicated that high NET scores were associated with several
metabolisms and oxidative phosphorylation pathways, such as
fatty acid metabolism and xenobiotic metabolism (Figure 6G),
which were also identified in the KEGG enrichment results
(Figure 6H). Furthermore, the hallmark and KEGG enrichment
showed that the high NET-score group was associated with a
series of immune-related pathways, such as allograft rejection and
autoimmune thyroid disease (Figures 6G, H).

Evaluation of checkpoints and
immunotherapeutic benefit between the
high- and low-NET-score groups

We next investigated the expression profiles of three
checkpoints (PDCD1, LAG3, and CD274), immunophenoscores
(IPS), and immune-checkpoint therapy response. The results
demonstrated that PD-1 (PDCD1) and LAG3 were significantly
higher in the low NET-score group than the high NET-score
group, whereas the PD-L1 (CD274) level displayed a reverse
discrepant trend (Figures 7A-C). According to the above
results, we speculated that the PD-1 inhibitor is more reactive in
the low NET-score group and the PDL-1 inhibitor is more
effective in the high NET scores. IPS, as the novel method for
evaluating the potential clinical efficacy of immunotherapy, was
calculated to predict the immunotherapeutic benefit. The results
revealed that the high IPS with a positive CTLA-4 signature was
associated with high NET-scores (Figure 7D).

In the subsequent analysis, we included two public datasets,
GSE135222 and IMvigor210 to predict the immunotherapeutic
efficacy. Patients with low NET scores were more likely to benefit
from immunotherapy (Figures 7E, H). Compared to the high-
risk group, there was an increase in patients with responses in
the low-risk group (Figures 7F, I). Patients with low NET scores
showed significant immunotherapeutic benefits and favorable
survival (Figures 7G, J).
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Pathway activity and drug
sensitivity analysis

As chemotherapy is still a traditional therapy method for
ccRCC, particularly for advanced c¢cRCC, we investigated the
response of the two NET-score groups to common chemo-
drugs. As shown in Figures 8A-H, compared with the high
NET-score group, sunitinib (P-value = 3.6e—08) and rapamycin
(P-value <0.001) showed lower IC50 values in the low NET-
score group, whereas sorafenib (P-value = 1.2e-14), lapatinib
(P-value= 0.038), erotinib (P-value = 3e—09) and axitinib
(P-value =0.081) showed higher values in the low NET-score
group, suggesting that patients in the low NET-score group were
more likely to respond well to sunitinib, and poorly to sorafenib and
axitinib than those in the high NET-score group. Based on the
GSCA dataset, we first explored the activity pathways in the TCGA-
KIRC. As shown in Figure 8I, the NET scores were negatively
associated with apoptosis, cell cycle, and DNA damage and positively
associated with PI3K/AKT and RTX pathways. This indicated that
the NET scores were more likely to play roles in apoptosis and cell
cycle by regulating PI3K/AKT and RTX pathways. The drug
sensitivity in the pan-cancer analysis of GDSCs and CTRP is
shown in Figures 8J-K. The results demonstrated that BRD-
A96377914, tubastatin A, BRD-K85133207, WZ8040, afatinib,
canertinib, ibrutinib, cetuximab, gefitinib, TGX221, CCT007093,
and RO-3306 were more likely to function well.

Genetic mutations of two NET-score
groups, landscape, and validation of
core genes

To investigate the mutation status between the two NET-
score groups, genetic mutations were analyzed using the
maftools (29) R package. The results revealed that the high
NET-score group had a higher mutation rate than the low NET-
score group (70.05% vs 58.4%). The top 10 most frequently
mutated genes are displayed in Figure SIC. Subsequently, the
landscape of 10 core genes was explored in the TCGA-KIRC.
The results demonstrated that only four genes (MAP7,
SLC16A12, SLC27A2, and SLC3A1l) were DEGs in ccRCC
compared to normal samples (Figure S2A). Four genes had
more than a 1% mutation rate (Figure S2B). The 10 core genes
were significantly associated with DSS, OS, and PFS (Figure
S2C). Several genes were positively correlated with methylation
levels, whereas CUBN, MAP7, and SLC16A12 were closely
associated with copy number variation (CNV) levels (Figure
S2D). Most of the genes (9/10) were positively associated with
PI3K/AKT, RTK, and hormone AR activity and negatively
associated with apoptosis, cell cycle, and DNA damage (Figure
S2E). Considering only four genes were DEGs, we explored these
four genes in the CCLE dataset. The results revealed that the
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The correlation of NET-scores with clinic-pathological characteristics, hallmark and KEGG enrichment between high- and low-NET-score
groups. The boxplot of different survival status (A), clinical grade (B), clinical stage (C), tumor stage (D), regional lymph node status (E), and
distant metastasis (F). The hallmark (G) and (H) KEGG enrichment between high- and low-NET-score groups.

basal expression profiles of MAP7, SLC16A12, and SLC3Al
were high in kidney cancer cells (Figure S2F). The RT-PCR
showed that MAP7, SLC16A12, and SLC27A2 were decreased in
786-0 and Caki-1 compared with HK2, while SLC3A1 increased
(Figure S2G), which was consistent with the results of the
TCGA-KIRC (Figure S2A). The protein levels of HPA
demonstrated that MAP7 and SLC27A2 levels were lower, and
SLC3ALl levels were higher, in tumor tissues than in normal
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samples (Figure S2H), in accordance with the results of the
TCGA-KIRC and RT-PCR.

Discussion

ccRCC, the most common subtype of RCC, is highly
associated with poor clinical outcomes (33). Emerging
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treatments such as targeted drugs and immunotherapy have
significantly enhanced the prognosis of patients with advanced
ccRCC; however, the effectiveness of these treatment strategies
still needs to be improved (34). Moreover, ccRCC has strong
immune-associated characteristics (35). Thus, reliable
biomarkers are urgently required to predict recurrence risk
and guide treatments. NETs and immune cell infiltrations
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have been reported to have critical roles in tumor progression
(36). Sivan et al. first described the association between NETSs
and cancer (Ewing sarcoma) (12). Subsequently, there are
increasing studies on NETs and cancer. For example, NETs
drive the process of endothelial-to-mesenchymal transition (37).
Aldabbous et al. identified that NETs promote angiogenesis (38).
Moreover, NETs promote cancer-associated thrombosis via
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thrombin generation and the conversion of fibrinogen to fibrin
(39). Additionally, many prognostic signatures based on NET's
have been reported in human cancers (19, 20). However,
whether NETSs are also involved in tumor prognosis and play
prognostic values in ccRCC has not been explored. Therefore, we
collected the expression profiles of NET-related genes and
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clinical characteristics from the TCGA, GEO, and
ArrayExpress datasets and comprehensively explored the
NET-related genes in the ccRCC cohort.

In the current study, we first examined the roles of NET-
related genes in the TCGA-KIRC and found that 43 of 69 genes
were significantly differentially expressed in the tumor samples
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compared to non-tumor tissues. Moreover, most of the genes
were prognostic genes. Then, three NET-related subtypes
(Clusters A-C) were identified in the ccRCC cohort by
consensus cluster algorithms. It was found Cluster B had low
levels of NET-related genes and low abundance of immune cells
infiltration, whereas Cluster C had high levels of NET-related
genes and immune cell infiltration. Moreover, the three subtypes
had significantly different overall survival outcomes. The
differences in mRNA expression profiles among the three
subtypes were dramatically correlated with metabolism- and
immune-related biological pathways. We identified two gene
clusters, A and B, based on the DEGs among the three NET-
related subtypes. Our findings suggested that NETs act as a
predictor for clinical survival outcomes, targeted drugs, and the
immunotherapy response of ccRCC. Therefore, we established
the NET scores based on 10 hub genes by using the ssGSEA
method. Patients with low and high NET scores showed
significant discrepancies in clinical characteristics, prognosis,
immune cell infiltrations, immune checkpoints, and activity
signal pathways.

As for the 10 core genes, MAP7, SLC16A12, SLC27A2, and
SLC3A1 were significantly different in patients with ccRCC
when compared to non-tumor samples. MAP7, Microtubule-
associated protein 7, functions as a regulator of microtubule
bundling and dynamics. Several studies had reported MAP7
involved in cell cycle progression (40) and autophagy pathway in
cancers (41). SLC16A12, SLC27A2, and SLC3A1 belonged to the
solute carrier group of membrane transport proteins (42). Liu
et al. reported that decreased expression of SLC16A12 mRNA
levels was associated with a poor prognosis for ccRCC (43).
Upregulation of SLC27A2 could inhibit the proliferation and
invasion of RCC via a CDK3-mediated pathway (44). SLC3A1,
the cysteine carrier, has been reported to promote breast cancer
tumorigenesis via AKT signaling (45). In our study, we found
MAP7, SLC16A12, and SLC27A2 in kidney cancer cells when
compared with normal kidney cells, which agreed with the
results of the TCGA-KIRC. Generally, the results indicated
that MAP7, SLC16A12, SLC27A2, and SLC3A1 could be the
biomarkers for the complement system of ccRCC.

Immunotherapies, particularly immune checkpoint
inhibitors (ICIs), have transformed the treatment of several
advanced carcinomas (46-49). Although clinical benefits have
been achieved when patients with ccRCC receive ICIs, the
responses demonstrated personal heterogeneity (50). Thus,
looking for markers to predict the responses of ICI treatment
is highly important. In our study, we observed higher expression
levels of PD1 and LAG3 in Cluster C and low NET scores.
Moreover, we found that the NET scores were significantly lower
in patients responding to ICIs, which identified their predictive
effects. These results suggested that patients with low NET scores
and higher expression levels of PD1 and LAG3 are more likely to
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respond to ICI treatment. Considering that targeted therapy
remains the recommended treatment for patients with advanced
ccRCC, we evaluated eight common drugs based on the GDSC
dataset. The results showed that a low-NET-score group might
be likely to acquire benefits from sorafenib, axitinib,
gemcitabine, and lapatinib treatments. The above results
indirectly suggested the use of NET modifications for
predicting clinical benefits from ICI and targeted therapy.

Although in the present study we identified three NET
clusters, established a NET-score system, and provided a novel
perspective for precise immunotherapy and targeted therapy for
ccRCC, several limitations should be addressed. First, all
analyses were performed on data obtained from public
datasets; thus, the analysis results might be influenced by an
intrinsic case selection bias. Large-scale prospective studies and
cell and animal experimental research are necessary to confirm
our findings.

In conclusion, our study expansively displayed the
relationship between NET modification patterns and TME,
clinical characteristics, and prognosis. We also assessed the
treatment sensitivity prediction of NETs in ICI and targeted
treatments. Finally, we constructed a NET-score system for
quantifying the NET patterns of patients with ccRCC and
validated the expression of core genes. Thus, the findings of
the present study might facilitate our understanding of ccRCC
and provide ideal strategies for individual treatment.

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 author.

Author contributions

Y-PZ and Z-HT designed the study. Z-HT and W-CL
performed the experiment and data analysis. Z-CL, Y-XW,
and Z-WH conducted the Q-PCR. Z-WH and Z-HT
contributed to manuscript writing, reviewing, and revision. Y-
PZ and Z-HT supervised the study. All authors contributed to
the article and approved the submitted version.

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.

frontiersin.org


https://doi.org/10.3389/fonc.2022.1094248
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Teng et al.

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 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.2022.1094248/full#supplementary-material

SUPPLEMENTARY FIGURE 1
The PCA differential, mutation analysis in different groups, and validation
of E-MTAB-1980. (A) Principal component analysis of before and after

References

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer |
Clin (2022) 72(1):7-33. doi: 10.3322/caac.21708

2. Xia C, Dong X, Li H, Cao M, Sun D, He S, et al. Cancer statistics in China and
united states, 2022: Profiles, trends, and determinants. Chin Med ] (Engl) (2022)
135(5):584-90. doi: 10.1097/cm9.0000000000002108

3. Capitanio U, Montorsi F. Renal cancer. Lancet (2016) 387(10021):894-906.
doi: 10.1016/s0140-6736(15)00046-x

4. Jonasch E, Gao J, Rathmell WK. Renal cell carcinoma. BMJ (2014) 349:¢4797.
doi: 10.1136/bmj.g4797

5. Jorch SK, Kubes P. An emerging role for neutrophil extracellular traps in
noninfectious disease. Nat Med (2017) 23(3):279-87. doi: 10.1038/nm.4294

6. He X, Xiao Y, Liu S, Deng R, Li Z, Zhu X. Predicting the immune
microenvironment and prognosis with a NETosis-related IncRNA signature in
head and neck squamous cell carcinoma. BioMed Res Int (2022) 2022:3191474.
doi: 10.1155/2022/3191474

7. Brinkmann V, Reichard U, Goosmann C, Fauler B, Uhlemann Y, Weiss DS,
et al. Neutrophil extracellular traps kill bacteria. Science (2004) 303(5663):1532-5.
doi: 10.1126/science.1092385

8. Gray RD, Hardisty G, Regan KH, Smith M, Robb CT, Duffin R, et al. Delayed
neutrophil apoptosis enhances NET formation in cystic fibrosis. Thorax (2018) 73
(2):134-44. doi: 10.1136/thoraxjnl-2017-210134

9. Hoffmann JH, Enk AH. Neutrophil extracellular traps in dermatology: Caught in
the NET. J Dermatol Sci (2016) 84(1):3-10. doi: 10.1016/j.jdermsci.2016.07.001

10. Wang W, Zhang J, Zheng N, Li L, Wang X, Zeng Y. The role of neutrophil
extracellular traps in cancer metastasis. Clin Trans Med (2020) 10(6):e126.
doi: 10.1002/ctm2.126

11. Yang L, Liu Q, Zhang X, Liu X, Zhou B, Chen J, et al. DNA Of neutrophil
extracellular traps promotes cancer metastasis via CCDC25. Nature (2020) 583
(7814):133-8. doi: 10.1038/s41586-020-2394-6

12. Berger-Achituv S, Brinkmann V, Abed UA, Kiithn LI, Ben-Ezra ], Elhasid R,
et al. A proposed role for neutrophil extracellular traps in cancer immunoediting.
Front Immunol (2013) 4:48. doi: 10.3389/fimmu.2013.00048

13. Teijeira A, Garasa S, Gato M, Alfaro C, Migueliz I, Cirella A, et al. CXCR1
and CXCR2 chemokine receptor agonists produced by tumors induce neutrophil
extracellular traps that interfere with immune cytotoxicity. Immunity (2020) 52
(5):856-71.e8. doi: 10.1016/j.immuni.2020.03.001

14. Szczerba BM, Castro-Giner F, Vetter M, Krol I, Gkountela S, Landin J, et al.
Neutrophils escort circulating tumour cells to enable cell cycle progression. Nature
(2019) 566(7745):553-7. doi: 10.1038/s41586-019-0915-y

15. Zheng F, Ma L, Li X, Gao R, Peng C, Kang B, et al. Neutrophil extracellular
traps induce glomerular endothelial cell dysfunction and pyroptosis in diabetic
kidney disease. Diabetes (2022) 71(12):2739-50. doi: 10.2337/db22-0153

Frontiers in Oncology

15

10.3389/fonc.2022.1094248

removing batch effects in TCGA-KIRC and GSE29609 cohorts. (B) The
volcano plot for differential analysis between different clusters. (C) The
waterfall plot for high and low NET-scores in TCGA-KIRC. (D) Consensus
matrix, (E) consensus clustering CDF, and (F-G) Kaplan—Meier curves for
different clusters, and NET scores for ccRCC samples in E-MTAB-1980.

SUPPLEMENTARY FIGURE 2

The expression profiles, mutation, and survival analysis of cores genes.
The differential analysis (A), mutation (B), survival analysis (C), correlations
between mRNA expression and CNV, methylation (D), pathways activity
(E) based on TCGA-KIRC dataset. The mRNA expression of four differential
expressed cores in CCLE dataset (F). RT-PCR validated the mRNA
expression of four differential expressed cores (G). The expression
profiles of differential expressed cores in HPA dataset. Notes: SLC16A12
cannot be found in HPA.

SUPPLEMENTARY TABLE 1
The differential expression results of NET-related genes in TCGA-
KIRC dataset

SUPPLEMENTARY TABLE 2
The results of univariate Cox regression for 94 DEGs in ccRCC cohort.

16. Kuroe T, Watanabe R, Morisue R, Miyazaki S, Kojima M, Murata SC, et al.
Dirty necrosis in renal cell carcinoma is associated with NETosis and systemic
inflammation. Cancer Med (2022) 00:1-11. doi: 10.1002/cam4.5249

17. Fang C, Liu F, Wang Y, Yuan S, Chen R, Qiu X, et al. A innovative
prognostic symbol based on neutrophil extracellular traps (NETs)-related IncRNA
signature in non-small-cell lung cancer. Aging (Albany N'Y) (2021) 13(13):17864—
79. doi: 10.18632/aging.203289

18. Martins-Cardoso K, Almeida VH, Bagri KM, Rossi MID, Mermelstein CS,
Konig S, et al. Neutrophil extracellular traps (NETs) promote pro-metastatic
phenotype in human breast cancer cells through epithelial-mesenchymal
transition. Cancers (Basel) (2020) 12(6):1542. doi: 10.3390/cancers12061542

19. Li Q, Chen W, Li Q, Mao J, Chen X. A novel neutrophil extracellular trap
signature to predict prognosis and immunotherapy response in head and neck squamous
cell carcinoma. Front Immunol (2022) 13:1019967. doi: 10.3389/fimmu.2022.1019967

20. Zhang Y, Guo L, Dai Q, Shang B, Xiao T, Di X, et al. A signature for pan-
cancer prognosis based on neutrophil extracellular traps. J Immunother Cancer
(2022) 10(6):€004210. doi: 10.1136/jitc-2021-004210

21. Senbabaoglu Y, Gejman RS, Winer AG, Liu M, Van Allen EM, de Velasco G,
et al. Tumor immune microenvironment characterization in clear cell renal cell
carcinoma identifies prognostic and immunotherapeutically relevant messenger
RNA signatures. Genome Biol (2016) 17(1):231. doi: 10.1186/s13059-016-1092-z

22. Papayannopoulos V. Neutrophil extracellular traps in immunity and
disease. Nat Rev Immunol (2018) 18(2):134-47. doi: 10.1038/nri.2017.105

23. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a class discovery tool
with confidence assessments and item tracking. Bioinformatics (2010) 26
(12):1572-3. doi: 10.1093/bioinformatics/btq170

24. Therneau T, Grambsch P. Modeling Survival Data: Extending the Cox
Model. New York, NY: Springer. (2000). doi: 10.1007/978-1-4757-3294-8

25. Kassambara A, Kosinski M, Przemyslaw B, Scheipl F. Survminer: Drawing
survival curves using “ggplot2”; (2021). Available from: https://CRAN.R-project.
org/package=survminer.

26. Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

27. Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. clusterProfiler 4.0: A
universal enrichment tool for interpreting omics data. Innovation (Cambridge
(Mass)) (2021) 2(3):100141. doi: 10.1016/j.xinn.2021.100141

28. Zhang G, Chen X, Fang J, Tai P, Chen A, Cao K. Cuproptosis status affects
treatment options about immunotherapy and targeted therapy for patients with
kidney renal clear cell carcinoma. Front Immunol (2022) 13:954440. doi: 10.3389/
fimmu.2022.954440

29. Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP. Maftools: efficient
and comprehensive analysis of somatic variants in cancer. Genome Res (2018) 28
(11):1747-56. doi: 10.1101/gr.239244.118

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2022.1094248/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.1094248/full#supplementary-material
https://doi.org/10.3322/caac.21708
https://doi.org/10.1097/cm9.0000000000002108
https://doi.org/10.1016/s0140-6736(15)00046-x
https://doi.org/10.1136/bmj.g4797
https://doi.org/10.1038/nm.4294
https://doi.org/10.1155/2022/3191474
https://doi.org/10.1126/science.1092385
https://doi.org/10.1136/thoraxjnl-2017-210134
https://doi.org/10.1016/j.jdermsci.2016.07.001
https://doi.org/10.1002/ctm2.126
https://doi.org/10.1038/s41586-020-2394-6
https://doi.org/10.3389/fimmu.2013.00048
https://doi.org/10.1016/j.immuni.2020.03.001
https://doi.org/10.1038/s41586-019-0915-y
https://doi.org/10.2337/db22-0153
https://doi.org/10.1002/cam4.5249
https://doi.org/10.18632/aging.203289
https://doi.org/10.3390/cancers12061542
https://doi.org/10.3389/fimmu.2022.1019967
https://doi.org/10.1136/jitc-2021-004210
https://doi.org/10.1186/s13059-016-1092-z
https://doi.org/10.1038/nri.2017.105
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1007/978-1-4757-3294-8
https://CRAN.R-project.org/package=survminer
https://CRAN.R-project.org/package=survminer
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.3389/fimmu.2022.954440
https://doi.org/10.3389/fimmu.2022.954440
https://doi.org/10.1101/gr.239244.118
https://doi.org/10.3389/fonc.2022.1094248
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Teng et al.

30. Geeleher P, Cox N, Huang RS. pRRophetic: an r package for prediction of
clinical chemotherapeutic response from tumor gene expression levels. PloS One
(2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

31. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

32. Gordon M, Lumley T. Lumley MGaT. Forestplot: Advanced forest plot using
grid’ graphics. Vienna: The R Foundation (2022). https://CRAN.R-project.org/
package=forestplot.

33. Linehan WM, Ricketts CJ. The cancer genome atlas of renal cell carcinoma:
findings and clinical implications. Nat Rev Urol (2019) 16(9):539-52. doi: 10.1038/
s41585-019-0211-5

34. Atkins MB, Tannir NM. Current and emerging therapies for first-line
treatment of metastatic clear cell renal cell carcinoma. Cancer Treat Rev (2018)
70:127-37. doi: 10.1016/j.ctrv.2018.07.009

35. Krishna C, DiNatale RG, Kuo F, Srivastava RM, Vuong L, Chowell D, et al.
Single-cell sequencing links multiregional immune landscapes and tissue-resident
T cells in ¢ccRCC to tumor topology and therapy efficacy. Cancer Cell (2021) 39
(5):662-77.¢6. doi: 10.1016/j.ccell.2021.03.007

36. Chen X, Ma H, Mo S, Yu S, Lu Z, Chen J. Intratumoral neutrophil
extracellular traps are associated with unfavorable clinical outcomes and
immunogenic context in pancreatic ductal adenocarcinoma. Front Immunol
(2022) 13:1027459. doi: 10.3389/fimmu.2022.1027459

37. Pieterse E, Rother N, Garsen M, Hofstra JM, Satchell SC, Hoffmann M, et al.
Neutrophil extracellular traps drive endothelial-to-Mesenchymal transition. Arterioscler
Thromb Vasc Biol (2017) 37(7):1371-9. doi: 10.1161/atvbaha.117.309002

38. Aldabbous L, Abdul-Salam V, McKinnon T, Duluc L, Pepke-Zaba ],
Southwood M, et al. Neutrophil extracellular traps promote angiogenesis:
Evidence from vascular pathology in pulmonary hypertension. Arterioscler
Thromb Vasc Biol (2016) 36(10):2078-87. doi: 10.1161/atvbaha.116.307634

39. Yang C, Sun W, Cui W, Li X, Yao J, Jia X, et al. Procoagulant role of
neutrophil extracellular traps in patients with gastric cancer. Int J Clin Exp Pathol
(2015) 8(11):14075-86.

40. Zhang R, Li L, Chen L, Suo Y, Fan J, Zhang S, et al. MAP7 interacts with
RC3H1 and cooperatively regulate cell-cycle progression of cervical cancer cells via

Frontiers in Oncology

16

10.3389/fonc.2022.1094248

activating the NF-«B signaling. Biochem Biophys Res Commun (2020) 527(1):56—
63. doi: 10.1016/j.bbrc.2020.04.008

41. Zhang L, Liu X, Song L, Zhai H, Chang C. MAP7 promotes migration and
invasion and progression of human cervical cancer through modulating the
autophagy. Cancer Cell Int (2020) 20:17. doi: 10.1186/512935-020-1095-4

42. Lin L, Yee SW, Kim RB, Giacomini KM. SLC transporters as therapeutic
targets: emerging opportunities. Nat Rev Drug Discovery (2015) 14(8):543-60.
doi: 10.1038/nrd4626

43. Mei J, Hu K, Peng X, Wang H, Liu C. Decreased expression of SLC16A12
mRNA predicts poor prognosis of patients with clear cell renal cell carcinoma. Med
(Baltimore) (2019) 98(30):e16624. doi: 10.1097/md.0000000000016624

44. Xu N, Xiao W, Meng X, Li W, Wang X, Zhang X, et al. Up-regulation of
SLC27A2 suppresses the proliferation and invasion of renal cancer by down-
regulating CDK3-mediated EMT. Cell Death Discovery (2022) 8(1):351.
doi: 10.1038/s41420-022-01145-8

45. Jiang Y, Cao Y, Wang Y, Li W, Liu X, Lv Y, et al. Cysteine transporter
SLC3A1 promotes breast cancer tumorigenesis. Theranostics (2017) 7(4):1036-46.
doi: 10.7150/thno.18005

46. Yaghoubi N, Soltani A, Ghazvini K, Hassanian SM, Hashemy SI. PD-1/PD-
L1 blockade as a novel treatment for colorectal cancer. BioMed Pharmacother
(2019) 110:312-8. doi: 10.1016/j.biopha.2018.11.105

47. Carlino MS, Larkin J, Long GV. Immune checkpoint inhibitors in
melanoma. Lancet (2021) 398(10304):1002-14. doi: 10.1016/s0140-6736(21)
01206-x

48. Braun DA, Hou Y, Bakouny Z, Ficial M, Sant’ Angelo M, Forman J, et al.
Interplay of somatic alterations and immune infiltration modulates response to
PD-1 blockade in advanced clear cell renal cell carcinoma. Nat Med (2020) 26
(6):909-18. doi: 10.1038/541591-020-0839-y

49. Rotte A. Combination of CTLA-4 and PD-1 blockers for treatment of
cancer. ] Exp Clin Cancer Res (2019) 38(1):255. doi: 10.1186/s13046-019-
1259-z

50. Roviello G, Corona SP, Nesi G, Mini E. Results from a meta-analysis of
immune checkpoint inhibitors in first-line renal cancer patients: does PD-L1
matter? Ther Adv Med Oncol (2019) 11:1758835919861905. doi: 10.1177/
1758835919861905

frontiersin.org


https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1093/nar/gkv007
https://CRAN.R-project.org/package=forestplot
https://CRAN.R-project.org/package=forestplot
https://doi.org/10.1038/s41585-019-0211-5
https://doi.org/10.1038/s41585-019-0211-5
https://doi.org/10.1016/j.ctrv.2018.07.009
https://doi.org/10.1016/j.ccell.2021.03.007
https://doi.org/10.3389/fimmu.2022.1027459
https://doi.org/10.1161/atvbaha.117.309002
https://doi.org/10.1161/atvbaha.116.307634
https://doi.org/10.1016/j.bbrc.2020.04.008
https://doi.org/10.1186/s12935-020-1095-4
https://doi.org/10.1038/nrd4626
https://doi.org/10.1097/md.0000000000016624
https://doi.org/10.1038/s41420-022-01145-8
https://doi.org/10.7150/thno.18005
https://doi.org/10.1016/j.biopha.2018.11.105
https://doi.org/10.1016/s0140-6736(21)01206-x
https://doi.org/10.1016/s0140-6736(21)01206-x
https://doi.org/10.1038/s41591-020-0839-y
https://doi.org/10.1186/s13046-019-1259-z
https://doi.org/10.1186/s13046-019-1259-z
https://doi.org/10.1177/1758835919861905
https://doi.org/10.1177/1758835919861905
https://doi.org/10.3389/fonc.2022.1094248
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Neutrophil extracellular traps-associated modification patterns depict the tumor microenvironment, precision immunotherapy, and prognosis of clear cell renal cell carcinoma
	Introduction
	Methods
	Data collection and processing
	Exploration of the genetics and biological significance of NET genes in KIRC
	Unsupervised clustering analysis
	Gene set variation analysis
	The immune infiltration landscape of the ccRCC cohort
	Calculation of NET score (NET-scores)
	Prognosis, enrichment analysis, genetic alterations, chemokines, immune exploration, and clinical feature analysis based on NET-scores
	Expression levels of immune checkpoints, immunotherapy response, and drug sensitivity of patients in different NET-score groups
	Online analysis
	Cell culture and RT-PCR
	Statistical analysis

	Results
	Expression and prognostic values of NET-related genes in the TCGA-KIRC
	Identification of NET-related gene subtypes in the ccRCC cohort
	Characteristics of TME in different subtypes
	Identification of gene clusters based on DEGs
	Calculation of the NET scores, and evaluation of TME and chemokines in different risk groups
	Clinical characteristics of the NET-scores and functional enrichment between different subtypes
	Evaluation of checkpoints and immunotherapeutic benefit between the high- and low-NET-score groups
	Pathway activity and drug sensitivity analysis
	Genetic mutations of two NET-score groups, landscape, and validation of core genes

	Discussion
	Data availability statement
	Author contributions
	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 /LeaveColorUnchanged
  /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


