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Background: Polyamine metabolism is critically involved in the proliferation and metastasis of tumor cells,
including in kidney renal clear cell (KIRC) cancer. However, the molecular mechanisms underlying the effect
of polyamines in KIRC cancer remain largely unknown.

Methods: The messenger RNA (mRINA) expression profile of KIRC was downloaded from The Cancer
Genome Atlas (TCGA), Gene Expression Omnibus (GEO), and ArrayExpress database. Differential
expression analysis was performed with the “limma” package in R. Univariate Cox regression and multivariable
Cox regression were used to estimate correlation between variables and prognosis. Least absolute shrinkage
and selection operator (LASSO) Cox regression analysis was employed to screen variables and construct a
risk signature. A nomogram model was established using the risk signature and clinical variables. Receiver
operating characteristic (ROC), calibration curve, and decision curve analysis (DCA) were used to assess the
predicted accuracy and clinical benefit of the model.

Results: We identified nine differentially expressed polyamine metabolism-related genes (PMRGs) in
TCGA-KIRC. Of these, six were closely associated with patients’ outcomes. These six genes participated in
different pathways and originated from different cell types within the tumor microenvironment (TME). Using
the mRNA expression values of these genes, we constructed a 4-gene PMRG risk signature. Patients with
high PMRG risk exhibited worse outcomes, and our analysis showed that the PMRG risk signature was an
independent prognostic factor when clinical information was used as a covariate. We also found that multiple
immune- or metabolism-related pathways were differendally enriched in high or low PMRG risk groups,
suggesting that altering these pathways could lead to different clinical outcomes. Finally, in two external
datasets, we found that the PMRG risk signature could predict the response of patients to immune therapy.
Conclusions: In summary, our study identified several potentially important PMRGs in KIRC and
constructed a practical risk signature, which could serve as a foundation for further development of

polyamine metabolism-based targeted therapies for KIRC.
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Introduction

Renal cell carcinoma (RCC) is among the top 10 most
prevalent malignancies worldwide and has exhibited
increasing incidence over the past decade, with its most
common histological type being kidney renal clear cell
(KIRC) carcinoma (1). Although various treatment methods
such as surgery, chemotherapy, targeted therapy, and
immunotherapy have been used in clinical practice, their
efficacy is still limited, especially for metastatic kidney
cancer (2). Therefore, it is imperative that new therapeutic
targets for kidney cancer be developed.

Polyamines are a class of compounds containing two
or more amino groups, which exist in mammalian cells at
millimolar levels and play a significant role in normal and
neoplastic cell function and replication (3). Dysregulation
of polyamine metabolism is a common phenomenon in
cancer. The discovery of polyamine-related pathways in
cancer has made it possible to develop cancer therapies
targeting polyamine metabolism. The RAS-RAF-MEK-
ERK signaling pathway has been shown to control
polyamine metabolism in multiple aspects and may augment
polyamine transport in colon cancer (4). PTEN-PI3K-
mTOR complex 1 (nTORCL1) has been found to play an
essential role in prostate tumors, and inhibition of mTOR
results in reduced levels of intracellular polyamines (5).
In addition, polyamines and their metabolites have been
developed as biomarkers in lung, liver, prostate, pancreatic,
and colon cancers (6-9). A previous study showed that the
regulation of polyamine metabolism can inhibit KIRC

Highlight box

Key findings

* We identified several markers based on polyamine metabolism in
kidney renal clear cell (KIRC) and constructed a risk signature to
predict the prognosis of patients with KIRC.

What is known and what is new?

® Several polyamine metabolism-related genes (PMRGs) showed
expression alteration in KIRC and were closely related to the
patients’ prognosis.

® The risk signature based on the expression of PMRGs could act
as an independent factor to predict the prognosis and immune
therapy response of patients with KIRC.

What is the implication, and what should change now?

* PMRGs may be prognostic biomarkers for KIRC. In addition, the
PMRG risk signature could be employed by clinicians to estimate
prognosis and immune therapeutic response.

© Translational Cancer Research. All rights reserved.

Li et al. Polyamine metabolism risk signature in kidney cancer

progression (10). However, the biomarkers and detailed
molecular mechanism underlying the effect of polyamine
metabolism on RCC remain unclear. The development of
bioinformatics and biostatistical analyses have provided the
means to exploring the correlation between tumors and
gene alteration. Using large-scale multiomics databases,
researchers have made significant progress in various fields
of medical research by, for example, identifying target
genes, clarifying mechanisms of disease, developing targeted
drugs, and diagnosing disease (11-13). As polyamine
influences KIRC, characterizing the relationship between
polyamine metabolism-related genes (PMRGs) and KIRC
based on large-scale public data with the bioinformatics
method may be valuable in providing a foundation for
subsequent experiments and the development of polyamine
metabolism-based targeted drugs.

In this study, we aimed to investigate the function
of PMRGs in KIRC and identify potential biomarkers.
Through a series of analyses, we found 6 PMRGs related
to the overall survival (OS) of patients with KIRC and
constructed a 4-gene (SRM, AGMAT, HDAC10, and AOCT)
risk signature. We further developed a nomogram that
combined the PMRG signature and other clinical factors,
which showed a better ability to predict patient outcomes.
Additionally, our results suggested that the PMRG risk
signature may also predict the response to immune therapy
in KIRC. In conclusion, our study identified several PMRGs
that may play an essential role in KIRC and constructed a
clinical prediction model to predict prognosis and immune
therapy response. These findings provide a theoretical
basis for subsequent research. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tcr.amegroups.com/article/view/10.21037/ter-23-
344/rc).

Methods
Acquisition of public data

We acquired the PMRGs from the publicly available
resources of the molecular signatures database (MSigDB)
(https://www.gsea-msigdb.org/gsea/msigdb/index.jsp)
(Table S1) and downloaded the gene expression data for
KIRC from The Cancer Genome Atlas (I'CGA) integrated
website (https://xena.ucsc.edu/). We normalized and
transformed the messenger RNA (mRNA) expression data
to log,[transcripts per million (TPM) +1] units. To validate
the differentially expressed genes (DEGs), we obtained two
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external RNA-sequencing (RNA-seq) expression datasets
(GSE11151 and GSE36895) from the Gene Expression
Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/).
We also collected the expression profiles and clinical data
of three additional external datasets (E-MTAB-1980,
GSE78820, and IMvigor210). The E-MTAB-1980 dataset
(https://www.ebi.ac.uk/arrayexpress) was used to validate
the risk model, and the anti-programmed cell death protein
1 (PD1) datasets, GSE78820 (https://www.ncbi.nlm.nih.
gov/geo/) and IMvigor210 (14) were used to evaluate the
predictive accuracy of the risk model for immune therapy
response. This study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

Verification of survival prediction

To investigate the impact of DEGs on the OS rate
of patients with KIRC, we performed univariate Cox
proportional hazards regression analysis using the “survival”
package in R (The R Foundation for Statistical Computing).
Kaplan-Meier analysis was used to assess the OS rate of
patients with KIRC. The optimal cutoff value for DEGs
was determined using the surv_cutpoint function from the
“survminer” package in R. The log-rank test was used to
evaluate the relationship between different variables and
patient OS.

Differential expression and protein level analysis

DEGs between tumor and normal tissues were identified
using the “limma” package in R and filtered with an adjusted
P value of less than 0.05 and an absolute log2(fold change)
greater than 0.5. Further exploration of protein levels was
carried out using the Human Protein Atlas (HPA) database
(https://www.proteinatlas.org/), which currently contains
44 protein datasets of human tissue, including 15,323 genes
and corresponding antibodies.

Molecular mechanism and single-cell sequence analysis

The activity score of 50 cancer-related hallmark pathways
and Kyoto Encyclopedia of Genes and Genomes (KEGQG)
pathways was evaluated using the single-sample gene set
enrichment analysis (ssGSEA) method from the “GSVA” R
package to identify the pathways affected by the PMRGs.
Gene set variation analysis (GSVA) is a nonparametric and
unsupervised method for estimating gene set enrichment
variation through the expression data set of the samples (15).
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The Pearson correlation coefficient (PCC) between gene
mRNA expression value and pathway activity score was
calculated, and the P value was adjusted with the false
discovery rate (FDR). To analyze the distribution of
PMRGs in the tumor microenvironment (TME), we used a
single-cell RNA-seq database of the TME from the Tumor
Immune Single-cell Hub 2 (TISCH2) public website and
obtained detailed cell-type annotation at the single-cell level
(http://tisch.comp-genomics.org/home/) (16). For each
individual single-cell sequence dataset, we calculated the top
100 coexpressed genes of the PMRGs and subjected them to
gene enrichment analysis via the Database for Annotation,
Visualization and Integrated Discovery (DAVID) website
(https://david.nciferf.gov/).

Construction and validation of the PMRG risk signature

We randomly divided the patients into training and
testing cohorts in a 1:1 ratio using the createDataPartition
function in R. Subsequently, we employed the least absolute
shrinkage and selection operator (LASSO)-penalized
Cox (LASSO-Cox) regression model with the “glmnet”
R package to identify candidate genes and develop a
risk signature in the training cohort. LASSO-Cox is a
Cox proportional hazards model that uses the LASSO
for variable selection and shrinkage (17). The risk score
formula was derived using the coefficients obtained from
the LASSO regression algorithm and gene expression values
and is expressed as follows:

Risk score =0.20341398x SRM —0.109279797 x AGMAT 1]
+0.43899545x HDAC10—-0.06096654x 40C1

After verifying the signature in the testing cohort and
the E-MTAB-1980 dataset, we conducted 3-, 5-, and 7-year
receiver operating characteristic (ROC) curve analyses
using the “survivalROC” R package. We also performed
univariate and multivariable Cox regression models for
the prognosis analysis. In the multivariable Cox regression
analysis, variables with a P value less than 0.05 were
identified as independent risk factors.

Molecular mechanism analysis

We initially calculated the DEGs [absolute log,(fold
change) greater than 0.5 and adjusted P value less than
0.05] between the high-risk group and the low-risk group.
Subsequently, using the “clusterProfiler” package in R,
we subjected these genes to gene set enrichment analysis
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(GSEA), a method that can identify common biological
pathways.

Construction and verification of the nomogram

We employed stepwise regression methods to screen
variables, selecting only those that yielded a minimum
Akaike information criterion (AIC) value for our model.
These variables were subsequently used to construct a
nomogram for assessing the probability of 3- and 5-year
OS via the “rms” R package. ROC curve, calibration plots,
and decision curve analysis (DCA) were used to evaluate the
model.

Immune cell infiltration

The R package “estimate” was used to determine the
immune score, stromal score, and tumor purity for each
patient. Additionally, we quantified the infiltration levels
of immune cells using the ssGSEA method of GSVA via
the “xCell” R package. “xCell” is a webtool that conducts
cell type enrichment analysis from gene expression data for
64 immune and stroma cell types (https://github.com/
dviraran/xCell).

Statistical analysis

The unpaired #-test was use to compare the mean difference
of two groups for two consecutive variables. Univariate and
multivariate Cox regression analysis was used to determine
the relation between variables and clinical outcomes, and
the log-rank test was used to evaluate the significance. Based
on Pearson method, the PCC was computed to characterize
the correlation between two consecutive variables.

Results
Identification of differential expression genes

We first identified nine DEGS of polyamine metabolism in
TCGA-KIRC tissues. Among these, four genes (including
HDAC10, SMOX, NNMT, and SRM) were upregulated,
and five genes (including A0C1, SMS, ODC1, AGMAT, and
SAT?2) were downregulated in tumor tissues (Figure 14,1B).
In the GSE36895 and GSE11151 datasets, we also observed
the same expression alteration (Figure SIA,S1B). We
further used the HPA database to validate the results.
We found that AOCI1, AGMAT, ODC1, SAT2, and SMS
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Consistently showed a lower expression in kidney cancer
tissues than in normal tissues, while SRM and NNMT
showed a higher expression in kidney cancer tissues than in
normal tssues (Figure S1C).

Identification of prognosis-related PMIRGs and function
analysis

To determine the prognosis-related PMRGs, we conducted
the univariate Cox regression and found that six PMRGs
correlated with the OS of patients with KIRC. NNMT,
SRM, and HDAC10 were found to risk genes, while
AGMAT, AOCI, and ODCI were the protective genes for
the OS of patients with KIRC (Figure 1C). The detailed
information of these six genes are shown in Table S2.
The patients with a high expression of NNMT, SRM, and
HDACI0 and those with a low expression of AGMAT,
AOC1, and ODCI experienced worse clinical outcomes
(Figure S2). In expression levels, these six genes showed a
weaker correlation with each other (Figure S3A). In addition,
we found that these PMRGs interacted with different
proteins, indicating that these PMRGs might play various
roles in regulating different substrates in cancer (Figure S3B,
‘Table S3). Further analysis indicated that these six genes
were correlated with different molecular mechanisms and
located in different cells in the TME (Figure 2A-2D, details
in available online: https://cdn.amegroups.cn/static/public/
ter-23-344-1.xls and Tables S4). For example, AGMAT
was highly positively correlated with multiple metabolism-
related pathways and located in malignant cells. SRM
and HDAC10 showed a negative correlation with these
metabolism-related pathways and were located in multiple
immune-related cells. Overall, these PMRGs exerted a
variety of functions in regulating KIRC.

Construction of the risk signature

We further separated the TCGA-KIRC samples into
training and test cohorts. In the training cohort, we
constructed the risk signature based on the mRNA
expression of these six PMRGs (Figure S4A,S4B). A 4-gene
PMRG risk signature was finally constructed (Figure S4C),
and the risk score was calculated as follows:

PMRGrisk score = 0.20341398 x SRM —0.10927979x AGMAT
+0.43899545x HDAC10-0.0609665x AOC1
(2]
We found that patients with a high PMRG risk score
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Figure 1 Screening of DEGs. (A) Volcano plot showing the differentially expressed PMRGs in KIRC. (B) Heatmap showing the expression

value of the genes in tumors and normal tissues. (C) Forest plot of prognosis-related genes. The red box in the line represents the risk

factors, the blue box in the line represents the protective factors, and the black box represents no correlation between factors and prognosis.
% P<0.0001. DEG, differentially expressed gene; PMRG, polyamine metabolism-related gene; KIRC, kidney renal clear cell; CI,

confidence interval.

showed worse outcomes in the training cohort. The area
under the ROC curve (AUC) showed that the prediction
accuracy of PMRGs at 3, 5, and 7 years was 0.6717,
0.7245, and 0.7593, respectively. As risk scores increased,
the number of deaths in the patient groups increased. In
addition, we found that SRM and HDACI10 had a higher
expression while AGMAT and AOCI had a lower expression
in the high PMRG risk group than in the low PMRG risk
group (Figure 34). In the test and external cohorts, we also
observed the same results (Figure 3B,3C). The AUC curve
showed a feasible predicted accuracy on 3-, 5-, and 7-year
survival (test cohort: AUC at 3 years =0.7081, AUC at
5 years =0.6848, AUC at 7 years =0.7377; E-M'TAB-1980:

© Translational Cancer Research. All rights reserved.

AUC at 3 years =0.7991, AUC at 5 years =0.7776, AUC at
7 years =0.7124).

Correlation of PMRG risk score and clinical

In the whole TCGA-KIRC cohort, the risk score showed
no significant difference in age or gender, but increasing
risk score was associated with advanced histological grade
and pathological stage (Figure 44). We further divided
the clinical information into different clinical subgroups
and found that the high and low PMRG risk groups also
experienced different clinical outcomes, indicating that the
PMRG risk signature has strong robustness (Figure 4B). In
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Figure 3 The prognostic analyses and prediction accuracy of the PMRG risk signature in TCGA-KIRC training cohort, test cohort, and the
E-MTAB-1980 cohort. (A-C) Survival curve of the patients in the high- and low-risk groups. The ROC curve demonstrates the prediction
accuracy of the risk signature; the risk dot plot shows the distribution of risk score and survival status, and the heatmap shows the expression
difference of PMRGs in the high and low PMRG risk groups. PMRG, polyamine metabolism-related gene; TCGA-KIRC, The Cancer

Genome Atlas-kidney renal clear cell; ROC, receiver operating characteristic; AUC, area under the curve.

addition, the prognosis-related clinical variables (including
PMRG risk score, age, grade, and stage) analyzed via
univariate Cox regression were used to perform multivariate
Cox regression analysis. We found that the PMRG risk
score was an independent prognostic factor (Figure 4C).
Similar results were found in the E-MTAB-1980 dataset
(Figure S5A-S5C). Overall, our PMRG risk signature could
independently predict the prognosis of patients with KIRC
and had robust accuracy.

Nomogram construction of the PMRG risk signature

”»

We used the “rms
nomogram based on the variables correlated with prognosis

in package in R to construct a

in multivariate Cox regression. The nomogram could

predict the 3- and 5-year OS of the patients with KIRC

© Translational Cancer Research. All rights reserved.

(Figure 5A). The AUC and calibration curve indicated that
the clinical model had good prediction accuracy (AUC at
3 years =0.8075, AUC at 5 years =0.7740), superior to that
of using the PMRG risk signature alone. Furthermore,
DCA revealed that combining all clinical variables could
yield the best prediction of patients’ prognoses. The same
results were observed in the E-MTAB-1980 dataset (AUC
at 3 years =0.8868, AUC at 5 years =0.8438), indicating
that PMRG risk signature could predict the prognosis of
patients with KIRC (Figure 5B).

Mechanism analysis

To determine the potential mechanisms underlying the
survival difference between the high and low PMRG risk
groups, we screened the DEGs between these groups

Transl Cancer Res 2023;12(10):2477-2492 | https://dx.doi.org/10.21037/tcr-23-344
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Figure 4 The model evaluation of the PMRG risk signature. (A) Dot plots showing the difference in the risk score in different clinical
variables. (B) The clinical variables were divided into different clinical subgroups, and then the survival curve was used to show the survival
difference between the high and low PMRG risk groups. (C) Univariate Cox regression and multivariate Cox regression analysis of the
PMRG risk score and clinical variables (age, male, grade, and stage). The red box in the line represents the risky factors, the blue box in
the line represents the protective factors, and the black box represents no correlation between factors and prognosis. PMRG, polyamine

metabolism-related gene; NS, no significance; CI, confidence interval.
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Figure 5 Construction of nomogram and model evaluation based on TCGA-KIRC database. (A,B) The nomogram was constructed
using the risk score and other clinical variables determined via multivariate Cox regression analysis and stepwise regression methods. The
prediction accuracy was evaluated with ROC curve analysis and calibration curve. The clinical benefit was evaluated with decision curve
analysis. PMRG, polyamine metabolism-related genes; TCGA-KIRC, The Cancer Genome Atlas—kidney renal clear cell; ROC, receiver
operating characteristic; DCA, decision curve analysis.
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Figure 6 The concrete mechanisms of the PMRG risk signature. The heatmap shows the activity score of 50 cancer-related hallmark
pathways in the high- and low-risk groups. The bar plot shows the PCC between the PMRG risk score and activity score of the hallmark

pathways.
coefficient.

and input them into the “clusterProfiler” package in R
(available online: https://cdn.amegroups.cn/static/public/
ter-23-344-2 xls). For cell components (CC), we found
that blood microparticle, immunoglobulin complex,
circulating immunoglobulin complex, nuclear body, nuclear
lumen, nuclear protein-containing complex, nuclear speck,

© Translational Cancer Research. All rights reserved.

*, P<0.05; **, P<0.01; ****, P<0.0001; NS, no significance. PMRG, polyamine metabolism-related gene; PCC, Pearson correlation

nucleolus, ribonucleoprotein complex, and spliceosomal
complex were highly enriched in high PMRG risk group
(Figure S6A). For biological process (BP), we found
that several immune-related processes, such as humoral
immune response, B cell-mediated immunity, complement
activation, and regulation of B-cell activation, were highly

Transi Cancer Res 2023;12(10):2477-2492 | https://dx.doi.org/10.21037/tcr-23-344
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Figure 7 Immune infiltration and immune therapy response analysis. (A) The dot plots show the differences in the expression 3 immune
checkpoints (including PD1, PDL1, and CTLA4), immune score, tumor purity, and stromal score in the high- and low-risk groups. (B)
The immune infiltration levels between the high- and low-risk groups. (C) The difference in the PMRG risk score in the CR/PR and
SD/PD groups. The ROC curve shows the prediction accuracy of the PMRG risk signature for immune therapy response. *, P<0.05; **,
P<0.01; ***, P<0.001; ****, P<0.0001; NS, no significance. aDC, activated dendritic cells; Tem, T central memory cells; Tem, T effector
memory; cDC, conventional dendritic cells; CLP, common lymphoid progenitors; CMP, common myeloid progenitors; DC, dendritic cells;
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polyamine metabolism-related gene.
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enriched in the high PMRG risk group (Figure S6B). For
molecular function (MF), we found that antigen binding,
cytokine activity, immunoglobulin receptor binding, RNA
binding, and small molecule binding were significantly
enriched in the high PMRG risk group (Figure S6C).
In addition, we found several immune-related pathways
that were highly enriched in the high PMRG risk group,
including the interleukin 17 (IL-17) signaling pathway
and tumor necrosis factor (TNF) signaling pathway. In
contrast, several metabolism-related pathways were highly
enriched in the low PMRG risk group, including metabolic
pathways and carbon metabolism (Figure S6D). These
results suggested that immune- and metabolism-related
pathways were highly enriched in either the low or high
PMRG risk groups. We further calculated the activity score
of 50 cancer-related hallmark pathways to characterize
the activity difference between the high- and low-risk
groups (Figure 6). We found that the activity score of some
hallmark pathways, including DNA repair and MYC targets
V2, was higher in the high PMRG risk group than in the
low PMRG risk group. Moreover, the PMRG risk score
showed a positive correlation with the activity of these
two pathways. Interestingly, several metabolism-related
pathways were activated in the low-risk group, such as
adipogenesis, fatty acid metabolism, bile acid metabolism,
and heme metabolism. The PMRG risk score showed a
significantly negative correlation with these pathways.

Immune infiltration and prediction of hot
and cold tumors

Due to the PMRG risk score being correlated with
immune-related pathways, we further observed the
expression of immune checkpoints in the high and low
PMRG risk groups. We found that the expression of CD274
[also knowns programmed death-ligand 1 (PDLI)] was
higher in the low-risk group, whereas that of CTLA4 and
PDCD1 (also known as PDI) was higher in the high-risk
group (Figure 7A4). In addition, the high-risk group showed
a higher immune score and a higher activity score of CD8
T cells, cytotoxic cells, natural killer (NK) cells, and T
regulatory cells (Tregs), among others; meanwhile, the
low-risk group showed higher tumor purity and a higher
activity score for mast cells and neutrophils (Figure S7).
The same results were observed with the “xCell” R package
(Figure 7B). CD8" T cells, T helper type 1 (Thl) cells, B
cells, and NK T cells showed a higher infiltration level in
the high-risk group. The immune and microenvironment

© Translational Cancer Research. All rights reserved.
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scores were also higher in the high-risk group. Tumors
with a high degree of infiltration of CD4 and CD8 T cells
are considered to be hot tumors, while tumors with a low
degree of infiltration are considered to be cold tumors (18).
Our study indicated that the PMRG risk signature could
identify the hot and cold tumors of KIRC and thus may
offer a feasible stratification method for selecting those
patients who are sensitive to immune therapy. We used
two external anti-PD1 datasets to explore the correlation
between the PMRG risk signature and immune therapy
response. The results pointed to a tendency of patients
in the low-risk group to receive clinical benefit after
immune therapy (Figure 7C). The AUC for the risk score in
predicting immune therapy response was 0.59 and 0.60 in
the IMvigor120 and GSE78820 datasets, respectively.

Discussion

Targeted and immune checkpoint therapy have shown
promising results in clinical trials for RCC. Despite the
relatively high response rate of RCC to immunotherapy and
targeted therapy, the majority of patients with RCC fail to
receive long-lasting clinical benefit due to the development
of drug resistance (19). Therefore, there is an urgent need
to develop new therapeutic targets for RCC.

In normal cells, polyamines are essential for cell growth,
and the depletion of polyamines can result in cytostasis. In
cancer, polyamine metabolism is frequently dysfunctional (6).
Polyamines and their metabolites are involved in many
significant tumor BPs, including metabolism, immunity,
tumor cell genesis, and metastasis (3). Both experimental
and clinical depletion of polyamines have shown that this
metabolism is a promising target for therapy. For instance,
ornithine decarboxylase (ODC) is a rate-limiting enzyme
in polyamine biosynthesis, and inhibiting ODC was found
to limit tumor formation and progression in preclinical
models (20). The ODC inhibitor difluoro-methylornithine
(DFMO) is a highly effective chemopreventive agent for
cancer and is thought to act via polyamine depletion (21).
KIRC is characterized by consistent metabolic
abnormalities, such as highly elevated glycogen and lipid
deposition. Alteration of polyamine levels may influence
KIRC tumor growth. For example, ARG2 deletion can
prevent the toxic polyamine accumulation that promotes
KIRC tumor growth (10). However, there is little research
concerning the relationship between polyamine metabolism
and KIRC, and further investigation is needed to determine
the exact mechanism of effect and function of polyamine
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metabolism in KIRC.

Polyamines and their metabolites are currently used
as cancer biomarkers. Recently developed metabolomic
techniques represent more effective methods for predicting
the biomarkers in cancer and treatment response. For
example, in lung and liver cancers, polyamines and their
metabolites have been used in diagnosis and as markers
of cancer progression (22). In prostate, pancreatic, and
colon cancer, polyamines and metabolites have shown
potential as biomarkers (7-9). In our study, we identified
several PMRGs in KIRC. Among these, NNMT, SRM, and
HDAC10 were upregulated in KIRC and were found to be
correlated with worse prognosis in patients. In tumors, high
NNMT expression is associated with worse prognosis (23).
NNMT in combination with TTPAL promotes
carcinogenesis through the P13K/AKT pathway (24). In
colorectal cancer, ABHDS suppresses the SRM-dependent
spermidine production in tumor-associated macrophages
and potentiates tumor growth (25). HDACI0, a histone
deacetylase, has been reported to be correlated with tumor
progression and poor prognosis in multiple cancers,
including ovarian, lung, and colon cancer (26-28). AGMAT,
AOCI1, and ODCI have been reported to be oncogenes
in several types of tumor (29-32), promoting tumor
progression and metastasis. Interestingly, we observed that
their expression was downregulated in KIRC and that they
acted as protective factors for patients with KIRC. In KIRC,
multiple metabolic pathways are universally depleted, so
KIRC is not generally heterogeneous compared with other
cancers (10). Inhibition of toxic polyamine accumulation
promotes KIRC growth, which might be why these genes
are downregulated in the tumor; however, this is merely
speculation and should be further validated.

We used the PMRGs to construct a risk model. A 4-gene
risk signature was constructed to predict the prognosis of
patients with KIRC. The patients with high PMRG risk
showed worse outcomes and more advanced histological
grade and pathological stage. Multivariate Cox regression
revealed the PMRG risk signature to be an independent
prediction factor, indicating that the PMRGs were not
affected by other clinical variables. Interestingly, we found
that the PMRG risk signature was negatively correlated
with multiple metabolism-related pathways, which
further indicated that depletion of metabolism pathways
is correlated with poor outcomes for patients with KIRC.
Furthermore, DNA repair showed high activity in the high-
risk group. A considerable amount of research has been
conducted concerning the relationship between polyamine
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and DNA repair. Mechanistically, polyamines promote
homologous recombination-mediated double-strand break
repair and maintain the integrity of the genome (33).
Polyamines can facilitate the pairing between single strands
of DNA and stabilize double-stranded DNA (34,35).
DFMO has been found to induce DNA damage and prevent
gastric carcinogenesis (36). Polyamine-depleted Hela
cells are at increased nickel-induced DNA damage (37).
Therefore, polyamine has an important role in the
maintenance of genome stability, which might be a potential
mechanism of polyamine in regulating KIRC that is worthy
of further exploration.

Tumors can be classified into three dominant immune
phenotypes—immune excluded, immune desert, and
immune inflamed—which show different responses
to PD1 blockade (38). The immune-inflamed tumor,
which is also known as a hot tumor, is characterized
by increased infiltration of CD4 and CD8 T cells to
the tumor cell nest and stroma. This tumor type is
considered to be immunoreactive. Transforming the cold
tumor to a hot tumor may elevate the tumor response for
immune therapy (18).

Research indicates that polyamines have anti-
inflammatory, immunosuppressive properties, which
suggests that altering the levels of polyamines can improve
the antitumor immune response (39). Recent data suggest
that the level of polyamines may contribute to the presence
of immune-desert tumors that do not respond to immune
checkpoint blockade (3). Our study found multiple
immune-related pathways highly enriched in the high
PMRG risk group. The patients with high PMRG risk
scores showed a high infiltration level of CD4 T cells and
immune scores, indicating that the PMRG risk score can
distinguish between the cold and hot tumors of KIRC.
Furthermore, PD1 and CTLA4 showed a higher expression
in the high PMRG risk group, indicating that the patients
in this group might be sensitive to immune therapy. Two
external anti-PD1 datasets provided indirect confirmatory
evidence. Patients in the high PMRG risk group treated
with anti-PD1 therapy tended to experience stable disease
(SD) or progressive disease (PD), whereas patients in the
low PMRG risk group tended experience to complete
response (CR) or partial response (PR). Although the
difference in risk scores between the CR/PR and SD/PD
groups was not significant, this suggested the potential
for the PMRG signature to predict response to anti-PD1
therapy. However, whether the alteration of polyamine
levels influences antitumor immunotherapy still needs to
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be determined.

Conclusions

Our study identified several potential markers which may be
critical factors in KIRC; however, these need to be verified
with further experimental validation. In addition, although
we constructed a risk signature to predict the prognosis
and immune therapy response, more prospective clinical
studies are needed to evaluate this signature. We hope these
findings can help form the foundation of future research in
polyamine metabolism and KIRC.
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Supplementary

Table S1 Polyamine metabolism-related genes

Symbol Reference
HDAC6 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
SAT2 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
AZIN2 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
DHPS https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
PAOX https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
AOCT1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
AMD1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
NNMT https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
OAZ1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
OAZz2 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
oDcC1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
AZIN1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
OAZ3 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
SMOX https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
SAT1 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
SMS https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
SRM https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
AGMAT https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
HDAC10 https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
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Figure S1 Validation of expression. (A,B) Bar plots showing the log2 (fold change) of the PMRGs in the GSE36895 and GSE11151
datasets. The orange and yellow color represent expression upregulation, while the blue color represents expression downregulation. (C)
Immunohistochemistry diagrams from the HPA database showing the protein expression levels of PMRGs in tumor and normal tissues
(URL: AGMAT, https://www.proteinatlas.org/ENSG00000116771-AGMAT/pathology/renal+cancer#img, https://www.proteinatlas.
org/ENSG00000116771-AGMAT/tissue/kidney#img; AOCI, https://www.proteinatlas.org/ENSG00000002726-A0C1/tissue/
kidney#img, https://www.proteinatlas.org/ENSG00000002726-AOC1/pathology/renal+cancer#img; ODCI, https://www.proteinatlas.org/
ENSG00000115758-ODC1/pathology/renal+cancer#img, https://www.proteinatlas.org/ENSG00000115758-ODCl1/tissue/kidney#img;
SAT2, https://www.proteinatlas.org/ENSG00000141504-SAT2/tissue/kidney#img, https://www.proteinatlas.org/ENSG00000141504-
SAT2/pathology/renal+cancer#img; SMS, https://www.proteinatlas.org/ENSG00000102172-SMS/tissue/kidney#img, https://www.
proteinatlas.org/ENSG00000102172-SMS/pathology/renal+cancer#img; SRM, https://www.proteinatlas.org/ENSG00000116649-
SRM/tissue/kidney#img, https://www.proteinatlas.org/ENSG00000116649-SRM/pathology/renal+cancer#img; HDAC10, https://
www.proteinatlas.org/ENSG00000100429-HDAC10/tissue/kidney#img, https://www.proteinatlas.org/ENSG00000100429-HDAC10/
pathology/renal+cancer#img; SMOX, https://www.proteinatlas.org/ENSG00000088826-SMOX/tissue/kidney#img, https://www.
proteinatlas.org/ENSG00000088826-SMOX/pathology/renal+cancer#img; NNMT, https://www.proteinatlas.org/ENSG00000166741-
NNMT/tssue/kidney#img, https://www.proteinatlas.org/ENSG00000166741-NNMT/pathology/renal+cancer#img). PMRG, polyamine
metabolism-related gene; HPA, Human Protein Atlas.
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https://www.proteinatlas.org/ENSG00000116771-AGMAT/tissue/kidney#img;
https://www.proteinatlas.org/ENSG00000002726-AOC1/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000002726-AOC1/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000002726-AOC1/pathology/renal+cancer
https://www.proteinatlas.org/ENSG00000115758-ODC1/pathology/renal+cancer#img,
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https://www.proteinatlas.org/ENSG00000115758-ODC1/tissue/kidney#img;
https://www.proteinatlas.org/ENSG00000141504-SAT2/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000141504-SAT2/pathology/renal+cancer#img;
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https://www.proteinatlas.org/ENSG00000102172-SMS/tissue/kidney#img,
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https://www.proteinatlas.org/ENSG00000116649-SRM/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000116649-SRM/pathology/renal+cancer#img;
https://www.proteinatlas.org/ENSG00000100429-HDAC10/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000100429-HDAC10/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000100429-HDAC10/pathology/renal+cancer#img;
https://www.proteinatlas.org/ENSG00000100429-HDAC10/pathology/renal+cancer#img;
https://www.proteinatlas.org/ENSG00000088826-SMOX/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000088826-SMOX/pathology/renal+cancer#img;
https://www.proteinatlas.org/ENSG00000088826-SMOX/pathology/renal+cancer#img;
https://www.proteinatlas.org/ENSG00000166741-NNMT/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000166741-NNMT/tissue/kidney#img,
https://www.proteinatlas.org/ENSG00000166741-NNMT/pathology/renal+cancer#img).

Table S2 Basic information of prognosis-related polyamine metabolism-related genes

Gene Complete name Nature Function Pathways Bibliographic references Separated risky and protective characteristics
NNMT Nicotinamide Protein GO:MF: enables nicotinamide N-methyltransferase activity, =~ KEGG: nicotinate and nicotinamide =~ PMID: GO:8182091, 21823666, Risk: kidney cancer (our research), breast cancer
N-Methyltransferase coding methyltransferase activity, transferase activity, enables metabolism 23455543, 26571212, 23455543, (promote metastasis), colorectal cancer (drug
pyridine N-methyltransferase activity; CC: cytoplasm; BP: Other: PP2A/MEK/ERK/c-Jun/ 31043742, 30044909, 8182091, resistance), gastric cancer (progression)
involved_in nicotinamide metabolic process ABCA1 pathway, ROS and cell 35988817, 36977555, 34642500
cycle, P13K/AKT
SRM Spermidine Synthase  Protein GO:MF: enables protein binding, catalytic activity, enables KEGG: cysteine and methionine PMID: GO: 21044950, Risk: kidney cancer (Our research); protective:
coding spermidine synthase activity, enables identical protein metabolism, arginine and 17585781,17585781, 27189574 colorectal cancer (inhibit tumor growth)
binding; CC: located_in cytosol; BP: involved_in polyamine  proline metabolism, Beta
metabolic process, polyamine biosynthetic process, alanine metabolism, Glutathione
involved_in spermidine biosynthetic process, involved_in metabolism
cellular response to leukemia inhibitory factor
HDAC10 Histone Deacetylase Protein GO:MF: enables histone deacetylase activity, enables TGF-B pathway, cell cycle related PMID: GO: 11861901, 11726666, Risk: kidney cancer (our research), ovarian cancer
10 coding protein binding, enables deacetylase activity, enables pathway, WNT/B-catenin 11677242, 11739383, 17172643, (deletion of HDAC10 increase the drug sensitivity),
enzyme binding, enables protein lysine deacetylase 28516954, 23801752, 28073598, non-small cell lung carcinoma (correlate to poor
activity, enables histone deacetylase binding; CC: part_of 26240284, 33481338 prognosis)
histone deacetylase complex, located_in nucleus, located_
in cytoplasm; BP: involved_in negative regulation of
transcription by RNA polymerase Il, involved_in chromatin
organization, involved_in regulation of DNA-templated
transcription, involved_in macroautophagy
AGMAT Agmatinase Protein GO: MF: enables agmatinase activity, hydrolase activity, KEGG: arginine and proline PMID: GO: 21873635, 11914032, Risk: lung cancer (promote tumorigenesis),
coding enables metal ion binding; CC: located_in mitochondrion; metabolism; other: P13K/AKT 31699997, 36680755 colorectal cancer (promote tumor progression)
BP: involved_in putrescine biosynthetic process from protective: kidney cancer (our research)
arginine, using agmatinase, involved_in spermidine
biosynthetic process
AOC1 Amine Oxidase Protein GO:MF: enables copper ion binding, enables calcium ion KEGG: arginine and proline PMID: GO: 12072962, 12072962, Protective: kidney cancer (our research), prostate
Copper Containing 1 coding binding, enables protein binding, enables primary amine metabolism, Histidine metabolism, 32296183, 8144586, 12072962, cancer (inhibit proliferation); risk: colorectal cancer
oxidase activity, enables heparin binding; CC: located_ Tryptophan metabolism; other: 9399025, 21082674, 21873635, (promote tumor progression), gastric cancer
in extracellular space, located_in extracellular exosome; ferroptosis, AKT, EMT, STAT3 8144586, 9399025, 35922412, (promote tumor progression), hepatocellular
BP: involved_in amine metabolic process, involved_in 32210620, 34777591 carcinoma
putrescine metabolic process, involved_in cellular response
to copper ion starvation
ODCH1 Ornithine Protein  GO:MF: catalytic activity, enables ornithine decarboxylase KEGG: arginine and proline PMID: GO: 25416956, 2317811, Protective: kidney cancer (our research); risk:
Decarboxylase 1 coding activity, enables protein binding; CC: is_active_in cellular_ metabolism, glutathione 17407445, 16548883, 35242701, neuroblastoma (tumor progression), hepatocellular

component, located_in cytoplasm; BP: involved_
in response to virus, involved_in polyamine metabolic
process, involved_in cell population proliferation

metabolism; other: AKT/GSK3p/
B-catenin

31239700

carcinoma (promote proliferation)
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Figure S2 The survival curve of the prognosis-related genes.
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Figure S3 The cross-talk of PMRGs. (A) Diagram showing the coexpression relationship of PMRGs. (B) Network diagram showing the

proteins potentially interacting with PMRGs. PMRG, polyamine metabolism-related gene.
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Table S3 Protein—protein interaction network of polyamine
metabolism-related genes

Table S3 (continued)

PMRGs Interaction protein
SRM AGMAT
SRM AMD1
SRM AOCH1
SRM AZIN2
SRM MTAP
SRM ODCH1
SRM PAOX
SRM SATAH
SRM SAT2
SRM SMS
AGMAT AGXT2
AGMAT AMD1
AGMAT AOCT1
AGMAT AZIN2
AGMAT DHTKD1
AGMAT OAT
AGMAT ODC1
AGMAT SAT1
AGMAT SAT2
AGMAT SRM
AOC1 ODC1
AOCT1 HDC
AOCT1 HNMT
AOCT1 SRM
AOC1 SATAH
AOC1 DDC
AOCT1 AGMAT
AOC1 ALDH1B1
AOC1 ALDH2
AOC1 ALDH9A1
HDAC10 HIST1H2BD
HDAC10 HIST1H2BL
HDAC10 HIST1H2BA
HDAC10 HIST2H2BF

PMRGs Interaction protein
HDAC10 HIST1H2BJ
HDAC10 HIST1H2AC
HDAC10 HIST1H2BK
HDAC10 HIST3H2A
HDAC10 HIST2H2AC
HDAC10 HIST2H2BE
NNMT SIRT4
NNMT SIRTA1
NNMT SIRT7
NNMT PTRF
NNMT SIRT3
NNMT SIRT5
NNMT AOX1
NNMT EGFR
NNMT FHL2
NNMT NAMPT
ODCH1 SATA
ODCH1 SRM
ODCH1 AGMAT
ODCH1 AMDA1
ODCH1 AOC1
ODCH1 ARG1
ODCH1 ARG2
ODCH1 OAT
ODCH1 OAZA
ODCH1 OAZ3

Table S3 (continued)
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Table S4 Potential pathways of coexpressed polyamine metabolism-related genes obtained from the single-cell sequence datasets

Category Term Count P value Genes Fold.Enrichment Bonferroni Benjamini FDR Type
KEGG_PATHWAY hsa01100: Metabolic pathways 45 2.69E-18 DDC, ECHS1, ACY1, SHMT1, QPRT, AK4, GDPD3, GLYAT, ACAT1, 3.67012987 3.53E-16 3.53E-16 3.09E-16 AGMAT-GSE159115

CYP17A1, GCSH, LDHD, ASPDH, ACADM, DHRS4L2, HADH, ACAA1,

PCK1, HAO2, PCK2, MIOX, PCYT2, HGD, AGXT2, DCXR, AKR1A1, FMOT1,

BBOX1, PRODH2, GCAT, ASS1, AGMAT, QDPR, GATM, ALDH6A1, TST,

PSAT1, ADI1, CRYL1, SUCLG1, IDNK, ALDOB, B4GALT7, FBP1, HPD
KEGG_PATHWAY hsa01200: Carbon metabolism 11 1.66E-08 GCSH, ALDH6A1, ECHS1, PSAT1, SHMT1, SUCLG1, IDNK, ALDOB, FBP1, 12.01391304 2.17E-06 1.09E-06 9.53E-07 AGMAT-GSE159115

HAO2, ACAT1
KEGG_PATHWAY hsa00280: Valine, leucine and isoleucine degradation 7 1.73E-06 ALDHG6A1, ECHS1, AGXT2, ACADM, HADH, ACAA1, ACAT1 18.31666667 0.000227 7.57E-05 6.65E-05 AGMAT-GSE159115
KEGG_PATHWAY hsa00260: Glycine, serine and threonine metabolism 6 1.35E-05 GCSH, GATM, PSAT1, AGXT2, SHMT1, GCAT 18.84 0.001761043 0.000441 0.000387 AGMAT-GSE159115
KEGG_PATHWAY hsa00071: Fatty acid degradation 6 1.93E-05 ECHS1, ECI2, ACADM, HADH, ACAA1, ACAT1 17.5255814 0.002529086 0.000506 0.000445 AGMAT-GSE159115
KEGG_PATHWAY hsa00620: Pyruvate metabolism 5 0.000476 LDHD, AKR1A1, PCK1, PCK2, ACAT1 13.36170213 0.06044207 0.010388495 0.009119671 AGMAT-GSE159115
KEGG_PATHWAY hsa01212: Fatty acid metabolism 5 0.000994 ECHS1, ACADM, HADH, ACAA1, ACAT1 11.01754386 0.122125909 0.017546536 0.015403448 AGMAT-GSE159115
KEGG_PATHWAY hsa01240: Biosynthesis of cofactors 7 0.001202221 PSAT1, SHMT1, QPRT, ASPDH, AKR1A1, AK4, HPD 5.746405229 0.145796351 0.017546536 0.015403448 AGMAT-GSE159115
KEGG_PATHWAY hsa04978: Mineral absorption 5 0.001205487 SLC34A3, SLC34A1, MT1G, MT1H, MT1HL1 10.46666667 0.146162245 0.017546536 0.015403448 AGMAT-GSE159115
KEGG_PATHWAY hsa00630: Glyoxylate and dicarboxylate metabolism 4 0.00160403 GCSH, SHMT1, HAO2, ACAT1 16.74666667 0.189656172 0.021012794 0.018446346 AGMAT-GSE159115
KEGG_PATHWAY hsa00010: Glycolysis/Gluconeogenesis 5 0.001818862 AKR1A1, ALDOB, PCK1, FBP1, PCK2 9.373134328 0.212181766 0.021660994 0.019015376 AGMAT-GSE159115
KEGG_PATHWAY hsa03320: PPAR signaling pathway 5 0.002752677 FABP1, ACADM, PCK1, ACAA1, PCK2 8.373333333 0.303089283 0.027738519 0.024350609 AGMAT-GSE159115
KEGG_PATHWAY hsa01230: Biosynthesis of amino acids 5 0.002752677 ACY1, PSAT1, SHMT1, ALDOB, ASS1 8.373333333 0.303089283 0.027738519 0.024350609 AGMAT-GSE159115
KEGG_PATHWAY hsa00380: Tryptophan metabolism 4 0.004242343 DDC, ECHS1, HADH, ACAT1 11.96190476 0.427034141 0.039696212 0.03484782 AGMAT-GSE159115
KEGG_PATHWAY hsa01100: Metabolic pathways 43 2.44E-20 GPI, ACAA2, GAL3ST1, QPRT, ACSM2A, FTCD, KHK, GCSH, ANPEP, 4.070640074 2.09E-18 2.09E-18 1.80E-18 AGMAT-GSE171306

ASPDH, DHRS4L2, ACAA1, PCK1, HAO2, PCK2, MPST, MIOX, FAHD1,

PKLR, BHMT2, SORD, BBOX1, CMBL, FAH, PRODH2, AGMAT, DHRS4,

GSTZ1, ALDH3A2, QDPR, GATM, ALDH6A1, BHMT, TST, GSTA2, GSTAT,

RGN, CRYL1, ALPI, ALDOB, FBP1, NIT2, ACOT4
KEGG_PATHWAY hsa00010: Glycolysis/Gluconeogenesis 7 5.14E-06 ALDH3A2, GPI, PKLR, ALDOB, PCK1, FBP1, PCK2 15.23134328 0.000442 0.000221 0.00019 AGMAT-GSE171306
KEGG_PATHWAY hsa01200: Carbon metabolism 8 1.06E-05 GCSH, GPI, ALDH6A1, PKLR, RGN, ALDOB, FBP1, HAO2 10.14161491 0.000914 0.000305 0.000262 AGMAT-GSE171306
KEGG_PATHWAY hsa00030: Pentose phosphate pathway 4 0.001032771 GPI, RGN, ALDOB, FBP1 19.43809524 0.085030171 0.022204573 0.01910626 AGMAT-GSE171306
KEGG_PATHWAY hsa00051: Fructose and mannose metabolism 4 0.001368205 SORD, ALDOB, FBP1, KHK 17.67099567 0.111078369 0.023533126 0.020249434 AGMAT-GSE171306
KEGG_PATHWAY hsa00071: Fatty acid degradation 4 0.002951134 ALDH3A2, ACAA2, ECI2, ACAAT 13.56146179 0.224442216 0.041233262 0.035479783 AGMAT-GSE171306
KEGG_PATHWAY hsa00620: Pyruvate metabolism 4 0.003804647 ALDH3A2, PKLR, PCK1, PCK2 12.40729483 0.279509921 0.041233262 0.035479783 AGMAT-GSE171306
KEGG_PATHWAY hsa00280: Valine, leucine and isoleucine degradation 4 0.004039094 ALDH3A2, ALDH6A1, ACAA2, ACAAT 12.14880952 0.29394739 0.041233262 0.035479783 AGMAT-GSE171306
KEGG_PATHWAY hsa00330: Arginine and proline metabolism 4 0.004533961 ALDH3A2, GATM, PRODH2, AGMAT 11.66285714 0.323489499 0.041233262 0.035479783 AGMAT-GSE171306
KEGG_PATHWAY hsa00270: Cysteine and methionine metabolism 4 0.004794565 MPST, BHMT, TST, BHMT2 11.43417367 0.338552238 0.041233262 0.035479783 AGMAT-GSE171306
KEGG_PATHWAY hsa01100: Metabolic pathways 25 2.93E-05 ACADVL, NNMT, GAL3ST1, CHPF, TECR, MGST1, ACSM2A, ENO1, FTCD, 2.325131009 0.003946661 0.003954412 0.003749368 AOC1-GSE159115

ACSM2B, KHK, ANPEP, UGT2A3, ASL, CYP2J2, HSD3B7, SDHA, HADHB,

HADHA, GLUD1, NAT8, PKM, GSTA2, GSTA1, PFKP
KEGG_PATHWAY hsa00480: Glutathione metabolism 5 0.000599 NATS8, ANPEF, GSTA2, GSTA1, MGST1 12.5638658 0.077673775 0.040416043 0.038320396 AOC1-GSE159115
KEGG_PATHWAY hsa01100: Metabolic pathways 28 1.13E-09 GAL3ST1, QPRT, ACSM2A, FTCD, KHK, ANPEP, ASPDH, PCK1, HAO2, 3.22687747 1.15E-07 1.15E-07 1.10E-07 AOC1-GSE171306

PCK2, MPST, MIOX, FAHD1, PKLR, GPX3, SORD, BBOX1, PRODH2,

AGMAT, ALDH3A2, ALDH6A1, BHMT, NATS, TST, RGN, ALPI, ALDOB,

ACOT4
KEGG_PATHWAY hsa00010: Glycolysis/Gluconeogenesis 5 0.000479 ALDH3A2, PKLR, ALDOB, PCK1, PCK2 13.24464633 0.047726595 0.024445687 0.023247369 AOC1-GSE171306
KEGG_PATHWAY hsa05203: Viral carcinogenesis 8 0.000128 HDAC10, ATF6B, IRF3, STAT3, IRF7, LTBR, ATF4, NFKB2 6.811848144 0.020838773 0.021057612 0.021057612 HDAC10-GSE111360
KEGG_PATHWAY hsa00010: Glycolysis/Gluconeogenesis 8 1.58E-07 LDHA, PKM, TPI1, PGK1, ENO1, ALDOA, ENO2, PFKP 18.74626866 2.65E-05 2.65E-05 2.61E-05 NNMT-GSE159115
KEGG_PATHWAY hsa01230: Biosynthesis of amino acids 7 6.37E-06 PKM, TPI1, PGK1, ENO1, ALDOA, ENO2, PFKP 14.65333333 0.001063231 0.000532 0.000526 NNMT-GSE159115
KEGG_PATHWAY hsa04066: HIF-1 signaling pathway 7 5.45E-05 LDHA, INSR, PGK1, ENO1, ALDOA, ENO2, PFKP 10.08256881 0.009064717 0.003035268 0.002998917 NNMT-GSE159115
KEGG_PATHWAY hsa01200: Carbon metabolism 7 7.36E-05 PKM, TPI1, PGK1, ENO1, ALDOA, ENO2, PFKP 9.5656521739 0.012222705 0.003074391 0.003037572 NNMT-GSE159115
KEGG_PATHWAY hsa05230: Central carbon metabolism in cancer 5 0.000914 LDHA, PKM, MYC, SLC16A3, PFKP 11.21428571 0.141647748 0.030534177 0.030168498 NNMT-GSE159115
KEGG_PATHWAY hsa04978: Mineral absorption 8 1.09E-07 FXYD2, MT1M, MT1F, MT1G, MT1H, MT1X, ATP1B1, MT1E 19.79151515 1.79E-05 1.79E-05 1.79E-05 NNMT-GSE171306
KEGG_PATHWAY hsa05016: Huntington disease 11 1.28E-05 UQCRB, UQCRQ, NDUFB2, AP2S51, CLTB, BAX, POLR2G, UQCR10, 5.754453415 0.001304039 0.001304882 0.001228124 SRM-GSE159115

POLR2I, POLR2J, UQCRH
KEGG_PATHWAY hsa03010: Ribosome 7 0.000376 RPLP1, RPLPO, RPL13A, RPS3A, MRPL34, MRPL12, RPL19 7.092082403 0.037596885 0.01915734 0.018030437 SRM-GSE159115
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Figure S6 (A-D) The function enrichment analysis results of DEGs in the high- and low-risk groups. DEG, differentially expressed gene.
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Figure S7 The dot plot for the immune infiltration levels of 24 immune cells in the high- and low-risk groups. NS, no significance; *,
P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001.
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