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Background: The upregulation of amino acid metabolism is an essential form
of metabolic reprogramming in cancer. Here, we developed an amino acid
metabolism signature to predict prognosis and anti-PD-1 therapy response in
clear cell renal cell carcinoma (ccRCC).

Methods: According to the amino acid metabolism-associated gene sets
contained in the Molecular Signature Database, consensus clustering was
performed to divide patients into two clusters. An amino acid metabolism-
associated signature was identified and verified. Immune cell infiltrates and
their corresponding signature risk scores were investigated. Two independent
cohorts of clinical trials were analyzed to explore the correspondence between
the signature risk score and the immune therapy response.

Results: Two clusters with different amino acid metabolic levels were identified
by consensus clustering. The patients in the two clusters differed in overall
survival, progression-free survival, amino acid metabolic status, and tumor
microenvironment. We identified a signature containing eight amino acid
metabolism-associated genes that could accurately predict the prognosis of
patients with ccRCC. The signature risk score was positively correlated with
infiltration of M1 macrophages, CD8+ T cells, and regulatory T cells, whereas it
was negatively correlated with infiltration of neutrophils, NK cells, and CD4+ T
cells. Patients with lower risk scores had better overall survival but worse
responses to nivolumab.

Conclusion: Amino acid metabolic status is closely correlated with tumor
microenvironment, response to checkpoint blockade therapy, and prognosis in
patients with ccRCC. The established amino acid metabolism-associated gene
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signature can predict both survival and anti-PD-1 therapy response in patients

with ccRCC.
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Introduction

Renal cell carcinoma (RCC) refers to cancer that originates
from the renal epithelium. As one of the most common cancers
worldwide, RCC accounts for more than 140,000 cancer-related
deaths annually (1). RCC has a higher incidence in developed
countries and in men (2). It encompasses more than 10 subtypes,
among which the most common is clear-cell renal cell carcinoma
(ccRCC), contributing to the majority of kidney cancer-related
deaths (3). However, robust predictive biomarkers for prognosis
and rational treatment choices for ccRCC are lacking.

Increasing evidence has indicated a role for metabolic
reprogramming in many types of cancers (4), including ccRCC
(5). In addition to diverting glucose metabolism, amino acid
metabolic reprogramming is important in cancer development.
Amino acids are not only essential nutritional substrates and
sources of energy for tumor cells but also associated with the
metabolism of glucose, lipids, and nucleotides, making them
vital for tumor proliferation, invasion, and metastasis. Normal
cells have lower amino acid requirements than tumor cells; this
difference contributes to the metabolic vulnerability of
malignant cells and provides a principle for amino acid
depletion therapy (6). However, the efficacy of amino acid
depletion therapy is highly dependent on the tumor
microenvironment (7). Therefore, the amino acid status of
tumor cells may correlate with immune cell infiltrates and has
great potential in tumor therapy (6).

Several studies have found a close correlation between the
expression of amino acid metabolism-associated genes and
various types of cancers, including gliomas (8), breast cancer
(9), and hepatocellular carcinoma (10), supporting the
importance of amino acid metabolism in cancer. In ccRCC,
previous studies found that except for glucose and fatty acid
metabolism, the metabolism of amino acids, including
tryptophan, ornithine, arginine, citrulline, and glutamine, is
also reprogrammed (5). However, an amino acid metabolism-
associated gene set has not been systematically studied in ccRCC.

Therefore, in the current study, we aimed to conduct
systematic and comprehensive research on amino acid
metabolic features in ccRCC and establish a reliable prognostic
model to predict the clinical outcomes of ccRCC and help make
appropriate therapeutic decisions.
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Methods
Dataset collection

The clinical, pathological, and transcriptome data of patients
with ¢ccRCC were obtained from The Cancer Genome Atlas
(TCGA) data portal (https://portal.gdc.cancer.gov/).
Additionally, according to the cBioPortal online database
(http://www.cbioportal.org/), a validation cohort (n=446) was
established and confirmed the results (11).

Consensus clustering and
enrichment analysis

Three amino acid metabolism-associated gene sets (amino acid
metabolic process, modified amino acid metabolic process, and
amino acid and derivative metabolic process) were obtained from
the Molecular Signature Database (http://www.broad.mit.edu/gsea/
msigdb/) (12). After removing overlapping genes, we retrieved an
amino acid metabolism-associated gene set of 460 genes
(Supplementary Material 1). We conducted a consensus clustering
algorithm using the R package “ConsensusClusterPlus” (13). The
most differentially expressed genes (DEGs) between the two clusters
were visualized by the “pheatmap” R package. Moreover, to better
understand the underlying functions of the potential targets, the R
package “ClusterProfiler” was utilized for enrichment analysis. Using
the R packages “survival,” survival curves were generated. Using chi-
square tests or Fisher’s exact tests for categorical variables according
to the theoretical frequency and Student’s t-tests for continuous
variables, clinical and pathological characteristics were compared.

Gene signature identification

To identify the key amino acid metabolic genes associated
with ccRCC, we first screened the genes correlated with tumor
prognosis using univariate COX methods. Then, using the
“glmnet” R package, the least absolute shrinkage and selection
operator (LASSO) Cox regression algorithm was performed and
finally followed by multivariate COX proportional hazards
regression analysis, resulting in an identification of eight genes.
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A nomogram was then established through the “rms” and
“survival” R packages. Furthermore, we verified the signature
using the data from the cBioPortal datasets (14). The web server
GEPIA was employed to analyze the Kaplan-Meier curves of the
eight signature genes (15).

Amino acid signature predicted tumor
response to nivolumab

RNA-seq and survival data were obtained and analyzed from
previous clinical trials, including NCT01668784 (a phase III
clinical study comparing everolimus and nivolumab in patients
with previously treated metastatic ccRCC, CheckMate025) and
NCT01354431 (a phase II study of nivolumab in patients with
metastatic ccRCC, CheckMate 010) (16). Based on tumor
shrinkage after therapy, patients were divided into clinical
benefit (CB), intermediate clinical benefit (ICB), and no
clinical benefit (NCB) groups. Subsequent analyses of patients
with ICB in the CB group were conducted. We investigated the
CB/NCB ratio in patients with high- or low-risk score and the
prognosis of patients who underwent anti-PD-1
therapy (nivolumab).

Results

Patient information collection and
consensus clustering

We established a cohort of 530 patients according to TCGA-
ccRCC data, which included RNA sequencing data and clinical
and pathological information, for the following analysis. Three
amino acid metabolism-associated gene sets were retrieved, and
460 genes were identified after removing the overlapping genes
(Supplementary Material 1).

A consensus clustering algorithm was utilized to classify
patients with ccRCC into clusters with isolated amino acid
metabolic status. Two different clusters (cluster 1 and cluster
2) were identified using the optimal grouping method, according
to the empirical cumulative distribution function (CDF) plot
(Supplementary Material 2), consensus clustering matrix
(Figure 1A; Supplementary Material 3), and principal
component analysis (Figure 1B). The overall survival (OS) of
patients from cluster 1 was significantly longer (hazard ratio
[HR]: 0.448, 95% confidence interval [CI]:0.331-0.607, P<0.001,
Figure 1C), and similar better progression-free survival (PFS)
was also observed in cluster 1 (HR: 0.441, 95% CI: 0.3-0.564,
P<0.001, Figure 1D). A heatmap of amino acid metabolic gene
expression between the two clusters is shown in Supplementary
Material 4A, indicating that the two clusters were significantly
different in amino acid metabolic status.

Frontiers in Oncology

03

10.3389/fonc.2022.970208

To investigate the differences between the clusters, their
clinical and pathological characteristics were explored
(Table 1). The two clusters differed in survival status
(P<0.001), sex (P=0.025), lymph node metastasis (P=0.007),
tumor stage (P<0.001), and histological grade (P<0.001),
implying that amino acid metabolism may correlate with these
clinicopathological features.

Enrichment analysis

We identified DEGs in the two clusters and conducted
enrichment analysis to investigate the underlying mechanism
and pathway difference-correlated amino acid metabolism. The
top DEGs between the two clusters were analyzed using a
heatmap (Supplementary Material 4B). The most upregulated
genes were SLC27A2, LRP2, and DDC, whereas the most
downregulated genes were TRNPI, TMEMI58, and
BDKRBI (Figure 1E).

Setting the adjusted P-value and fold-change threshold at
0.05 and 1.5, we then performed Gene Ontology (GO)/Kyoto
Encyclopedia of Genes and Genomes (KEGG) analysis.
Signaling pathway enrichment verified the different amino acid
metabolism statuses between the two clusters, and the amino
acid metabolism of cluster 1 was activated (Supplementary
Material 5A). GO enrichment analysis showed similar results,
with upregulated genes in cluster 1 being strongly associated
with amino acid metabolism. Other relevant signaling pathways
were mainly enriched in carboxylic acid transport, organic acid
transport, and small-molecule catabolic processes (Figure 1F).
DEGs upregulated in cluster 2 were majorly enriched in
extracellular structure organization, negative regulation of
hydrolase activity, and several immune terms, including
positive regulation of granulocyte chemotaxis, positive
regulation of neutrophil migration, positive regulation of
neutrophil chemotaxis, and acute inflammatory response
(Figure 1G). In the KEGG pathway analysis, we found that the
DEGs were mainly enriched in human papillomavirus infection,
cytokine-cytokine receptor interactions, and immune-
associated pathways, which involve the IL-17 signaling
pathway and phagosomes (Supplementary Material 5B). These
results revealed that the activation of amino acid metabolic
processes was a feature of cluster 1, whereas the upregulation
of tumor-related immunogenicity may be an important
characteristic of cluster 2.

Next, drug sensitivity between the two clusters was
estimated. Patients with different amino acid metabolic status
also exhibited different ICs, scores of pazopanib, sunitinib, and
sorafenib (Supplementary Material 6) for ccRCC, implying that
amino acid metabolism may affect the efficacy of these targeted
drugs. However, these conclusions require further verification
with clinical drug trials.
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FIGURE 1

Consensus clustering analysis to identify the genomic subtype of ccRCC based on an amino acid metabolism-associated gene set. (A) Consensus
clustering matrix of 530 samples from TCGA dataset for k=2. (B) PCA distinguishing patients’ risk groups. Kaplan—Meier curve of overall survival (C)
and progression free survival (D) of patients with ccRCC in two clusters. (E) Volcano plot of DEGs between two clusters with different metabolic
statuses. The red and blue points represent up- and downregulated genes with statistical significance, respectively. (F) GO analysis of DEGs that
were upregulated in cluster 1. (G) GO analysis of DEGs that were downregulated in cluster 1. PCA, principal component analysis; DEG, differentially

expressed genes.

Signature development

After revealing that amino acid metabolism was correlated
with prognosis of patients with ¢ccRCC, an amino acid
metabolism-associated gene signature was developed to
identify key amino acid metabolic genes and better predict
prognosis. Using the univariate Cox regression method, we
identified 166 of the 460 genes that were significantly
correlated with ccRCC prognosis (P<0.001). The LASSO
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algorithm was used, and 25 amino acid metabolism-correlated
genes were identified, namely ASNS, CARS1, SLC7A5, ACADSB,
DMGDH, GFPT2, CRAT, PYCRI, RIMKLA, HMGCLLI,
BCKDHA, MARS1, LARS2, ILVBL, SARS2, ACADL, FOXEI,
CARS2, GCNT4, IYD, COLQ, MCCC2, VNN3, DPEPI, and
NOS3 (Figure 2A, B). Finally, the Cox coefficient was
calculated using a multivariate Cox regression analysis
(Figure 2C). We obtained the following signature with eight
amino acid metabolic genes: risk score= (-0.151 x RIMKLA

04
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TABLE 1 Clinicopathological feathers between the two clusters.

Characteristics Cluster 1 Cluster2 P value
Survival status <0.001
Alive 276 81
Dead 101 72
Sex 0.025
Female 144 42
Male 233 111
Race 0.519
Asian 6 2
Black 36 20
White 328 131
Lymph node metastasis 0.007
NO 168 71
N1 6 10
NX 203 72
Metastasis <0.001
Mo 329 111
M1 43 37
MX 5 5
Tumor stage <0.001
I 211 54
II 40 17
11 81 42
v 44 38
Pathological grade <0.001
Gl 13 1
G2 179 48
G3 153 53
G4 29 46
GX 0 5

level) + (-0.378x HMGCLLI level) + (1.032x MARSI level) +
(-0.398x LARS2 level) + (0.284x FOXEI level) + (-0.227x
GCNTH4 level) + (-0.324x IYD level) + (0.277x COLQ level).

According to the risk score calculated using the developed
signature, patients with ccRCC could be classified as high or low
risk (Figure 2D). Survival curves showed that the OS was
significantly different between patients with high- and low-risk
scores (Figure 2E, P<0.001), with 1-, 3-, and 5-year OS AUCs of
0.801, 0.760, and 0.772, respectively (Figure 2F). Moreover, we
used an independent cBioPortal cohort as a validation set to
validate the predictive value of the amino acid metabolic
signature. Risk score-based survival curves showed similar
trends, and a significantly worse OS was observed in the high-
risk group than in the low-risk group (Figure 3F, P<0.001). In
the validation cohort, the AUCs for the 1-, 3-, and 5-year OS
were 0.763, 0.720, and 0.725, respectively (Figure 3G).

We then established a nomogram containing the available
clinical and pathological characteristics and calculated the
signature risk score (Figure 3A). The accuracy of this
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nomogram was verified using calibration curves of the 1-
(Figure 3B), 3- (Figure 3C), and 5-year survival rates
(Figure 3D). The correlation between signature risk scores and
clinicopathological characteristics was determined using a
Sankey diagram (Figure 3E). Multivariate Cox regression
analyses were also conducted, and the predictive signature
served as an independent prognostic risk factor (HR: 2.581;
95% CI: 1.786-3.732, P<0.001).

High-risk patients are correlated
with increased response to
anti-PD-1 immunotherapy

Based on the sequencing and prognostic data of 156 patients
with advanced ccRCC, we found that patients with a higher risk
score of the amino acid metabolic signature had a higher
proportion of CB to anti-PD-1 immunotherapy (nivolumab)
than patients with lower risk scores (Figure 4A, P=0.035). We
found that patients in the high-risk score group tended to have a
worse OS and PFES. However, when they received anti-PD-1
immunotherapy, the high-risk score group had a similar OS
(HR: 0.77, 95% CI: 0.54-1.10, P=0.147, Figure 4B) and longer
PFS (HR: 0.63, 95% CI: 0.46-0.87, P=0.005, Figure 4C)
compared with the low-risk score group. We also found a
strong correlation between the signature risk score and
immune microenvironment according to TCGA datasets
(Figure 5A) and data from clinical trials of 156 patients with
advanced ccRCC (Figure 5B). The signature risk score was
positively correlated with the infiltration of M1 macrophages,
CD8+ T cells, and T-cell regulatory cells, whereas it was
negatively correlated with neutrophils, NK cells, and T-cell
CD4+ cells based on TCGA data. In the 156 patients with
advanced ccRCC, the signature risk score was significantly
correlated with the infiltration of CD8+ T cells (Cor: 0.185,
P=0.013), resting memory of CD4+ T cells (Cor: -0.264,
P<0.001), follicular helper T cells (Cor: 0.214, P=0.004),
gamma delta T cells (Cor: 0.219, P=0.003), activated NK cells
(Cor: 0.331, P<0.001), resting dendritic cells (Cor: -0.271,
P<0.001), resting mast cells (Cor: -0.354, P<0.001), and
leukocytes (Cor: 0.164, P=0.028).

Differences in gene expression

The different expression patterns between normal and tumor
tissues of the eight genes involved in the signature were explored
at the mRNA (Figure 4D) and protein levels (Figure 4E). Based
on the Human Protein Atlas (HPA) cohort, among the eight
amino acid metabolism-associated genes, we found that the
expression of RIMKLA, MARSI, LARS2, GCNT4, and IYD was
different between normal tissue and ccRCC at the protein level.
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FIGURE 2

The prognostic signature was established based on eight prognostic amino acid metabolism-associated genes. (A) LASSO coefficient profiles of
the genes associated with the amino acid metabolism of ccRCC. (B) Partial likelihood deviance is plotted versus log (A). (C) Forest plot of
multivariate COX analysis of eight genes involved in the signature. (D) The risk score of each sample based on the amino acid metabolism-
associated signature. Patients were divided into low- and high-risk groups according to the median value of the risk score. The high/low
expression of eight genes that were involved in the prognostic signature are shown in red/blue in each sample. (E) Kaplan—Meier curve of
overall survival differences stratified by signature risk score. (F) The ROC curves of the signature for overall survival at 1, 3, and 5 years. LASSO,
least absolute shrinkage and selection operator; ROC, receiver operating characteristic.

Survival analysis of the eight genes was performed

(Supplementary Material 7).

Discussion

Metabolic reprogramming is a hallmark of cancer (17). In
addition to the well-described Warburg effect, namely enhanced
glycolysis (18), the regulation of amino acid metabolism is
another crucial reprogrammed metabolic pathway in cancer
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(4). For example, glutamine upregulation is crucial for cancer
cells. Glutamine is not only an essential nutritional resource for
cancer cells but also provides nitrogen atoms to synthesize
hexosamines, nucleotides, and amino acids, promoting the
survival and growth of cancer cells (19). Another example is
the expression of asparagine synthetase, which is correlated with
worse prognosis in glioma and neuroblastoma, mainly because
of the increasing need for protein synthesis in rapidly
proliferating cancer cells (20). L-Asparaginase has been used
in cancer therapy (21). Therefore, the selective inhibition of
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FIGURE 3

Construction of a nomogram and independent signature validation. (A) Nomogram for predicting 1-, 3-, or 5-year OS in patients with ccRCC.
(B) The calibration plots for predicting 1-year OS. (C) The calibration plots for predicting 3-year OS. (D) The calibration plots for predicting 5-
year OS. E Sankey diagram showing the association between signature risk scores and clinicopathological characteristics. (F) Validation of the
signature in overall survival based on data from the cBioPortal online database. (G) The ROC curves of the signature validation for overall
survival at 1, 3, and 5 years. OS, overall survival; ROC, receiver operating characteristic.

amino acid metabolism has shown promising potential in cancer
therapy (7).

In ccRCC, in addition to the well-established Warburg effect,
a glutamine-dependent pathway, namely reductive
carboxylation, has been observed (22). Additionally, the
metabolism of tryptophan and arginine has been
reprogrammed in ¢ccRCC (5). In the current study, according
to TCGA and cBioPortal sequencing and clinicopathological
data, we revealed, for the first time, that the expression of amino
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acid metabolism-associated genes was significantly associated
with the progression and prognosis of ccRCC, similar to findings
in other types of cancer, including gliomas, breast cancer, and
hepatocellular carcinoma, as reported previously (8-10). Our
findings confirm the vital role of amino acid metabolism
in ccRCC.

GO/KEGG enrichment analysis demonstrated that amino
acid metabolism may have an impact on immune and
inflammatory responses, suggesting a crosstalk between the
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Normal

FIGURE 4

progress free survival. ***p < 0.001.

amino acid metabolic status and the tumor immune
microenvironment. Emerging evidence suggests that amino
acid metabolism is associated with immune regulation in
patients with ccRCC. For instance, a previous study found that
the level of tryptophan is decreased in ccRCC, while the levels of
kynurenine and quinolinate are increased, indicating an
enhanced utilization of tryptophan (23). Considering the
immunosuppressive effects of kynurenine and quinolinate, the
regulation of tryptophan leads to the suppression of the immune
system and facilitates cancer growth. Further analyses revealed
that the signature risk score was significantly correlated with
CD8+ T-cell infiltration. A high level of tumor CD8+ T-cell
infiltration reportedly correlates with worse prognosis in
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patients with ccRCC (24), possibly explaining the worse
prognosis observed in patients with higher risk scores.

ccRCC is one of the most highly immune-infiltrated solid
tumors (25). Rich leukocyte infiltration is a key characteristic of
ccRCC, including CD8+ T, CD4+ T, NK, and myeloid cells with
characteristics of macrophages and neutrophils (26). Despite
robust T-cell infiltration, ccRCC continues to progress. In
addition, high T-cell levels were not associated with a good
prognosis for ccRCC. One rational explanation for this
phenomenon is that many T cells are immunosuppressed
phenotypes (27).

Another important finding of the current study was that the
amino acid metabolism-associated gene signature can also
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predict the response to checkpoint blockade therapy; specifically,
patients with a higher risk score for the amino acid metabolic
signature had a better response to anti-PD-1 immunotherapy,
except for an increased infiltration of CD8+ T cells. The response
to checkpoint blockade therapy has been widely reported to
correlate with microenvironment features, especially increased
T-cell infiltration (28). A previous study demonstrated that
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Signature and immune cell infiltrates. (A) Correlation of immune cell infiltrates with risk score according to TCGA datasets. (B) Immune cell
infiltration in patients receiving nivolumab therapy of two clinical trials.

sufficient T-cell infiltration in tumor tissues is a prerequisite
for the response to PD-L1 blockade (29). A previous study on
ccRCC found that the interplay between somatic alterations and
immune infiltration could regulate the response to PD-1
blockade therapy (16). This finding further confirms the
observed close correlation between amino acid metabolism
and immune regulation. Although checkpoint blockade
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therapy is beneficial for many patients with ccRCC (30), a large
proportion of patients still respond poorly to checkpoint
blockade therapy (31). To date, reliable biomarkers for
responses to checkpoint blockade in patients with ccRCC are
lacking. Therefore, the signature established in the current study
offers a potential tool for predicting the patient response to
checkpoint blockade therapy.

Owing to the strong correlation between the amino acid
metabolic status and clinical and pathological characteristics in
patients with ccRCC, we developed an amino acid metabolism-
associated signature to identify high- or low-risk groups with
different amino acid metabolic status. In the current study, a
signature involving eight genes showed potent efficiency in
predicting prognosis. Among these eight genes, we found that
the expression of RIMKLA, MARS1, LARS2, GCNT4, and IYD
was significantly different between ccRCC and normal tissues.
RIMKLA, the ribosomal modification protein rimK-like family
member A gene, encodes an N-acetylaspartylglutamate
synthetase that synthesizes the N-acetylated tripeptide N-
acetylaspartylglutamylglutamate (32). MARSI encodes
methionyl-transfer RNA synthetase 1, which is an essential
translation factor. Pathogenic mutations in MARSI can cause
trichothiodystrophy, a rare hereditary neurodevelopmental
disorder characterized by sulfur-deficient brittle hair, nails,
and scaly skin (33). High expression of methionyl-transfer
RNA synthetase reportedly has a poor prognosis in breast
cancer (34). LARS2 encodes mitochondrial leucyl-transfer
RNA synthetase, which attaches leucine to its cognate tRNA.
Biallelic pathogenic variants of LARS2 can cause a wide
phenotypic spectrum, including deafness, ovarian failure,
leukodystrophy, and lactic acidosis due to mitochondrial
function impairment (35, 36). Variants in LARS2 have also
been found to correlate with the risk of type 2 diabetes (37).
Previous studies have indicated that LARS2 plays a role in
various types of cancer, including non-small cell lung cancer
(38), gastric cancer (39), and acute myelocytic leukemia (40).
GCNT4 encodes subunit 4 of glucosaminyl N-acetyl
transferase. Previous studies have reported decreased
expression of GCNT4 in gastric cancer tissues (41). Further
studies have revealed that overexpression of GCNT4 can
prevent the growth of gastric cancer cells by regulating the
TGF-B1/SMAD3 pathway (42). IYD encodes iodotyrosine
deiodinase, which reportedly has a suppressive effect on
hepatocellular carcinoma cells by inhibiting cell glycolysis
(43).
mechanisms by which these genes affect ccRCC.

Further studies are needed to determine the exact

The current study had some limitations. First, few patients
with higher tumor grades and pathologic stages were included in
the clinical trial cohort, which may have resulted in the limited
prognostic value of the signature in these patients. Second, we
conducted most analyses at the transcriptomic level, and further
protein-level analysis that is crucial needs to be conducted.
Third, our findings were mainly based on data from the
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cBioPortal and TCGA datasets. Other independent cohorts
having great value need to be validated.

In conclusion, our study revealed that the amino acid
metabolic status is closely correlated with the immune
microenvironment, response to checkpoint blockade therapy,
and prognosis of patients with ccRCC. The amino acid
metabolism-associated gene signature established in the
current study can be used to predict not only the survival of
patients with ccRCC but also the potential response to
checkpoint blockade therapy, which can benefit patients in
making an appropriate management choice.

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

FZ and JL wrote the main manuscript text. Study was
designed by XW and ZL. Data analysis were done by FZ, JL
and DZ. FZ and JL prepared figures and tables. All authors
contributed to the article and approved the submitted version.

Funding

This work was supported by grants from the Sichuan Science
and Technology Program [grant number 2019YJ0133,
2021YFS0071]; Chengdu Science and Technology Program
[grant number 2019-YF05-00084-SN]; The funders had no
role in study design, data collection or analysis, preparation of
the manuscript, or the decision to publish.

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

frontiersin.org


https://doi.org/10.3389/fonc.2022.970208
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhang et al.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fonc.2022.970208/full#supplementary-material

SUPPLEMENTARY MATERIAL 1
An amino acid metabolism-associated gene set containing 460 genes.

SUPPLEMENTARY MATERIAL 2
CDF plot of consensus clustering for k = 2 to k = 6. CDF: Cumulative
distribution function.

SUPPLEMENTARY MATERIAL 3
Consensus clustering matrix of 530 samples from TCGA dataset for k =3
(A), 4 (B), 5 (C), and 6 (D)

References

1. Fitzmaurice C, Dicker D, Pain A, Hamavid H, Moradi-Lakeh M, MacIntyre
M, et al. The global burden of cancer 2013. JAMA Oncology (2015) 1(4):505-27.
doi: 10.1001/jamaoncol.2015.0735

2. Jonasch E, Gao ], Rathmell W]B. Renal cell carcinoma. BMJ (Clinical research
ed) (2014) 349:4797. doi: 10.1136/bmij.g4797

3. Hsieh J, Purdue M, Signoretti S, Swanton C, Albiges L, Schmidinger M, et al.
Renal cell carcinoma. Nature Reviews Disease Primers (2017) 3:17009. doi: 10.1038/
nrdp.2017.9

4. Boroughs L, DeBerardinis R]. Metabolic pathways promoting cancer cell
survival and growth. Ncb (2015) 17(4):351-9. doi: 10.1038/ncb3124

5. Wettersten H, Aboud O, Lara P, Weiss RINrN. Metabolic reprogramming in
clear cell renal cell carcinoma. Nature Reviews Nephrology (2017) 13(7):410-9. doi:
10.1038/nrneph.2017.59

6. Butler M, van der Meer LT, van Leeuwen FN. Amino acid depletion
therapies: Starving cancer cells to death. Trends Endocrinol Metab (2021) 32
(6):367-81. doi: 10.1016/j.tem.2021.03.003

7. Jones CL, Stevens BM, D'Alessandro A, Reisz JA, Culp-Hill R, Nemkov T,
et al. Inhibition of amino acid metabolism selectively targets human
leukemia stem cells. Cancer Cell (2018) 34(5):724-740.e4. doi: 10.1016/
j.ccell.2018.10.005

8. Liu Y, Chai R, Wang Y, Wang Z, Liu X, Wu F, et al. Amino acid metabolism-
related gene expression-based risk signature can better predict overall survival for
glioma. Cancer Science (2019) 110(1):321-33. doi: 10.1111/cas.13878

9. Zhao Y, Pu C, Jiao D, Zhu J, Guo X, Liu ZJE. Essential amino acid
metabolism-related molecular classification in triple-negative breast cancer.
Epigenomics (2021) 13(16):1247-68. doi: 10.2217/epi-2021-0210

10. Zhao Y, Zhang J, Wang S, Jiang Q, Xu K. Identification and validation of a
nine-gene amino acid metabolism-related risk signature in HCC. Frontiers in Cell
Developmental Biology (2021) 9:731790. doi: 10.3389/fcell.2021.731790

11. Gao J, Aksoy BA, Dogrusoz U, Dresdner G, Gross B, Sumer SO, et al.
Integrative analysis of complex cancer genomics and clinical profiles using the
cBioPortal. Sci Signal (2013) 6(269):pll. doi: 10.1126/scisignal.2004088

12. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, et al. Gene set enrichment analysis: A knowledge-based approach for
interpreting genome-wide expression profiles. Proc Natl Acad Sci U.S.A. (2005)
102(43):15545-50. doi: 10.1073/pnas.0506580102

13. Zhang F, Liang J, Feng D, Liu S, Wu J, Tang Y, et al. Integrated analysis of
energy metabolism signature-identified distinct subtypes of bladder urothelial
carcinoma. Front Cell Dev Biol (2022) 10:814735. doi: 10.3389/fcell.2022.814735

14. Creighton CJ, Morgan M, Gunaratne PH, Wheeler DA, Gibbs RA.
Comprehensive molecular characterization of clear cell renal cell carcinoma.
Nature (2013) 499(7456):43-9. doi: 10.1038/nature12222

15. Tang Z, Li C, Kang B, Gao G, Li C, Zhang Z. GEPIA: a web server for cancer
and normal gene expression profiling and interactive analyses. Nucleic Acids Res
(2017) 45(W1):W98-w102. doi: 10.1093/nar/gkx247

16. 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

Frontiers in Oncology

11

10.3389/fonc.2022.970208

SUPPLEMENTARY MATERIAL 4

(A) Heatmap of amino acid metabolism-associated gene expression in
different clusters. Red represents high gene expression, and blue
represents low expression. (B) Heatmap of the top 50 up- and
downregulated genes with the most differential changes in two clusters.

SUPPLEMENTARY MATERIAL 5

KEGG analysis of DEGs that were up- (A) and down- (B) regulated in
cluster 1. KEGG: Kyoto Encyclopedia of Genes and Genomes. DEG:
differentially expressed genes.

SUPPLEMENTARY MATERIAL 6
Chemotherapy resistance to pazopanib, sunitinib and sorafenib of the two
clusters. *p < 0.05, **p < 0.01, ***p < 0.001.

SUPPLEMENTARY MATERIAL 7
Survival curves of eight genes involved in the prognostic signature.

PD-1 blockade in advanced clear cell renal cell carcinoma. Nat Med (2020) 26
(6):909-18. doi: 10.1038/541591-020-0839-y

17. Hanahan D, Weinberg RJC. Hallmarks of cancer: The next generation. Cell
(2011) 144(5):646-74. doi: 10.1016/.cell.2011.02.013

18. Weinhouse SJS. On respiratory impairment in cancer cells. Science (1956)
124(3215):267-9. doi: 10.1126/science.124.3215.267

19. DeBerardinis R, Cheng TJO. Q's next: the diverse functions of glutamine in
metabolism. Cell Biol Cancer (2010) 29(3):313-24. doi: 10.1038/0nc.2009.358

20. Zhang J, Fan ], Venneti S, Cross JR, Takagi T, Bhinder B, et al. Asparagine
plays a critical role in regulating cellular adaptation to glutamine depletion. Mol
Cell (2014) 56(2):205-18. doi: 10.1016/j.molcel.2014.08.018

21. Avramis VI. Asparaginases: biochemical pharmacology and modes of drug
resistance. JAr (2012) 32(7):2423-37.

22. Mullen A, Wheaton W, Jin E, Chen P, Sullivan L, Cheng T, et al. Reductive
carboxylation supports growth in tumour cells with defective mitochondria. Nature
(2011) 481(7381):385-8. doi: 10.1038/nature10642

23. Wettersten H, Hakimi A, Morin D, Bianchi C, Johnstone M, Donohoe D,
et al. Grade-dependent metabolic reprogramming in kidney cancer revealed by
combined proteomics and metabolomics analysis. Cancer Res (2015) 75(12):2541—
52. doi: 10.1158/0008-5472.CAN-14-1703

24. Remark R, Alifano M, Cremer I, Lupo A, Dieu-Nosjean M, Riquet M, et al.
Characteristics and clinical impacts of the immune environments in colorectal and
renal cell carcinoma lung metastases: influence of tumor origin. Clin Cancer Res
(2013) 19(15):4079-91. doi: 10.1158/1078-0432.CCR-12-3847

25. Ricketts C, De Cubas A, Fan H, Smith C, Lang M, Reznik E, et al. The cancer
genome atlas comprehensive molecular characterization of renal cell carcinoma.
Cell Rep (2018) 23(1):313-326.¢5. doi: 10.1016/j.celrep.2018.03.075

26. Kopecky O, Lukesova S, Vroblova V, Vokurkova D, Moravek P, Safranek H,
et al. Phenotype analysis of tumour-infiltrating lymphocytes and lymphocytes in
peripheral blood in patients with renal carcinoma. Acta Medica (Hradec Kralove)
(2007) 50(3):207-12. doi: 10.14712/18059694.2017.84

27. Giraldo N, Becht E, Pages F, Skliris G, Verkarre V, Vano Y, et al.
Orchestration and prognostic significance of immune checkpoints in the
microenvironment of primary and metastatic renal cell cancer. Clin Cancer Res
(2015) 21(13):3031-40. doi: 10.1158/1078-0432.CCR-14-2926

28. Mariathasan S, Turley SJ, Nickles D, Castiglioni A, Yuen K, Wang Y, et al.
TGEF attenuates tumour response to PD-L1 blockade by contributing to exclusion
of T cells. Nature (2018) 554(7693):544-8. doi: 10.1038/nature25501

29. Tang H, Wang Y, Chlewicki LK, Zhang Y, Guo J, Liang W, et al. Facilitating
T cell infiltration in tumor microenvironment overcomes resistance to PD-L1
blockade. Cancer Cell (2016) 30(3):500. doi: 10.1016/j.ccell.2016.08.011

30. Braun D, Bakouny Z, Hirsch L, Flippot R, Van Allen E, Wu C, et al. Beyond
conventional immune-checkpoint inhibition - novel immunotherapies for renal
cell carcinoma. Nat Rev Clin Oncol (2021) 18(4):199-214. doi: 10.1038/s41571-020-
00455-z

31. Diaz-Montero C, Rini B, Finke JJNrN. The immunology of renal cell
carcinoma. JNrN (2020) 16(12):721-35. doi: 10.1038/s41581-020-0316-3

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2022.970208/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.970208/full#supplementary-material
https://doi.org/10.1001/jamaoncol.2015.0735
https://doi.org/10.1136/bmj.g4797
https://doi.org/10.1038/nrdp.2017.9
https://doi.org/10.1038/nrdp.2017.9
https://doi.org/10.1038/ncb3124
https://doi.org/10.1038/nrneph.2017.59
https://doi.org/10.1016/j.tem.2021.03.003
https://doi.org/10.1016/j.ccell.2018.10.005
https://doi.org/10.1016/j.ccell.2018.10.005
https://doi.org/10.1111/cas.13878
https://doi.org/10.2217/epi-2021-0210
https://doi.org/10.3389/fcell.2021.731790
https://doi.org/10.1126/scisignal.2004088
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.3389/fcell.2022.814735
https://doi.org/10.1038/nature12222
https://doi.org/10.1093/nar/gkx247
https://doi.org/10.1038/s41591-020-0839-y
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1126/science.124.3215.267
https://doi.org/10.1038/onc.2009.358
https://doi.org/10.1016/j.molcel.2014.08.018
https://doi.org/10.1038/nature10642
https://doi.org/10.1158/0008-5472.CAN-14-1703
https://doi.org/10.1158/1078-0432.CCR-12-3847
https://doi.org/10.1016/j.celrep.2018.03.075
https://doi.org/10.14712/18059694.2017.84
https://doi.org/10.1158/1078-0432.CCR-14-2926
https://doi.org/10.1038/nature25501
https://doi.org/10.1016/j.ccell.2016.08.011
https://doi.org/10.1038/s41571-020-00455-z
https://doi.org/10.1038/s41571-020-00455-z
https://doi.org/10.1038/s41581-020-0316-3
https://doi.org/10.3389/fonc.2022.970208
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhang et al.

32. Lodder-Gadaczek], Becker I, Gieselmann V, Wang-Eckhardt L, Eckhardt M. N-
acetylaspartylglutamate synthetase II synthesizes n-acetylaspartylglutamylglutamate.
The Journal of Biological Chemistry (2011) 286(19):16693-706. doi: 10.1074/
jbc.M111.230136

33. Botta E, Theil A, Raams A, Caligiuri G, Giachetti S, Bione S, et al. Protein
instability associated with AARS1 and MARS1 mutations causes
trichothiodystrophy. Human Molecular Genetics (2021) 30(18):1711-20. doi:
10.1093/hmg/ddab123

34. Jin Q, Liu G, Wang B, Li S, Ni K, Wang C, et al. High methionyl-tRNA
synthetase expression predicts poor prognosis in patients with breast cancer. Journal of
Clinical Pathology (2020) 73(12):803-12. doi: 10.1136/jclinpath-2019-206175

35. van der Knaap M, Bugiani M, Mendes M, Riley L, Smith D, Rudinger-ThirionJ,
et al. LARS2Biallelic variants in and cause deafness and (ovario)leukodystrophy.
Neurology (2019) 92(11):e1225-37. doi: 10.1212/wnl.0000000000007098

36. Riley L, Rudinger-Thirion J, Frugier M, Wilson M, Luig M, Alahakoon T,
et al. The expanding LARS2 phenotypic spectrum: HLASA, perrault syndrome
with leukodystrophy, and mitochondrial myopathy. Human Mutation (2020) 41
(8):1425-34. doi: 10.1002/humu.24050

37. 't Hart L, Hansen T, Rietveld I, Dekker J, Nijpels G, Janssen G, et al.
Evidence that the mitochondrial leucyl tRNA synthetase (LARS2) gene represents a
novel type 2 diabetes susceptibility gene. Diabetes (2005) 54(6):1892-5. doi:
10.2337/diabetes.54.6.1892

Frontiers in Oncology

12

10.3389/fonc.2022.970208

38. Yin J, Liu W, Li R, Liu J, Zhang Y, Tang W, et al. IARS2 silencing induces
non-small cell lung cancer cells proliferation inhibition, cell cycle arrest and
promotes cell apoptosis. Neoplasma (2016) 63(1):64-71. doi: 10.4149/
neo_2016_008

39. Fang Z, Wang X, Yan Q, Zhang S, Li YJM. Knockdown of IARS2 suppressed
growth of gastric cancer cells by regulating the phosphorylation of cell cycle-related
proteins. Molecular cellular biochemistry (2018) 443:93-100. doi: 10.1007/s11010-
017-3213-8

40. Guo S, Li B, Xu X, Wang W, Wang S, Lv T, et al. Construction of a 14-
IncRNA risk score system predicting survival of children with acute myelocytic
leukemia. Experimental Therapeutic Medicine (2020) 20(2):1521-31. doi: 10.3892/
etm.2020.8846

41. Sun H, ChangJ, Ye M, Weng W, Zhang M, Ni S, et al. GCNT4 is associated
with prognosis and suppress cell proliferation in gastric cancer. OncoTargets
Therapy (2020) 13:8601-13. doi: 10.2147/OTT.S248997

42. HuW, Zheng X, Liu J, Zhang M, Liang Y, Song MJB. MicroRNA MiR-130a-
3p promotes gastric cancer by targeting glucosaminyl n-acetyl transferase 4
(GCNT4) to regulate the TGF-B1/SMAD3 pathway. Bioengineered (2021) 12
(2):11634-47. doi: 10.1080/21655979.2021.1995099

43. Lu C, Fang S, Weng Q, Lv X, Meng M, Zhu J, et al. Integrated analysis
reveals critical glycolytic regulators in hepatocellular carcinoma. Cell
Communication Signaling : CCS (2020) 18(1):97. doi: 10.1186/s12964-020-00539-4

frontiersin.org


https://doi.org/10.1074/jbc.M111.230136
https://doi.org/10.1074/jbc.M111.230136
https://doi.org/10.1093/hmg/ddab123
https://doi.org/10.1136/jclinpath-2019-206175
https://doi.org/10.1212/wnl.0000000000007098
https://doi.org/10.1002/humu.24050
https://doi.org/10.2337/diabetes.54.6.1892
https://doi.org/10.4149/neo_2016_008
https://doi.org/10.4149/neo_2016_008
https://doi.org/10.1007/s11010-017-3213-8
https://doi.org/10.1007/s11010-017-3213-8
https://doi.org/10.3892/etm.2020.8846
https://doi.org/10.3892/etm.2020.8846
https://doi.org/10.2147/OTT.S248997
https://doi.org/10.1080/21655979.2021.1995099
https://doi.org/10.1186/s12964-020-00539-4
https://doi.org/10.3389/fonc.2022.970208
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Identification of an amino acid metabolism-associated gene signature predicting the prognosis and immune therapy response of clear cell renal cell carcinoma
	Introduction
	Methods
	Dataset collection
	Consensus clustering and enrichment analysis
	Gene signature identification
	Amino acid signature predicted tumor response to nivolumab

	Results
	Patient information collection and consensus clustering
	Enrichment analysis
	Signature development
	High-risk patients are correlated with increased response to anti-PD-1 immunotherapy
	Differences in gene expression

	Discussion
	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 1.6
  /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


