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Abstract: Metabolic reprogramming is critical for the setup of the tumor microenvironment (TME). Glutamine has
slipped into the focus of research of cancer metabolism, but its role in clear cell renal cell carcinoma (ccRCC) re-
mains vague. Our study aimed to investigate the regulatory mechanism of glutamine in ccRCC and its prognostic
value. Gene expression profiles and clinical data of ccRCC patients were obtained from The Cancer Genome Atlas
database (TCGA) and Gene Expression Omnibus (GEO) database. Kaplan-Meier survival analysis was used for sur-
vival analysis. Consensus clustering was used to extract differentially expressed genes (DEGs) related to glutamine
metabolism. Functional analyses, including gene set variation analysis (GSVA) and gene set enrichment analysis
(GSEA), were conducted to elucidate the functions and pathways involved in these DEGs. The single-sample GSEA
and Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) methods
were applied to estimate the immune infiltration in the TMEs of two clusters. The univariate regression and the least
absolute shrinkage and selection operator (LASSO) Cox regression were used to construct a prognostic signature. R
software was utilized to analyze the expression levels and prognostic values of genes in ccRCC. A total of 19 gluta-
mine metabolic genes (GMGs) were screened out for differential expression analysis of normal and ccRCC tissues.
Based on survival-related GMGs, two glutamine metabolic clusters with different clinical and transcriptomic char-
acteristics were identified. Patients in cluster B exhibited worse survivals, higher immune infiltration scores, more
significant immunosuppressive cell infiltration, higher expression levels of immune checkpoints, and more enriched
oncogenic pathways. Glutamine metabolic index (GMI) was constructed according to the GMGs and survival data.
In addition, the expression levels of GMGs were associated with immune cell infiltration and immune checkpoints in
the TME of ccRCC. Among the GMGs, PYCR1 was the most powerful regulator of immune TME. Our analysis revealed
higher-level glutamine metabolism in ccRCC patients with a worse prognosis. The GMI could predict the prognosis
of ccRCC patients with a high accuracy. GMGs, such as PYCR1, may be exploited to design novel immunotherapies
for ccRCC.
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Introduction

Metabolic reprogramming is a hallmark in
tumor development. In cancer cells, metabo-
lism is boosted through various pathways to
provide bioenergy and reduce oxidative stress
for cancer cell proliferation and survival. These
pathways are associated with mutations of
cancer-driving genes. The abnormal accumula-
tion of metabolites can also facilitate the occur-
rence of tumors. In the tumor microenviron-
ment (TME), some nutrients can be depleted to
maintain cancer cell proliferation.

Growing evidence proves that the progression
of some cancers depends on the abnormal
metabolism of amino acids [1, 2]. Glutamine
belongs to a group of conditionally essential
amino acids, especially under catabolic stress
[3, 4]. Previous observations suggest that gluta-
mine is indispensable for the proliferation of
cancer cells, and that tumor cells die immedi-
ately after glutamine deletion [5-7]. Glutamine
can be used for biosynthesis during cell growth
and division [8, 9]. The high serum glutamine
provides rich carbon and nitrogen to support
biosynthesis, thus providing energy to maintain
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the intracellular homeostasis and promote the
growth of cancer cells [10]. The expression of
enzymes involved in glutamine metabolism var-
ies greatly in across cancer types [11, 12]. At
present, the role of glutamine metabolism in
renal cell carcinoma (RCC) remains unclear.

In the current study, we systematically evaluat-
ed the glutamine metabolic profile in clear cell
renal cell carcinoma (ccRCC) and screened the
glutamine metabolites most related to the
immune checkpoints in the TME of ccRCC. The
mechanism of PYCR1 in regulating glutamine
metabolism in the TME may provide a clue for
designing new immunotherapies for ccRCC.

Methods
Data acquisition and study design

The transcriptomic and clinical data of ccRCC
patients were obtained from The Cancer
Genome Atlas (TCGA-KIRC, https://www.can-
cer.gov/tcga). A list of 21 genes encoding pro-
teins participating in glutamine metabolic path-
ways were summarized from previous studies
[8]. We defined these genes as glutamine met-
abolic genes (GMGs). The expression data of
GSE73731 [13], GSE66272 [14], and GSE-
67501 [15] were obtained from the Gene
Expression Omnibus (GEO; http://www.ncbi.
nim.nih.gov/geo/) database.

Differential gene expression (DGE) analysis

Differentially expressed GMGs between tumor
and normal tissue samples were screened out
with the Wilcoxon test and Limma in the R
package. The significance was set as a false
discovery rate (FDR) <0.05.

Survival analysis

For each differentially expressed gene (DEG),
the best cutoff value of the relative mRNA
expression level was used to classify patients
into the high expression group and low expres-
sion group, using the “surv_cutpoint” com-
mand. The differences in clinical outcomes
were calculated with the Log-rank test through
the Kaplan-Meier method. R packages, includ-
ing KMsurv, survival and survminer, were uti-
lized to perform the prognostic analysis. P-
value <0.05 was considered as statistically
significant.
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Cluster analysis

ccRCC samples were subtyped by the consis-
tent clustering using the R package Consen-
susClusterPlus [16]. The datasets were clus-
tered by the Euclidean squared distance metric
and the K-means algorithm with k from 2 to 9.
The results were presented in heatmaps of the
consistency matrix generated by R package
pheatmap. The optimal number of clusters
should meet the following criteria: high consis-
tency of clustering, moderate number of sam-
ples in each cluster, significant difference in
survival between clusters, and no significant
increase in the area under the cumulative dis-
tribution function (CDF) curve.

Biological pathway and functional enrichment
analysis

Gene Set Variation Analysis (GSVA) was per-
formed to evaluate the pathways enriched in
each cluster with the R package GSVA [17] and
“c2.cp.kegg.v7.4.symbols” from the Molecular
Signatures Database (MSigDB). Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses were
performed based on the GO database (http://
geneontology.org) and KEGG database (http://
www.genome.jp/kegg/) in R package cluster-
Profiler. Significance was defined according to a
nominal P-value <0.05 and a FDR <0.05.

Immune microenvironment assessment

Estimation of Stromal and Immune cells in
Malignant Tumor tissues using Expression data
(ESTIMATE) analysis was conducted to quantify
the immune scenario in the TME of each sam-
ple with R package estimate, including the
ESTIMATE score, immune score and stromal
score. Single-sample Gene Set Enrichment
Analysis (ssGSEA) was conducted to quantify
the relative abundance of each immune cell in
the TME with the R package GSVA [17] and the
immune-related gene set [18]. The Student’s t
test was used to evaluate differences in the
above parameters between clusters. P-value
<0.05 was defined as statistically significant.

Establishment of glutamine metabolic index
(GMI)

The differentially expressed GMGs between dif-
ferent clusters were screened by the above
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method. The univariate Cox regression analysis
was performed to identify the prognostic value
of these genes for OS, with P-value <0.05 con-
sidered statistically significant. Subsequently,
the least absolute shrinkage and selection
operator (LASSO) Cox regression analysis was
conducted to shrink the scope of gene screen-
ing, identify highly correlated GMGs, and con-
struct a prognostic gene signature with R pack-
age gimnet [17]. Using the linear combination
of gene expression weighted regression coeffi-
cients, we got the glutamine metabolic index
(GMI) formula. The ccRCC patients with survival
data were divided into low- and high-GMI
groups, according to the median of GMI. The
Kaplan-Meier survival analysis was used to
evaluate the predictive ability of the prognostic
model with R package survminer. The time-
dependent receiver operating characteristic
(ROC) curve was plotted and the area under the
ROC curve (AUC) was also calculated with R
package survivalROC. Univariate and multivari-
ate Cox regression analyses were used to eval-
uate the independence of prognostic gene sig-
nature and other clinical parameters (age, gen-
der, grade, clinical stage, T stage, N stage, and
M stage).

Correlation analysis

Based on the median expression level of
PYCR1, we divided all ccRCC samples into
PYCR1 high and low-expression groups. The
correlation analysis of key gene expression
with clinicopathological characteristics was
performed in the TCGA-KIRC samples, and vali-
dated in the GSE 73731 and GSE 66272
cohorts. We also explored the correlation of
PYCR1 level with immune cell infiltration and
common immune checkpoints. The Pearson
coefficient (r) between PYCR1 mRNA level and
drug response (IC50) was evaluated in ccRCC
lines. The data about drug response in cell
lines were downloaded from the Genomics of
Drug Sensitivity in Cancer (GDSC) [19]. Pearson
correlation coefficient and FDR were calculated
in the GDSC, in which |r| >0.3 and FDR <0.05
were considered statistically significant.

Statistical analysis

All analyses were performed using R 4.1.0. All
statistical tests were two-sided, and P-value
<0.05 was considered statistically significant
unless otherwise noted. Continuous variables
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in normal distribution were between-group
compared through the independent t test,
while continuous variables in skewed distribu-
tion through the Mann-Whitney U test. The
relationship between hub DEGs and overall sur-
vival was analyzed through the Kaplan-Meier
curve by log-rank test. The univariate regres-
sion model was constructed to analyze the
effect of each variable on the survival. The
LASSO regression model was constructed to
determine the factors independently associat-
ed with survival.

Results

Glutamine metabolism with distinct prognostic
and biological features in ccRCC

We explored the differentially expressed amino
acids and related metabolites between normal
kidney and ccRCC tissues (Figure 1A, 1B). The
levels of glutamine and its metabolite (gluta-
mate) in ccRCC tissue were significantly higher
than those of other amino acids. Thus, we
developed a passion for the metabolic path-
way of glutamine in ccRCC. Totally, 21 GMGs
were included in this study, including 19 differ-
entially expressed (Figure 1C). The expression
levels of CAD, SLC1A5, LAT, PYCR1, PYCR2,
SLC7A11 were significantly higher, while those
of CPS1, DGLUCY, GLS, GLS2, GLUD1, GLUD2,
GOT1, GOT2, GPT, GPT2, PSAT1, PYCR3 and
SLCB6A14 were significantly decreased in tumor
tissues. The roles and expressions of these
genes varied with the progression of gluta-
mine metabolism in ccRCC cells (Figure 1D).
Then we studied the relationships between
these GMGs and the prognosis of ccRCC
patients. Our analysis revealed that the ex-
pression of 19 GMGs was significantly related
to the prognosis of ccRCC patients. Patients
with high expression levels of CAD, GPT2, LAT,
PSAT1, SLC1A5, SLC6A14, PYCR1, PYCRZ2,
PYCR3, SLC7A5 and SLC7A11 had a shorter
OS (Figure S1A-K), while patients with higher
expression levels of GLUD1, GLUD2, GOT1,
CPS1, GLS, GOT2, GPT and DGLUCY expres-
sion showed a longer OS (Figure S1L-S). These
18 differentially expressed and survival-related
GMGs might exert a synergistic effect on
ccRCC, we performed the cluster analysis. As k
increased from 2 to 9, the cluster stability kept
rising (Figure 2A). However, the CDF plot and
delta area plot revealed that k = 4 was also
preferable (Figure 2B, 2C). Therefore, we per-
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Figure 1. Differentially expressed amino acids, related metabolites, and glutamine metabolic genes (GMGs) between normal kidney and ccRCC tissues. A. Expres-

sion profiles of amino acids in ccRCC and normal tissues. B. Expression profiles of amino acid metabolites in ccRCC and normal tissues. C. Expression profiles of

GMGs in ccRCC and normal tissues. Red, tumor; Blue, normal. The upper and lower ends of the boxes represent the interquartile range of values. The lines in the

boxes represent the median values. Adjusted P<0.05 was used as the criteria for screening differentially expressed GMGs. The asterisks represent the statistical P

value (*P<0.05, **P<0.01, ***P<0.001). D. The flow chart of glutamine metabolism. Red, up-regulated genes; blue, down-regulated genes.
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Figure 2. Identification and comparison of various glutamine metabolic patterns of ccRCC. A. Consensus clustering cumulative distribution function (CDF) for K =
2-9. B. Delta region graph showed the relative change in the area under the CDF curve for K = 2-9. C. Consensus clustering matrix for K = 2. D. Kaplan-Meier overall
survival (OS) curves for 539 ccRCC patients in clusters A and B. Patients in cluster A had a significantly longer survival (P = 0.004). E. Based on the results of the
cluster analysis, heatmap showed the correlation with clinicopathological characteristics. F. GSVA enrichment analysis showing the biological pathways associated
with distinct glutamine metabolic modification patterns. The heatmap was used to visualize these biological processes; red represents activated pathways and
blue represents inhibited pathways. G. GO functional annotation analysis of DEGs between clusters A and B, and enriched biological processes (BPs), cellular com-
ponents (CCs), and molecular functions (MFs). H. KEGG pathway enrichment of DEGs between clusters A and B. The enriched items were analyzed by using gene

counts, gene ratio, and adjusted P values.
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formed survival analysis to investigate the
prognostic performance of each cluster. When
the 539 ccRCC patients were divided into two
clusters, the Kaplan-Meier curves exhibited an
evident difference (Figure 2D). When the
patients were divided into 3, 4, or 5 clusters,
some of them showed no between-cluster dif-
ferences in the consistency matrix and survival
curve (Figure S2A-F). Therefore, we divided the
ccRCC patients from TCGA database into two
clusters with different metabolic patterns (n =
183 in cluster A; n = 356 in cluster B). The clini-
copathological features of two clusters are
shown in Figure 2E. Cluster A witnessed a lon-
ger survival.

To screen out the mechanism responsible for
the worse prognosis in cluster B, the biological
behaviors of two clusters were compared
through DGE analysis. Consequently, 1654
DEGs with an adjusted P-value <0.05 and an
absolute value of Log2 fold-change (L2FC) >2
were identified. GSVA analysis showed that,
cluster A was markedly enriched in pathways
associated with amino acid metabolic activa-
tion, including tryptophan metabolism, valine
leucine and isoleucine degradation, alanine
aspartate and glutamate metabolism, arginine
and proline metabolism, and histidine metabo-
lism (Figure 2F). In terms of BPs of GO analysis,
the DEGs were principally involved in small mol-
ecule catabolic process and protein targeting.
In terms of CCs, the DEGs were mainly enriched
in mitochondrial matrix and mitochondrial inner
membrane. In terms of MFs, the DEGs were sig-
nificantly enriched in anion transmembrane
transporter activity and GTP binding (Figure
2G). At the same time, the KEGG pathway anal-
ysis showed the DEGs were enriched in valine,
leucine and isoleucine degradation and protein
digestion and absorption.

TME characteristics in two clusters for ccRCC

Furthermore, we evaluated the correlation
between the glutamine metabolic clusters and
the immune infiltration in the TME. Our data
showed significant differences in the levels of
infiltrating cells (MDSCs, Tregs, macrophages)
and the expression of immune checkpoints
(PDCD1, CTLA4 and CD274) between the two
clusters. Cluster B showed higher immune
score, stromal score and tumor purity than
cluster A (Figure 3A). Moreover, the levels of
MDSCs, Tregs, macrophages and the expres-
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sion of PDCD1, CTLA4 were higher in cluster B
than in cluster A (Figure 3B-D). These results
indicated that the immunity was suppressed in
the TME of cluster B, which could explain the
worse prognosis in this cluster. Enrichment
analysis showed that angiogenesis and PI3K-
AKT signaling pathways were abnormally
involved in cluster B, indicating that antiangio-
genic therapy and PI3K inhibitor may improve
the prognosis of patients in cluster B.

Construction and validation of the glutamine
metabolic signature

We screened out a total of 14 DEGs regulating
glutamine metabolism between two clusters.
Among them, 8 prognostic genes (CAD, DGL-
UCY, GLUD1, GLUD2, GOT1, LAT, PYCR1, and
SLC7A11) were selected through the univariate
Cox regression analysis (P<0.05, Figure 4A,
4B). The LASSO regression analysis was then
applied to obtain 7 robust glutamine metabolic
regulators for the construction of glutamine
metabolic index (GMI) (Figure 4C, 4D). The GMI
was developed on the algorithm below:

GMI = 0.0302 x exp°R + (-0.3437) x expCLuPb2
+ 0.0227 x exp®P + 0.1464 x expScAtt +
0.0328 x exp*T + (-0.0017) x exp®™ +
(-0.0242) x expPeLtucy

According to the median value of the GMI,
ccRCC patients with a higher GMI were as-
signed to the high-risk group, and those with a
lower GMI to the low-risk group. The GMI distri-
bution, OS and prognosis in the TCGA-KIRC
cohort are shown in Figure 4E-G. The OS was
lower and the prognosis was worse in the high-
risk group. The ROCs showed that our GMI
had good sensitivity and specificity in predict-
ing the 5-year survival in ccRCC patients from
the TCGA cohort (AUC = 76.2%). The predictive
power of GMI was stronger than other clinico-
pathological features (Figure 4H). The heatmap
visualizes the differences in gene expression
profile and clinical characteristics between the
two groups (Figure 4F). To explore whether GMI
was independent from age, gender, stage and
other clinical parameters, we performed uni-
variate and multivariate Cox regression analy-
ses for age, gender, stage, grade, TNM and
GMI. In the univariate Cox regression analysis,
age, grade, pathological T, M stage, pathologi-
cal stage and high GMI were associated with
poor survival (Figure 4J). In the multivariate Cox

Am J Cancer Res 2022;12(8):3780-3798
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survival analysis of the whole ccRCC set from the TCGA. The survival rate of the patients in the high-GMI group
was significantly lower than that in the low-GMI group (P = 5.714e-10). H. Time-dependent ROC analysis of the
whole ccRCC set from the TCGA. The area under the 5-year ROC curve was 0.762, which was higher than those of
current clinical predictive factors. |. Differences in representative gene expression profiles and clinicopathological
characteristics between the low and high-GMI groups. J, K. Univariate and multivariate Cox regression analyses of
clinicopathological features for predicting the survival in ccRCC patients.

analysis, GMI remained an independent prog-
nostic factor (hazard ratio, 1.441; Cl, 1.198 to
1.733; P-value <0.001) (Figure 4K).

Clinical significance of PYCR1

We stratified the patients into high and low-
expression groups, based on the median
expression value of genes in the signature. Only
PYCR1 was closely related to clinical parame-
ters (Figure S3). In the TCGA cohort, higher
PYCR1 expression was significantly associated
with worse clinical predictors, including histo-
logical grade (P<0.001), pathological stage
(P<0.001), T stage (P<0.001), M stage (P<
0.001), and N stage (P = 0.041) (Figure 5A).
We validated this in the GSE66272 and
GSE73731 datasets, finding that higher PYCR1
expression predicted more advanced and lower
differentiation of tumor (Figure 5B, 5C). In the
GSE73731 cohort, we explored the rates of dif-
ferent histological grades in two groups. The
patients with high expression of PYCR1 exhib-
ited more advanced histological grades (P =
0.019). The data from the CPTAC showed sig-
nificant differences in PYCR1 expression
between normal and ccRCC tissues, which veri-
fied the reliability of the signature (Figure 5E).
We also plotted the 1-year ROC curve with
PYCR1 as a prognostic predictor (AUC = 0.742),
which also verified the potential of PYCR1 as an
independent prognostic factor (Figure 5F).

Immunomodulatory effect of PYCR1

To investigate the relationships between PYCR1
and the immune TME, we scored the im-
mune cells and stromal cells in the TME of 539
ccRCC patients, and found that the patients
with higher expression of PYCR1 had greater
immune, stromal, and ESTIMATE scores (P =
0.017; P = 0.002; P = 0.003; Figure 6A-C). We
then explored the relationship between PYCR1
expression and immunotherapy response us-
ing the samples in the GSE67501. As shown in
Figure 6D, ccRCC patients with high expression
of PYCR1 exhibited a greater probability of non-
response to immunotherapy. To investigate the
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effect of PYCR1 on the immune infiltration in
the TME, the abundances of infiltrated immune
cells were estimated via ssGSEA in each sam-
ple. Besides, the correlations of PYCR1 expres-
sion with immune cell infiltration and immune
checkpoints were also calculated. The results
indicated that high PYCR1 expression was
associated with higher-degree infiltration of
MDSCs, Tregs and macrophages, as well as
higher expression of immune checkpoints,
such as PDCD1 and CTLA4 (Figure 6E, 6F).
GSEA analysis revealed pathways related to
high PYCR1 expression, including IL-6-JAK-
STAT3 signaling pathway, mTORC1 signaling
pathway, myc-targets-v2 pathway, and p53
pathway (Figure 6G). These were primarily cor-
related with carcinogenesis, invasion, and the
immune microenvironment of tumor cells. We
finally explored the correlation between PYCR1
and drugs. The results of the volcano map indi-
cated that PYCR1 was positively correlated
with IC50 in 8 drugs (e.g., cyclopamine, BMS-
509744) and negatively correlated with IC50 in
6 drugs (e.g., CGP-082996, Crizotinib).

Discussion

Various pathways maneuver the anabolism and
metabolism of cancer cells to supply energy for
growth and survival [20]. During the cancer pro-
gression from preneoplastic lesions to local-
ized, the metabolic phenotype and metabolic
dependence of neighboring mesenchymal and
immune cells in the TME is reprogrammed [21].
According to Otto Warburg [22, 23], the glucose
metabolism in tumor cells shifts from aerobic
oxidation to glycolysis, thereby providing suffi-
cient energy and essential macromolecular
precursors for the proliferation of tumor cells.
During metabolic reprogramming, a hypoxic,
acidic, nutrient-deficient TME forms, in which
the antitumor immune response is inhibited
[24, 25]. In other words, the tumor-specific met-
abolic reprogramming promotes tumor growth
and prevents anti-tumor immune response.

As a substrate for protein synthesis, amino
acids were second only to glucose as an impor-
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Figure 5. PYCR1 expression was upregulated in advanced ccRCC. A. Higher PYCR1 expression was associated with worse clinical parameters in ccRCC patients, such
as histological grade, stage, T stage, N stage, and M stage according to data from the TCGA. B. PYCR1 expression was significantly higher in high-stage ccRCC in
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Figure 6. PYCR1 was associated with the immunity in the TME of ccRCC. A-C. Difference analysis of ImmuneScore, StromalScore, and ESTIMATEScore between the
high and low-PYCR1-expression subgroups. High PYCR1 expression corresponded to high ImmuneScore (P = 0.017), StromalScore (P = 0.002), and ESTIMATEScore
(P =0.003). D. Correlation of PYCR1 expression with the response to immunotherapy (data source: GSE67501). PYCR1 expression level was significantly higher in
ccRCC patients showing no response to immunotherapy (P = 0.042). E. Higher PYCR1 expression was accompanied by higher-degree infiltration of immunosuppres-
sive cells. Wilcox test was used, and the asterisks represent the statistical P value ("P<0.05, **P<0.01, ***P<0.001). F. Correlation analysis of PYCR1 expression with
TME cell infiltration and the levels of immune checkpoint molecules. PYCR1 expression was positively correlated with the levels of many immunosuppressive fac-
tors, such as MDSC, macrophage, Tregs, PDCD1, and CTLA-4. G. GSEA analysis of hallmarks in the high and low-PYCR1-expression subgroups. The MYC-TARGRTS,
MTORC1, and IL6-JAK-STAT3 signaling pathways were up-regulated in high-PYCR1-expression subgroups, all known as oncogenic pathways. H. Correlation analysis
of PYCR1 expression and drug sensitivity. PYCR1 was positively correlated with IC50 in 8 drugs and negatively in 6 drugs.
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tant source of energy and nutrition within the
cell. Apart from a substrate for protein synthe-
sis, amino acids act as metabolites and meta-
bolic regulators in supporting cancer cell growth
[26, 27]. An abundant supply of amino acids
allowed tumor cells to maintain their prolifera-
tive drive. Thus, investigation on these amino
acids would clarify the underlying molecular
events of malignancy and help to open new
prospects for cancer diagnosis and treatment.

Glutamine, a non-essential amino acid, serves
nitrogen and carbon for the synthesis of amino
acids, lipids and nucleic acids. In tumor cells,
glutamine addiction contributes carbon and
ammonia to supplement the donor of a-ketoglu-
tarate, an intermediate of the tricarboxylic acid
cycle (TCA) and enhances nucleotide biosyn-
thesis [28, 29]. Here, we found that glutamine
metabolism was an indispensable process of
ccRCC tumorigenesis, because 19 of 21 gen-
es regulating glutamine metabolism were dif-
ferentially expressed between normal and
ccRCC samples. According to the glutamine
metabolic profile, we defined two clusters of
ccRCC patients with distinct clinical and bio-
logical features, as well as TME immune char-
acteristics. In addition, we generated a GMI
based on 7 genes related to the prognosis,
showing a favorable prognostic value in differ-
ent datasets.

Recent studies have found a specific nutrient
partitioning mechanism in the TME: glucose is
preferentially consumed by immune cells and
glutamine by tumor cells [30]. As a result, the
uptake and catabolism of glutamine are sig-
nificantly enhanced in many tumor cells. Cell
experiments have shown that external gluta-
mine supply promotes the proliferation, inva-
sion and metastasis of tumor cells [31]. Leone
et al. have found that glutamine blockade sup-
presses cancer cell metabolism and enhances
anti-tumor immune response [32]. Glutamine
blockade in tumor-bearing mice deactivates
Warburg physiology by inhibiting glycolysis,
and drives tumor-infiltrating lymphocytes (TILs)
towards a long-lived, memory-like phenotype
capable of enhancing effector function. Con-
sequently, the malignant phenotype is main-
tained in ccRCC cells.

Our bioinformatic analysis revealed a signifi-
cant increase of PYCR1 expression in human
ccRCC samples, indicating PYCR1 as the most
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potent regulator of glutamine metabolism. In
the glutamine metabolism, PYCR1, as a mito-
chondrial inner membrane protein, can cata-
lyze the NAD(P)H-dependent synthesis of
pyrroline-5-carboxylates (P5C) and ornithine
into proline [33]. Proline is a unique non-essen-
tial amino acid with a secondary amine in
humans, and its biosynthesis is essential for
normal cellular metabolism and redox regula-
tion [34, 35]. In normal cells, proline is
employed as an osmotic agent or chemical
chaperone to directly scavenge intracellular
reactive oxygen species; meanwhile, the pro-
line metabolic flux is activated to maintain cel-
lular energy and trigger signaling pathways
associated with cell survival [36]. Interestingly,
proline starvation impairs the tumorigenicity of
tumor cells, because proline can alleviate
endoplasmic reticulum stress and strengthen
cellular homeostasis and clonogenicity [37].
Moreover, in the formation of collagen, proline
activates the microenvironmental reservoir in
the extracellular matrix [38], thus protecting
tumor cells from immunotherapy [39] and
increasing their invasive and migrative capabili-
ties [40].

Given that proline metabolism is essential to
the metabolic reprogramming in tumor cells
[41], previous studies have evaluated the
feasibility of certain enzymes of proline metab-
olism in antitumor therapy [38, 42-45]. Mole-
cular mechanisms of PYCR1 in diverse tumors
have been investigated. Nilsson et al. have
analyzed the mRNA profiles from 1,981 tumor
samples across 19 cancer types, finally identi-
fying PYCR1 as the most consistently over-
expressed metabolic gene [46]. Additional
studies have highlighted the significant correla-
tion between breast cancer aggressiveness
and high PYCR1 expression [47, 48]. Similarly,
PYCR1 suppression counters the growth of dif-
ferent cancers, such as non-small-cell lung
cancer [49, 50], prostate cancer [51], hepato-
cellular carcinoma [52, 53], and melanoma
[54, 55]. In general, PYCR1 leads to metabolic
adaptation in ccRCC through glutamine/pro-
line-dependent signaling pathways. In the pres-
ent study, we found that PYCR1 regulated tumor
progression through remodeling the immune
TME.

The TME is a complex environment consisting
of tumor and native cells. Some native cells,
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such as CD8* cytotoxic T cells (CTLs), are capa-
ble of killing tumor cells. To facilitate tumor pro-
gression, the tumor cells interact with host
components and generate a highly immuno-
suppressive environment to escape from the
attack of CTLs for survival, which thwarted CTL
cytotoxicity and promoted tumor progression.
The immunosuppressive factors include im-
mune checkpoints and immunosuppressive
cells [56]. CTLA-4 and PD-1 are two major
immune checkpoints that can inhibit T-cell acti-
vation and proliferation and induce T-cell aner-
gy [57-59]. MDSCs, Tregs and tumor-associat-
ed macrophages (TAMs) are major immunosup-
pressive cells in the TME. They suppress anti-
tumor immunity by releasing immunosuppres-
sive cytokines, seizing raw materials for T cell
proliferation, expressing immune checkpoint
molecules, releasing toxic metabolites, etc.
[60-63]. Notably, the present study was the
first to depict the immunosuppressive TME
characteristics in ccRCC patients with cluster B
glutamine metabolism and high PYCR1 expres-
sion. However, how this PYCR1-mediated gluta-
mine- and proline-dependent metabolic repro-
gramming contributes to the buildup of and
immunosuppressive TME?

Glutamine is available in the TME and preferen-
tially partitioned into cancer cells, rather than
infiltrating immune cells [30]. However, activa-
tion of naive CD8" T cells also requires high glu-
tamine uptake and metabolism to satisfy its
high demand for energetic and biosynthetic
precursors [64]. CD8* T cell proliferation and
cytokine production are significantly hindered
upon glutamine starvation [65]. Thus, under
this circumstance in which tumor cells compete
with activated CD8" T cells for glutamine, nutri-
ent consumption may promote the prolifera-
tion and survival of tumor cells, meanwhile
repressing T cell-mediated antitumor immunity.
On the contrary, naive CD4" T cells, once acti-
vated, differentiate into Treg cells under the
condition of glutamine deprivation [66]. This
brings with a tumor-suppressive activity in vivo.
Meanwhile, the oncogenic transcription factor
MYC proto-oncogene, whose known function
was to induce the expression of mitochondrial
glutaminase (GLS) to stimulate the conversion
of glutamine to glutamate [67, 68], was recent-
ly documented to enhance subsequent conver-
sion of glutamate to proline via up-regulating
the expression of PYCR1 [69]. PYCR1, as a cli-
ent of mitochondrial Lon, is up-regulated to
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increase the production of mitochondrial reac-
tive oxygen species (ROS) and subsequent
ROS-dependent production of inflammatory
cytokines, such as IL-13 and VEGF-A [70].
These cytokines from tumor cells polarize mac-
rophages towards an M2-like phenotype,
which comprises the predominant TAMs having
infiltrated into the TME [71]. Afterward, the TME
manifests an immunosuppressive state that
benefits the progression of tumors [72]. All
these mechanisms may explain our findings.
However, the mechanism of PYCR1 in immune
TME remodeling remains enigmatic. Since the
activation of immune cells depends on the dis-
tribution of nutrients, including amino acids
[64-66, 73-75], we suspect that PYCR1 may
educate immune cells to create an immuno-
suppressive microenvironment by producing
proline.

Our research also has certain limitations. Our
findings need to be validated by in vitro experi-
ments, such as quantitative real-time poly-
merase chain reaction and Western blotting.
Further studies on human tissue samples are
required to validate these results. In addition,
the biological mechanisms of PYCR1 in remod-
eling the immune TME still need to be explored
in vivo and in vitro.

Conclusions

Glutamine metabolism plays a critical role in
shaping the immune TME of ccRCC. The GMI is
efficient in discriminating the risk and predict-
ing the survival of ccRCC patients. PYCR1
poses an immunosuppressive effect in the
TME, and may serve as a potential target in
treating ccRCC.
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Figure S1. Survival analysis for each GMG based on 539 patients with ccRCC from the TCGA. Kaplan-Meier curves with Log-rank P<0.05 showed a significant dif-
ference in survival between high expression group and low expression group.
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Figure S2. Consensus clustering matrixes for K = 3-5 (A-C) and Kaplan-Meier overall survival (0S) curves for 539 ccRCC patients in 3 (D), 4 (E), or 5 (F) subgroups.
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Figure S3. Correlation analyses of the expression of representative genes with clinicopathological factors. A. Expression levels of PYCR1, GLUD2, CAD, SLC7A11,
LAT, DGLUCY, and GOT1 were associated with histological grade, stage, T stage, N stage, and M stage in ccRCC. B. Expression levels of PYCR1, GLUD2, LAT, DGLUCY,
and GOT1 were associated with pathological stage in ccRCC. C. Expression levels of PYCR1, GLUD2, CAD, SLC7A11, LAT, DGLUCY, and GOT1 were associated with T
stage in ccRCC. D. Expression levels of PYCR1, GLUD2, CAD, and DGLUCY were associated with M stage in ccRCC. E. Expression levels of PYCR1, GLUD2, and CAD
were associated with N stage in ccRCC. Wilcox test was used, and the asterisks represent the statistical P value ("P<0.05, ""P<0.01, "*"P<0.001).



