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Abstract
Pheochromocytoma/paraganglioma (PGPG) is a rare neuroendocrine tumor. Amino 
acid metabolism is crucial for energy production, redox balance, and metabolic 
pathways in tumor cell proliferation. This study aimed to build a risk model using 
amino acid metabolism-related genes, enhancing PGPG diagnosis and treatment 
decisions. We analyzed RNA-sequencing data from the PCPG cohort in the GEO 
dataset as our training set and validated our findings using the TCGA dataset and an 
additional clinical cohort. WGCNA and LASSO were utilized to identify hub genes 
and develop risk prediction models. The single-sample gene set enrichment analysis, 
MCPCOUNTER, and ESTIMATE algorithm calculated the relationship between 
amino acid metabolism and immune cell infiltration in PCPG. The TIDE algorithm 
predicted the immunotherapy efficacy for PCPG patients. The analysis identified 
292 genes with differential expression, which are involved in amino acid metabo-
lism and immune pathways. Six genes (DDC, SYT11, GCLM, PSMB7, TYRO3, 
AGMAT) were identified as crucial for the risk prediction model. Patients with a 
high-risk profile demonstrated reduced immune infiltration but potentially higher 
benefits from immunotherapy. Notably, DDC and SYT11 showed strong diagnos-
tic and prognostic potential. Validation through quantitative Real-Time Polymerase 
Chain Reaction and immunohistochemistry confirmed their differential expression, 
underscoring their significance in PCPG diagnosis and in predicting immunother-
apy response. This study’s integration of amino acid metabolism-related genes into 
a risk prediction model offers critical clinical insights for PCPG risk stratification, 
potential immunotherapy responses, drug development, and treatment planning, 
marking a significant step forward in the management of this complex condition.
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Abbreviations
PCPG	� Pheochromocytoma/paraganglioma
AAMRGs	� Amino acid metabolism-related genes
GEO	� Gene expression omnibus
WGCNA	� Weighted gene co-expression network analysis
TCGA​	� The cancer genome atlas
LASSO	� Least absolute shrinkage and selection operator
ROC	� Receiver operating characteristic
AUC​	� Area under the curve
KEGG	� Kyoto encyclopedia of genes and genomes
GO	� Gene ontology
BP	� Biological processes
CC	� Cellular components
MF	� Molecular functions
GSVA	� Gene set variation analysis
GSEA	� Gene set enrichment analysis
ssGSEA	� Single-sample GSEA
TME	� Tumor microenvironment
DO	� Disease ontology
TIDE	� Tumor immune dysfunction and exclusion
cMAP	� Connectivity map
ICP	� Immune checkpoints
ICD	� Immunogenic cell death

Introduction

Pheochromocytoma/Paraganglioma (PCPG) is a rare neuroendocrine tumor that 
originates from chromaffin cells in the adrenal medulla, with clinical manifes-
tations that typically include hypertension, headache, palpitations, and profuse 
sweating (Lenders et al. 2005; Lam 2017). The incidence of PCPG is about 2–8 
per million per year (Fassnacht et  al. 2020). All PCPG are considered to have 
malignant potential, for which early surgical excision is the way to prevent metas-
tasis (Dahia 2014). Despite advances in the genetics and transcriptomics of 
PCPG, therapeutic options for PCPG remain limited. In addition to surgery and 
radiation therapy, combination chemotherapy that includes cyclophosphamide-
vincristine-dacarbazine (CVD) is recommended for advanced PCPG (Neumann 
et  al. 2019; Pang et  al. 2019). However, the CVD-based treatment is limited in 
improving the quality of life and the overall survival of PCPG patients (Huang 
et  al. 2008). More importantly, since the pathogenesis of pheochromocytoma 
is complex, there is no effective targeted therapy to improve the progression of 
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PCPG. Therefore, identification of new sensitive diagnostic biomarkers with 
PCPG or develop novel therapies for PCPG patients remains an urgent clinical 
need.

The metabolic ecology of tumors is complex, in which amino acid metabolism 
plays an important role in the energy production, nucleotide synthesis, cellular redox 
homeostasis, and connection between metabolic pathways (Martinez-Outschoorn 
et al. 2017; Vettore et al. 2020). In many tumors, the metabolic state of tumor cell 
is particularly affected by variations in amino acids and their derivatives (Sivanand 
and Vander Heiden 2020). For instance, leucine regulates the mTORC1 pathway 
by binding to Sestrin2, a negative regulator of rapamycin complex 1 (mTORC1), 
thereby affecting the metabolism and growth of tumors (Wolfson et al. 2016; Son 
et  al. 2019; Sivanand and Vander Heiden 2020). Tumors depend on a large sup-
ply of amino acids to maintain sufficient energy during growth (Zhang et al. 2018; 
Pathria and Ronai 2021), such as synthesis/catabolism metabolism of glutamine, 
serine, and glycine has been considered as a metabolic regulator that supports tumor 
cell growth (Li and Zhang 2016). Altered tryptophan and arginine catabolism is one 
of the hallmarks of tumor immune microenvironment, as well as tumor growth can 
be slowed by increasing serine and glycine (Lemos et al. 2019; Muthusamy et al. 
2020). Arginine derivatives are involved in processes related to RNA metabolism 
and regulate the function of specific T cells, which promote tumor growth and 
metastasis (Wu et al. 2021). However, the diagnosis and therapeutic value of amino 
acid metabolism-related biomarkers in PCPG has not been reported. Based on the 
interaction between amino acid metabolism and tumor immune microenvironment, 
it will be of great significance to explore the pathogenesis of amino acid metabo-
lism and immune-related genes in PCPG patients and their potential application in 
immunotherapy.

In this study, we conducted bioinformatics analysis to explore the relationship 
between currently known amino acid metabolism-related genes and PCPG patho-
genesis and immune infiltration. Our analysis aimed to identify potential diagnostic 
markers and therapeutic targets and to construct a risk model capable of predicting 
immunotherapy response in pheochromocytoma patients.

Material and Methods

Data Sources and Processing

The Amino acid metabolism-related genes were downloaded from the Molecular 
Signatures Database (http://​www.​gsea-​msigdb.​org/​gsea/​index.​jsp) with the keyword 
“amino acid metabolism.” After removing the duplicated genes, 2357 amino acid 
metabolism-related genes remained (Supplementary Table 1).

The gene expression profiles of GSE19422 were downloaded from GEO database 
(https://​www.​ncbi.​nlm.​nih.​gov/​geo), including 6 normal samples and 84 tumor sam-
ples. We converted the probes into gene symbols for each dataset and in cases where 
multiple probes mapped to the same gene symbol, we selected the probe with the 
highest value as the gene expression value. The RNA-sequencing data of 3 normal 

http://www.gsea-msigdb.org/gsea/index.jsp
https://www.ncbi.nlm.nih.gov/geo
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samples and 184 PCPG samples were downloaded from TCGA database (https://​
portal.​gdc.​cancer.​gov). TCGA database was applied to validate the model as an 
external validation dataset.

Amino Acid Metabolism‑Related Differentially Expressed Genes (DEGs) Screening

The R package “limma” was used to identify the DEGs with screening criteria set as 
|log2FoldChange|> 1 and adjusted P-value < 0.05. The Venn plot was used to visual-
ize the intersection of DEGs and amino acid metabolism-related genes.

Amino Acid Metabolism‑Related DEGs Functional Enrichment Analysis

Gene Ontology (GO)/Kyoto Encyclopedia of Genes and Genomes (KEGG) and Dis-
ease Ontology (DO) enrichment analysis, as well as Gene Set Enrichment Analysis 
(GSEA), were performed using the “clusterProfiler” package of R software (ver-
sion 4.1.3) to further investigate the potential biological functions of DEGs related 
to amino acid metabolism. The GO includes three ontologies: “Biological Process 
(BP),” “Cellular Component (CC),” and “Molecular Function (MF).” The KEGG 
was used to identify potentially important metabolic pathways. GSEA analysis ena-
bles enrichment analysis of individual metabolic pathways. The screening criteria 
were set at a false discovery rate (FDR) < 0.05.

Construction of the Gene Co‑expression Network

To explore the signature gene set of PCPG, weighted gene co-expression network 
analysis (WGCNA) was performed using R software (version 4.1.3) based on the R 
package “WGCNA.” WGCNA was used to explore the relationship between clinical 
features and expression modules. First, cluster the input samples and check whether 
the input samples and genes meet the conditions and build a co-expression network. 
Secondly, the optimal threshold is selected according to the R2 value and the slope 
value. Pearson correlation analysis was performed to construct an adjacency matrix 
and dissimilarity analyses were carried out. Next, the dynamic clipping tree analysis 
method was used to identify network modules and merge similar modules. Finally, 
correlation analysis was performed combining disease phenotype information.

Gene Signature Construction

To analyze the most robust genes of PCPG-related molecules, the LASSO regression 
model was performed to further screen hub genes. Furthermore, the risk score is cal-
culated by multiplying the gene expression by the regression coefficient obtained by 
Lasso regression. All patients were divided into high- and low-risk groups according 
to the median risk score. The ROC curve is generated by the “pROC” R package.

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
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Analysis of Immune Infiltration in PCPG

To evaluate the abundance of immune cell types between high-risk and low-risk 
samples in the dataset, the single-sample gene set enrichment analysis (ssGSEA), 
MCPCOUNTER, and ESTIMATE packages were used. The comparisons of the dis-
tributions between the two groups were made using the Wilcoxon signed-rank test. 
The immune cell composition in disease and normal samples was visualized using 
boxplots. All visualization work was done using R software. Differences were con-
sidered statistically significant when they showed a P-value < 0.05.

Quantitative Real‑Time Transcription (qRT)‑PCR

A total of 18 pheochromocytoma tissue samples (stored in liquid nitrogen) were 
obtained with informed consent from 18 patients with pheochromocytoma undergo-
ing surgery at the First Affiliated Hospital of Zhengzhou University. The research 
protocol of this study was approved by the Ethics Committee of the First Affiliated 
Hospital of Zhengzhou University (2022-KY-0209-002).

Total RNA was extracted from 9 pairs of clinical PCPG tumors and adjacent tis-
sues (200 mg) using 1 mL of TRIzol reagent. Total RNA concentration was deter-
mined using NanoDrop2000. According to the manufacturer’s protocol, cDNA was 
obtained by reverse transcription using a reverse transcription Kit (PrimeScript™ 
RT reagent Kit with gDNA Eraser for qPCR). Quantitative real-time PCR amplifica-
tion was performed with TB Green PCR master mixture (Takara, Japan) according 
to the manufacturer’s protocol.

Transcriptional expression was evaluated by the following primers: DDC, for-
ward, 5′-TGG​GGA​CCA​CAA​CAT​GCT​G-3′, reverse, 5′-TCA​GGG​CAG​ATG​AAT​
GCA​CTG-3′ and SYT11, forward, 5′-GGG​AAG​GTG​GAC​GTA​GGA​AC-30, 
reverse, 5′-GGG​GTC​AGG​CTT​GTA​ATA​GGG-3′.

Histopathology and Immunohistochemistry Staining

Paraffin-embedded tissue sections were prepared and sequentially defatted in xylene, 
rehydrated through a graded alcohol series, and stained with hematoxylin for 3 min 
using Leica ASP200S. Hematoxylin differentiation was applied for 45  s, followed 
by eosin staining for 2  min and sealing with a neutral gum (specified application 
method of Roche HE600).

For IHC, 3  μm sections were incubated at 65  °C for 2  h, defatted in xylene 
(2 × 15 min), and then rehydrated in graded alcohols (100% to 70%). Endogenous 
peroxidase was blocked with 3% hydrogen peroxide (10 min). After washing thrice 
with PBS, antigen retrieval was performed (specify conditions with thermal repair 
buffer). Sections were incubated in a chamber for 1 h, followed by overnight appli-
cation of primary antibodies for DDC (1:1000, 10166-1-AP, Proteintech, Wuhan, 
China) and SYT11 (1:200, 12031-1-AP, Proteintech, Wuhan, China). A secondary 
antibody was applied for 1  h, staining initiated with DAB (specify duration), fol-
lowed by sulforaphane application (Benchmark ultra, specify application method 
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and duration). After sealing with neutral gum, staining patterns were observed 
microscopically.

Bioinformatic Methods and Statistical Analysis

To assess the influence of amino acid metabolism on PCPG therapy, we evaluated 
the responsiveness of PCPG patients to anticancer drugs. Based on the Connectiv-
ity Map (cMAP, https://​clue.​io/) database, we utilized the “PharmacoG” R software 
package to estimate drug sensitivity in patients with PCPG. To evaluate the response 
of the disease to immunotherapy, the immunotherapy response was assessed using 
the Tumor Immune Dysfunction and Exclusion (TIDE, http://​tide.​dfci.​harva​rd.​edu/) 
database.

For the comparison of continuous variables between two groups, the independent 
Student’s t test was employed for normally distributed data, and the Mann–Whitney 
U test (Wilcoxon rank sum test) was used for non-normally distributed data. Cor-
relation analyses were conducted using Spearman analysis. All data analyses were 
executed using R software (version 4.1.3) and relevant packages. P < 0.05 was con-
sidered statistically significant.

Results

Identification of Amino Acid Metabolism‑Related Genes (AAMRGs) 
in Pheochromocytoma/Paraganglioma (PCPG)

In order to explore the potential molecular characteristics of the normal and disease 
groups, genes differentially expressed between the normal and disease groups were 
screened. We normalized the data to obtain biologically significant gene expres-
sion (Fig.  1A, B). PCA analysis was performed on the data which showed a bio-
logical significance between PCPG and normal samples (Fig. 1C). A total of 2357 
differential genes were identified in the 6 normal and 84 PCPG samples from the 
GEO datasets (Fig. 1D). We intersected the differential genes with 2352 amino acid 
metabolism-related genes (AAMRGs) and 292 differential genes (AAMRGs) were 
obtained (Fig. 1E), including 131 up-regulated genes and 161 down-regulated genes 
(Supplementary Table 2).

Functional Enrichment Analysis

For further exploration of the biological characteristics and significance of genes 
related to amino metabolism, we performed GO enrichment analysis, KEGG 
pathway enrichment analysis, DO enrichment analysis, and GSEA enrichment 
analysis. GO enrichment analysis showed significant correlations with tyros-
ine modification and phosphorylation, cellular amino acid metabolic processes, 
amino acid transport, and glutathione metabolic processes in biological process 
(BP) analysis. In molecular function (MF), it was significantly correlated with 

https://clue.io/
http://tide.dfci.harvard.edu/
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glutathione transferase activity, amino acid transmembrane transporter activity, 
organic acid transmembrane transporter activity, transmembrane receptor protein 
kinase activity, and protein tyrosine kinase activity. Cellular component (CC) 
enrichment analysis was found to be concentrated in the mitochondrial matrix, 
membrane microdomain, membrane rafts, and apical plasma membrane (Fig. 2A). 
KEGG pathway enrichment analysis mainly involved glutathione metabolism, 
cysteine and methionine metabolism, platinum drug resistance, degradation of 
valine, leucine and isoleucine, EGFR tyrosine kinase inhibitor resistance, tyros-
ine metabolism, and amino acid biosynthesis (Fig.  2B). Detailed results of the 
GO and KEGG enrichment analyses are shown in Supplementary Table  3 and 
Supplementary Table 4. DO enrichment analyses were mainly involved in renal 
failure, nephropathy, local ischemia, and urinary tract diseases (Fig. 2C).

Additionally, we performed GSEA analysis of all genes in the samples. We 
identified multiple metabolic processes, including arginine and proline metabo-
lism, cortisol synthesis and secretion, Cushing’s syndrome, glutathione metabo-
lism, leukocyte migration, NF-κB signaling pathway, and PPAR signaling path-
way (Fig. 2D).

Taken together, these AAMRGs were enriched in the amino acid metabolic 
processes and transport and immunization pathway. Moreover, it is closely related 
to nephropathy and immune-related pathways. The above results could indicate 
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Fig. 1   Identification of genes differentially associated with amino acid metabolism. A and B GSE19422 
gene chip data before and after correction. C PCA analysis. D The volcano plot for differentially 
expressed genes (DEGs) between normal and PCPG samples in GSE19422. Red bubbles mean up-reg-
ulated genes, blue bubbles mean down-regulated genes, and gray bubbles mean non-significant genes. 
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Fig. 2   Expression patterns and biological significance of amino acid metabolism-related genes in PCPG. 
A First 15 items enriched for biological processes (BPs), cellular components (CCs), and molecular func-
tions (MFs); the abscissa represents the GO term and ordinate is the -log (adj p-value). Band colors: 
blue represents downregulation and red represents upregulation. B KEGG pathways enriched by PCPG 
amino acid metabolism-related genes. C Disease Ontology (DO) pathways enriched by PCPG amino 
acid metabolism-related genes. D GSEA of clustering of eight items
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that AAMRGs may affect the immune response and development of tumors by 
regulating amino acid metabolism.

Weighted Gene Co‑expression Network Analysis

The weighted gene co-expression network (WGCNA) analysis was performed to 
explore pivotal genes that contribute to biological differences between patient 
populations. To screen genes, the absolute median difference (MAD) was used as 
a robust statistic that is more adaptable to outliers in the dataset than the standard 
deviation. Furthermore, hierarchical cluster analysis was performed on the sam-
ples to remove outlier samples. Network construction and module identification 
were then conducted using dynamic trimming tree analysis (Fig. 3A, C).

After determining the optimal soft threshold and building the scale-free net-
work module with an R2 value of 0.93 and a slope of − 1.97 (Fig. 3B, D), we con-
ducted a correlation analysis using scale-free network modules and external traits. 
From the resulting WGCNA traits heatmap, we selected the Module Eigengenes 
(ME) saddlebrown, which had the highest correlation with PCPG (|cor|= 0.77, 
P-value = 1e  −  18) (Fig.  3E). The module membership and gene significance 
were highly correlated in the saddlebrown module (Fig. 3F). In summary, these 
results suggest a close correlation between PCPG and ME saddlebrown, which 
contains genes that may play an important function in the development of PCPG.

Construction of Clinical Prediction Models

To further identify the best candidate genes, logistic least absolute shrinkage and 
selection operator (LASSO) regression analysis algorithm was used to filter the 
six optimal variables from the variables of AAMRGs in the saddlebrown module 
described above using ten-fold cross-validation. An optimal prediction model con-
taining six non-zero coefficient genes (DDC, SYT11, GCLM, PSMB7, TYRO3, 
and AGMAT) was constructed when the model reached the minimum value of 
lambda (λ) (Fig.  4A, B). The Risk Score is as follows: risk score = (0.051*the 
expression of DDC)+(0.586*the expression of SYT11)  −  (0.758*the expres-
sion of GCLM) − (0.658*the expression of PSMB7) − (1.313*the expression of 
TYRO3) − (0.001*the expression of AGMAT). Compared with the normal group, 
the expression of DDC and SYT11 were remarkably up-regulated in the tumor 
group, while the expression of GCLM, PSMB7, TYRO3, and AGMAT were 
remarkably down-regulated in the tumor group (Fig. 4C). Moreover, the expres-
sion levels of these six genes were verified in the TCGA dataset (Fig. 4D). Spear-
man algorithm was used to analyze the correlation and interaction between amino 
acid-related genes (Additional file  5. Fig.  S1). Patients were divided into high-
risk and low-risk groups based on median risk scores. In short, the six amino acid 
metabolism-related features screened may play a key role in the pathogenesis of 
PCPG disease.
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Fig. 3   Weighted gene co-expression network analysis (WGCNA). A Sample dendrogram of genes 
between all samples. B Scale independence and average connectivity under distinct soft-thresholding 
powers. C Co-expression modules in each gene under the hierarchical clustering tree were assigned dif-
ferent colors. D TOM network clustering heatmap. E Heatmap of the relationship between co-expression 
modules and PCPG. F Correlation between module membership (MM) and genetic significance (GS) of 
the PCPG group
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Identification of Immune Microenvironment and Biological Function 
Characteristics of Different Risk Subtypes

We conducted a comprehensive analysis of immune infiltration differences between 
high-risk and low-risk samples using three distinct approaches: single-sample gene 
set enrichment analysis (ssGSEA), MCPCOUNTER, and ESTIMATE. Specifically, 
we utilized the ssGSEA algorithm to evaluate the abundance of 28 immune cell spe-
cies between high-risk and low-risk groups. The resulting immune cell ratios for 28 
PCPG are illustrated in Fig. 5A. Compared with the high-risk group, we observed 
significantly higher infiltration levels of various immune cell types, including Acti-
vated B cells, Activated CD8 T cells, Central memory CD4 T cells, Effector mem-
ory CD8 T cells, Gamma delta T cells, Eosinophils, Mature B cells, macrophages, 
mast cells, NK cells, neutrophils, regulatory T cells, and TFH cells, in the low-risk 
group (Fig.  5A). MCPCOUNTER is a marker-based genetic method for quantify-
ing tumor-infiltrating immune cells. The abundance score for each cell type was 
calculated independently for each sample, based on the geometric mean of the cell 
type-specific gene expression values. MCPCOUNTER analysis results showed that 
T cells, cytotoxic lymphocytes, NK cells, Monocytic lineage, Myeloid dendritic 
cells, Neutrophils, Endothelial cells, and Fibroblasts had higher enrichment frac-
tions in the low-risk group (Fig. 5C). ESTIMATER results indicate that AAMRGs 
risk scores tend to be negatively correlated with the level of immune cell infiltration 
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(Additional file 6. Fig. S2A–D). Similarly, in the TCGA cohort, the ssGSEA results 
showed that the low-risk group had higher levels of Activated B cell, Activated CD8 
T cell, Central memory CD4 T cell, Effector memory CD8 T cell, Gamma delta T 
cell, Immature B cell, and Macrophage, and Mast cell infiltration levels were higher 
(Fig.  5B). Compared to the GEO cohort, the results of MCPCOUNTER analysis 
in the TCGA cohort showed higher enrichment fractions of T cells, CD8 T cells, 
Monocytic lineage, Myeloid dendritic cells, Neutrophils, Endothelial cells, and 

** * * *** *** *** ** ** *** *** *** *** *** *** *** ** *** ** * *** *** *** **
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Fig. 5   Analysis of immune infiltration in PCPG. A and B Enrichment fractions of immune cells in the 
high- and low-risk groups of PCPG patients were assessed by ssGSEA and MCPCOUNTER. P values 
were calculated using Wilcoxon test for two groups. Differential enrichment scores of 28 immune cell 
signatures between the high- and low-risk groups in A GEO and B TCGA cohorts. C and D Differential 
absolute abundance of 8 immune cells and 2 stromal cells between the high- and low-risk groups in the 
C GEO and D TCGA cohorts (*P < 0.05, **P < 0.01, ***P < 0.001)
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Fibroblasts in the high-risk group (Fig. 5D). Overall, the results indicate that amino 
acid metabolism-related signatures were closely associated with the tumor immune 
microenvironment that may lead to differences in immune infiltration between the 
two risk subgroups.

We investigated the immune-related mechanisms underlying high- and low-risk 
groups in PCPG patients by conducting a gene set variation analysis (GSVA) enrich-
ment analysis based on the gene sets provided by Bagaev et al. (2021). The results 
indicated that the low-risk group had significantly higher enrichment of immune-
related pathways, including B cells, Co-stimulatory receptors, Effector cell traffic, 
MHCII, and T cells, compared to the high-risk group (Fig. 6A, C). In contrast, the 
high-risk group exhibited reduced activation of these pathways (Fig. 6B, D), indicat-
ing a weakened immune response against tumor cells. Therefore, targeting amino 
acid metabolism-related genes may represent a potential strategy to modulate the 
immune microenvironment and enhance the efficacy of immunotherapy in PCPG 
patients.

Association Between High‑ and Low‑Risk Groups of PCPG and Immune 
Modulators

Given that immune checkpoints (ICPs) and immunogenic cell death (ICD) regula-
tors function as important immune regulators in tumors, we compared the expres-
sion levels of immune checkpoints in the high-risk and low-risk groups. A total 
of 46 ICP-related genes were analyzed in GEO and TCGA cohorts, of which 19 
(41.3%) genes in the GEO cohort (Fig.  7A) and 26 (56.5%) genes in the TCGA 
cohort (Fig.  7B) had differential expression between the high-risk groups and 
low-risk groups. For instance, NRP1, TNFRSF4, CD86, ADORA2A, CD27, 
TNFSF15, HAVCR2, LAIR1, CD200R1, CD48, TIGIT, IDO1, CD244, BTLA, 
PDCD1LG2, IDO2, TNFSF18, and TNFRSF8 were significantly up-regulated in the 
low-risk group, while CD276, NRP1, VSIR, LGALS9, HAVCR2, LAIR1, CD86, 
PDCD1LG2, TNFRSF18, CD48, PDCD1, CD28, TNFSF9, CD40LG, ADORA2A, 
TNFRSF8, TNFSF15, ICOS, HHLA2, CD80, ICOSLG, BTLA, TNFRSF9, and 
VTCN1 were overexpressed in the low-risk group in the TCGA cohort. The results 
of our analysis imply that the amino acid metabolism-related signature may have 
potential clinical utility in evaluating PCPG immunotherapy. 25 ICD genes were 
detected in the GEO cohort, of which 11 (44.0%) were differentially expressed 
between the two groups (Fig. 7C). For example, the expression of FPR1, CXCL10, 
TLR3, EIF2AK2, EIF2AK1, HGF, EIF2AK4, P2RY2, ANXA1, P2RX7, and MET 
were all higher in the low-risk group than in the high-risk group. While there were 
21 ICD genes expressed in the TCGA cohort, 10 (47.6%) were significantly dif-
ferent between the high-risk groups and low-risk groups (Fig.  7D). For example, 
HMGB1, ANXA1, IFNAR1, EIF2AK3, FPR1, CXCL10, MET, HGF, TLR3, and 
P2RY2 were overexpressed in the low-risk group than in the high-risk group. The 
expression of ICD regulators was significantly higher in the low-risk group than in 
the high-risk group, which indicated a relatively higher level of immunoreactivity in 
the low-risk group. Therefore, the risk model could reflect the expression levels of 
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ICPs and ICD regulators, which are immune-related genes that may be involved in 
the immune regulation of PCPG.

In brief, the low-risk group showed elevated expression of ICP and ICD modula-
tors, but exhibited lower sensitivity to immune checkpoint inhibitors. Moreover, the 
low-risk group had a greater ability to evade the immune system. These results again 
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Fig. 6   Gene set variation analysis (GSVA) in PCPG. A and B Heatmaps showed the overall character-
istics of 29 immune features between the GEO (A) and TCGA (B) cohorts of PCPG risk subtypes. C 
and D Differential expression of 29 signatures between the PCPG risk subtypes in GEO (C) and TCGA 
(D) cohorts. P-values were calculated using Wilcoxon test for two groups (*P < 0.01, **P < 0.001, 
***P < 0.001)



1 3

Biochemical Genetics	

validated that amino acid metabolism-related signatures play an important regula-
tory role in forming different immune microenvironments in PCPG patients.

Immunotherapy and Potential Drugs with Potential Activity for PCPG

To identify potential populations that could benefit from immunotherapy, the 
TIDE algorithm was employed to predict the response to immunotherapy for dif-
ferent risk subtypes. The results indicated that, in the GEO cohort, the high-risk 
group exhibited a significantly better response to immunotherapy than the low-
risk group (Fig.  8A). The same result was also observed in TCGA, where the 
high-risk group benefited more from immunotherapy (Fig.  8B). The “Pharma-
coG” R package was used to identify drugs with potential activity in PCPG to 
identify potential drugs. The prediction of drugs was performed with 292 DEGs 
related to amino acid metabolism as input genes. As the results showed the top 

Fig. 7   Association between high- and low-risk groups and ICPs and ICD modulators. A and B Differ-
ential expression of ICP genes between the high- and low-risk groups in A GEO and B TCGA cohorts. 
C and D Differential expression of ICD modulator genes between the high- and low-risk groups in C 
GEO and D TCGA cohorts. P-values were calculated using Wilcoxon test for two groups (*P < 0.01, 
**P < 0.001, ***P < 0.001)
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five drugs with enrichment scores were clofibrate, butein, fasudil, imatinib and 
irinotecan (Fig. 8C). The results suggest that these drugs may have better clinical 
efficacy in PCPG patients.

Besides, our predictive model performed effectively in assessing the diagno-
sis of patients with pheochromocytoma. The diagnostic performance of DDC 
and SYT11 was assessed by calculating the area under ROC curve (AUC) in the 
validation sets of TCGA and GSE39716. In the TCGA dataset, the AUC value of 
DDC was 0.991 (Fig. 8F), while that of SYT11 was 0.996 (Fig. 8G), indicating 
excellent diagnostic accuracy. In the GSE39716 dataset, the AUC values of DDC 
and SYT11 were 0.84 and 0.67, respectively, indicating moderate diagnostic per-
formance (Additional file 7. Fig. S3A, B). In addition, survival analysis revealed 
that high expression of SYT11 in PCPG patients was associated with a poor prog-
nosis (Fig. 9A). Notably, high SYT11 expression in other cancer types, such as 
Adrenocortical Cancer, Bladder Cancer, Acute Myeloid Leukemia, Mesotheli-
oma, and Ocular Melanomas, also associated with poor prognoses (Fig. 9B–F). 
These findings indicate that DDC and SYT11 have promising potential as diag-
nostic biomarkers in PCPG.

In summary, the analysis of amino acid metabolism-related genes has revealed 
their potential as valuable biomarkers for the diagnosis of PCPG. Furthermore, 
our study suggests that amino acid metabolic risk grouping can effectively stratify 
patients and predict treatment outcomes, particularly in the context of immuno-
therapy and drug screening.
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Validation of DDC and SYT11 as Key Biomarkers in PCPG

We evaluated the expression levels of AAMRGs, specifically DDC and SYT11, in 
PCPG and adjacent tissues. Our findings indicated a substantial upregulation of DDC 
and SYT11 in PCPG tissues compared with adjacent tissues (Fig. 10A, B). Further-
more, immunohistochemistry staining analyses substantiated a significant enhance-
ment in the expression of DDC and SYT11 in PCPG tissues relative to adjacent and 
normal adrenal tissues (Fig. 10C–F and Additional File 8. Fig. S4A–H). Collectively, 
these results corroborate our previous analyses concerning the expression of DDC 
and SYT11.

Discussion

Tumor metabolic reprogramming endows cancer cells proliferation and viability. At 
present, dysregulated metabolism/catabolism of amino acids, particularly glutamine, 
glycine and serine, have been identified to support the metabolic regulators of cancer 
cell growth (Li and Zhang 2016). In addition, amino acids are involved in the remod-
eling of tumor microenvironment and the maintenance of tumor redox balance. For 
instance, Kynurenine produced from tryptophan induces immune suppression of 
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tumors by binding and activating transcription factors (Lieu et al. 2020). However, 
the impact of genes related to amino acid metabolism in the immune microenviron-
ment and immunotherapy of pheochromocytoma have not been clarified.

In this study, a gene set consisting of 2357 genes involved in amino acid metabolism 
was defined, utilizing the Molecular Signatures database. We screened 292 differen-
tially (DEGs) related genes of amino acid metabolism. Subsequently, GO annotation 
and KEGG enrichment analyses indicated that these DEGs were mainly involved in 
the amino acid metabolic processes and transport and immunization pathway. Then, we 
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Adjacent tissue PCPG Adjacent tissue PCPG

Adjacent tissue PCPG Adjacent tissue PCPG

C D

FE

Fig. 10   Validation of DDC and SYT11 expression at the mRNA and protein levels in PCPG. A Relative 
expression levels of DDC in PCPG and adjacent normal tissues. B Relative expression levels of SYT11 
in PCPG and adjacent normal tissues. C and D Representative IHC images of DDC in PCPG tissues and 
adjacent tissues. E and F Representative IHC images of SYT11 in PCPG tissues and adjacent tissues
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constructed amino acid metabolism profiles by WGCNA and LASSO regression model 
for investigating the impact of amino acid metabolism on pheochromocytoma patho-
genesis and immunity and identified six hub genes (DDC, SYT11, GCLM, PSMB7, 
TYRO3, and AGMAT). The TCGA dataset confirmed that DDC and SYT11 were 
highly expressed in PCPG and were highly similar in biological function (Fig.  5D), 
while GCLM, PSMB7, TYRO3, and AGMAT were down-regulated in PCPG. We 
revealed two distinct risk subgroups based on the expression of 6 amino acid metabo-
lism-related genes. Notably, significant differences in immune activities were observed 
between PCPG patients with different amino acid metabolism patterns. Furthermore, 
according to different immune infiltration algorithms, we found that the infiltration pat-
terns of immune cells varied in different subgroups, and immune cells showed a signifi-
cant negative relationship with the risk score of PCPG patients. Compared with high-
risk patients, low-risk patients presented with higher levels of immune infiltration. As a 
consequence, high-risk patients might benefit from immunotherapy. The above results 
suggest that the amino acid metabolism-related signature have excellent and reliable 
predictive power for the diagnosis and immunotherapy of PCPG patients.

Several studies have reported a link between six central genes that are, to some extent, 
involved in the process of PCPG. DDC, SYT11, GCLM, PSMB7, TYRO3, and AGMAT 
are the key genes used to construct the amino acid metabolism-related signature. DDC was 
considered a biomarker in different tumors, such as neuroendocrine tumors, neuroblas-
toma, and prostate cancer (Kontos et al. 2010; Koutalellis et al. 2012). High expression 
of DDC was also observed in breast cancer, highly differentiated colorectal tumors, small 
cell lung cancer, neuroblastoma, and pheochromocytoma (Kontos et al. 2010; Tremmel 
et al. 2020). SYT11 is a member of the family of synaptic lectins (SYTs), which are known 
calcium sensors and mediate calcium-dependent regulation of membrane transport in syn-
aptic transmission. A recent study revealed that SYT11 driven the invasion and metasta-
sis of lung cancer by altering the tumor microenvironment (Bajaj et al. 2022). SYT11 is 
highly expressed in diffuse gastric cancer, which plays a crucial role in the JNK11 phos-
phorylation and cell proliferation and metastasis (Kim et al. 2022). Furthermore, the ele-
vated expression of the SYT11 gene has been associated with a poorer prognosis in various 
tumor types, providing additional evidence to support its potential as a diagnostic marker 
for PCPG. As a summary, the amino acid metabolism-related pivotal genes DDC and 
SYT11 could potentially be a novel biomarker to reveal the pathogenesis of PCPG.

GCLM is the key velocity-limiting enzyme for glutathione synthesis, which was 
essential for maintaining the intracellular redox state (Schaupp et al. 2022). When 
glutathione deficiency leads to increased oxidative stress, causing abnormal redox 
signaling to initiate and promote tumor progression (Luo et al. 2022). Proteasome 
subunit beta-7 (PSMB7) is a member of the 20S and 26S proteasome complexes, 
which play a key role in maintaining protein homeostasis (Rho et al. 2008; Houhou 
et al. 2019). In addition to exhibiting significantly lower expression levels in tumor 
cells, PSMB7 actively participates in the generation of MHC Class I-presenting 
antigen peptides by forming the 20S-PA28 complex (Groettrup et  al. 1996; Eang 
et  al. 2009). TYRO3 promoted cell growth and metastasis through Wnt/β-catenin 
signaling-mediated EMT in gastric cancer, in which TYRO3 silencing distinctively 
suppressed gastric cancer cells proliferation, invasion, and metastasis. (Chen et al. 
2020; Uejima et al. 2020). Moreover, TYRO3 increased CD8+T cell infiltration by 
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modulating MDSC function, which enhanced the effect of anti-PD-1 checkpoint 
inhibitor immunotherapy (Holtzhausen et  al. 2019). AGMAT was produced from 
the decarboxylation of L-arginine as a primary amine, which has been documented 
to have widely biological effects, including inhibition of cell proliferation and stimu-
lation of glomerular filtration rate (Benítez et al. 2018). The findings indicate that 
GCLM, PSMB7, TYRO3, and AGMAT potentially serve as protective genes in 
PCPG. Moreover, they may play significant roles in shaping the tumor microenvi-
ronment and influencing the effectiveness of immunotherapy in PCPG.

The tumor microenvironment (TME) is mainly composed of tumor cells, immune cells, 
and extracellular matrix, which is closely related to cancer development, growth, and metas-
tasis (Hanahan and Coussens 2012; Liu et al. 2023). Studies have shown that the infiltra-
tion density and function of immune cells in TME profoundly affect tumor progression 
and immunotherapy (Quail and Joyce 2013; Gasser et al. 2017). Based on the results of 
the enrichment analysis, we can reasonably infer that amino acid metabolism-related genes 
were related to the tumor immune microenvironment. Therefore, we explored the immune 
infiltration in high- and low-risk groups by the ssGSEA method. We found that high-risk 
patients had lower levels of antitumor-infiltrating immune cells, whereas, the low-risk group 
had higher populations of antitumor immune cells in the tumor microenvironment (e.g., B 
cells, CD8 T cells, NK cells, dendritic cells (DCs), mast cells, neutrophils, T follicular helper 
cells), which indicated globally impaired immune function in the GEO cohort of high-risk 
patients. Similar conclusions were validated in the TCGA cohort. Interestingly, MDSC and 
Treg cell expression were elevated in low-risk patients with high antitumor activity, which 
may be attributed to TME containing a large number of immunosuppressive factors that 
greatly inhibit the antitumor function of immune cells. Furthermore, the increase of Treg 
cells may inhibit the antitumor immune response and affect the effectiveness of immuno-
therapy (Tanaka and Sakaguchi 2017; Kaminskiy et al. 2022). Investigation has shown that 
amino acid metabolism can affect specific immune responses by modulating tumor immune 
infiltrating cells (Nakamura et al. 2007; Timosenko et al. 2017; Lemos et al. 2019). Accord-
ing to the tumor immune editing hypothesis, there were both antitumor immune responses 
and promotion of tumor escape or immune destruction in cancer (Dunn et al. 2002). More-
over, immune scores derived from the MCPCOUNTER algorithm confirmed low immu-
nogenicity in the high-risk group. AAMRGs risk scores tended to be negatively correlated 
with the level of immune cell infiltration (Fig. S2A-D), which indicates the increased AAM-
RGs risk was associated with decreased stromal cells and immune cells (Yoshihara et al. 
2013). As a result, our risk score could inform the immune infiltration of the PCPG tumor 
microenvironment and might influence immunotherapy.

Given that ICP and ICD modulators are factors in the effect of immunotherapy, 
we further analyzed the expression of ICP and ICD in different risk subgroups. In 
the GEO and TCGA cohorts, ICP and ICD modulators differed significantly in the 
risk groups, implying that risk scores may inform immunotherapy in patients with 
different immune status. On the other hand, increased expression of ICD modulators 
in tumors also suggests that mRNA vaccines have greater potential in these tumors. 
In addition, we also used the TIDE database for immunotherapy prediction. The TIDE 
score can be used as an alternative biomarker to predict the response to immune check-
point blockade by calculating the TIDE score for each tumor sample (Fu et al. 2020). 
The TIDE results confirmed better immunotherapy efficacy and greater sensitivity in 
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the high-risk group compared to the low-risk group. The efficacy of immunotherapy is 
often hindered by various immunosuppressive signals present within the tumor micro-
environment (TME) (Smyth et al. 2016). The analysis of Gene set variation analysis 
(GSVA) demonstrated that the low-risk group displayed elevated activity in crucial fac-
tors, including Tumor-associated macrophages, Angiogenesis, and Matrix remodeling. 
Research indicates that Tumor-associated Macrophages have the ability to establish and 
reshape the extracellular matrix structure, enabling tumor cells to invade through the 
tumor microenvironment (TME) and thereby affecting the effectiveness of immuno-
therapy (Noy and Pollard 2014; Mantovani et al. 2017).

To identify drugs that may benefit PCPG, we performed drug prediction using 
“PharmacoG” R package based on amino acid metabolism-related gene expression. 
The analysis identified clofibrate, butein, fasudil, imatinib, and irinotecan as the most 
significant potential therapeutic agents for treating pheochromocytoma. Clofibrate 
attenuated the inflammatory response by activating the PPARα pathway to inhibit 
the growth of human breast cancer cells (Chandran et al. 2016). Butein causes cell 
cycle arrest, apoptosis, and invasion in non-small cell lung cancer cells via activa-
tion of endoplasmic reticulum stress and ROS pathway (Di et al. 2019). The applica-
tion of butein led to the downregulation of hTERT gene expression, effectively sup-
pressing the proliferation and differentiation of human leukemia cells (Moon et al. 
2009). After the fasudil treatment, breast cancer cells were significantly reduced in 
terms of migration and partial disorganization of actin filaments, which resulted in 
reduced invasive abilities in vitro (Guerra et al. 2017). Imatinib provides better ther-
apeutic effect for leukemia, which has the effect of inhibiting tumor cell proliferation 
and promoting tumor cell apoptosis in leukemia (Lompardía et al. 2019). Irinotecan 
has been shown to have a significant effect in colorectal cancer, acting specifically in 
the S phase of the cell cycle, by blocking DNA synthesis and inhibiting the growth 
of tumor cells (Matsusaka and Lenz 2015; Fornaro et al. 2019).

Overall, we have developed a new risk model of PCPG and using the AAMRG 
risk model that can help diagnose patients with pheochromocytoma and could help 
reveal the interactions between amino acid metabolism and the tumor microenviron-
ment. The model will help to select high-risk patients and provide new directions for 
immunotherapy prediction and potential drug screening.

Conclusion

In conclusion, our study established a predictive signature associated with amino acid 
metabolism that can accurately distinguish PCPG patients with different clinical out-
comes. Moreover, this study provides evidence to support the combination of amino 
acid metabolism and immunotherapy for future clinical treatment of PCPG patients.

Supplementary Information  The online version contains supplementary material available at https://​doi.​
org/​10.​1007/​s10528-​024-​10733-5.

Acknowledgements  The authors would like to thank GEO (https://​www.​ncbi.​nlm.​nih.​gov/​geo), TCGA 
(http://​cance​rgeno​me.​nih.​gov) and GSEA (http://​www.​gsea-​msigdb.​org/​gsea/​index.​jsp) for data collec-
tion, as well as TIDE (http://​tide.​dfci.​harva​rd.​edu) and cMAP (https://​clue.​io) for the provision of data 

https://doi.org/10.1007/s10528-024-10733-5
https://doi.org/10.1007/s10528-024-10733-5
https://www.ncbi.nlm.nih.gov/geo
http://cancergenome.nih.gov
http://www.gsea-msigdb.org/gsea/index.jsp
http://tide.dfci.harvard.edu
https://clue.io


	 Biochemical Genetics

1 3

processing and customizable functions. Especially, the author YL would like to express deepest gratitude 
to Gao from The First Affiliated Hospital of Wannan Medical College, Yijishan Hospital for technologi-
cal guidance, conceptual inspiration, and moral edification.

Author Contributions  All authors contributed to the study conception and design. ZY and YL conceived 
the study, performed the literature search and bioinformatics analysis, and prepared the figures. YW, YR, 
ZL, LZ, XY and LS were instrumental in data collection, analysis, and interpretation and conducted the 
experimental work. WS, YG, and TL reviewed and modified the manuscript and provided financial sup-
port for the studies. All authors read and approved the final manuscript.

Funding  This study was supported by the Young Elite Scientists Sponsorship Program by Henan Asso-
ciation for Science and Technology (NO.2022HYTP043 to Y.Z.C.), the Key Project of Henan Medical 
Science and Technology (2020zd-02 to Y.Z.C.), Investigation Project of Social Science Circles Federa-
tion of Henan Province (No.SL;-2023-1363 to Y.Z.C.), and the Joint Project of Henan Medical Science & 
Technology (NO.LHGI20230060 to S.W.B).

Data Availability  The datasets generated during and/or analyzed during the current study are available 
from the corresponding author on reasonable request. All databases are accessible via the following 
respective websites: For TCGA, one can visit (https://​portal.​gdc.​cancer.​gov/) and for GEO, the link is 
(https://​www.​ncbi.​nlm.​nih.​gov/​geo/).

Declarations 

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.

Ethical Approval  This study was performed in line with the principles of the Declaration of Helsinki. This 
study was reviewed and approved by the ethics committee of The First Affiliated Hospital of Zhengzhou 
University (2022-KY-0209-002).

Consent for Publication  Not applicable.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Bagaev A, Kotlov N, Nomie K et  al (2021) Conserved pan-cancer microenvironment subtypes predict 
response to immunotherapy. Cancer Cell 39:845-865.e7. https://​doi.​org/​10.​1016/j.​ccell.​2021.​04.​014

Bajaj R, Rodriguez BL, Russell WK et al (2022) Impad1 and Syt11 work in an epistatic pathway that 
regulates EMT-mediated vesicular trafficking to drive lung cancer invasion and metastasis. Cell Rep 
40:111429. https://​doi.​org/​10.​1016/j.​celrep.​2022.​111429

Benítez J, García D, Romero N et al (2018) Metabolic strategies for the degradation of the neuromodu-
lator agmatine in mammals. Metabolism 81:35–44. https://​doi.​org/​10.​1016/j.​metab​ol.​2017.​11.​005

Chandran K, Goswami S, Sharma-Walia N (2016) Implications of a peroxisome proliferator-activated 
receptor alpha (PPARα) ligand clofibrate in breast cancer. Oncotarget 7:15577–15599. https://​doi.​
org/​10.​18632/​oncot​arget.​6402

Chen D, Liu Q, Cao G, Zhang W (2020) TYRO3 facilitates cell growth and metastasis via activation of 
the Wnt/β-catenin signaling pathway in human gastric cancer cells. Aging 12:2261–2274. https://​
doi.​org/​10.​18632/​aging.​102744

https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.ccell.2021.04.014
https://doi.org/10.1016/j.celrep.2022.111429
https://doi.org/10.1016/j.metabol.2017.11.005
https://doi.org/10.18632/oncotarget.6402
https://doi.org/10.18632/oncotarget.6402
https://doi.org/10.18632/aging.102744
https://doi.org/10.18632/aging.102744


1 3

Biochemical Genetics	

Dahia PLM (2014) Pheochromocytoma and paraganglioma pathogenesis: learning from genetic heteroge-
neity. Nat Rev Cancer 14:108–119. https://​doi.​org/​10.​1038/​nrc36​48

Di S, Fan C, Ma Z et  al (2019) PERK/eIF-2α/CHOP pathway dependent ROS generation mediates 
butein-induced non-small-cell lung cancer apoptosis and G2/M phase arrest. Int J Biol Sci 15:1637–
1653. https://​doi.​org/​10.​7150/​ijbs.​33790

Dunn GP, Bruce AT, Ikeda H et al (2002) Cancer immunoediting: from immunosurveillance to tumor 
escape. Nat Immunol 3:991–998. https://​doi.​org/​10.​1038/​ni1102-​991

Eang R, Girbal-Neuhauser E, Xu B, Gairin JE (2009) Characterization and differential expression of 
a newly identified phosphorylated isoform of the human 20S proteasome β7 subunit in tumor vs. 
normal cell lines. Fundam Clin Pharmacol 23:215–224. https://​doi.​org/​10.​1111/j.​1472-​8206.​2009.​
00665.x

Fassnacht M, Assie G, Baudin E et al (2020) Adrenocortical carcinomas and malignant phaeochromocy-
tomas: ESMO–EURACAN clinical practice guidelines for diagnosis, treatment and follow-up. Ann 
Oncol 31:1476–1490. https://​doi.​org/​10.​1016/j.​annonc.​2020.​08.​2099

Fornaro L, Leone F, Vienot A et al (2019) Validated nomogram predicting 6-month survival in pancreatic 
cancer patients receiving first-line 5-fluorouracil, oxaliplatin, and irinotecan. Clin Colorectal Cancer 
18:e394–e401. https://​doi.​org/​10.​1016/j.​clcc.​2019.​08.​004

Fu J, Li K, Zhang W et al (2020) Large-scale public data reuse to model immunotherapy response and 
resistance. Genome Med 12:21. https://​doi.​org/​10.​1186/​s13073-​020-​0721-z

Gasser S, Lim LHK, Cheung FSG (2017) The role of the tumour microenvironment in immunotherapy. 
Endocr Relat Cancer 24:T283–T295. https://​doi.​org/​10.​1530/​ERC-​17-​0146

Groettrup M, Soza A, Eggers M et al (1996) A role for the proteasome regulator PA28α in antigen pres-
entation. Nature 381:166–168. https://​doi.​org/​10.​1038/​38116​6a0

Guerra FS, de Oliveira RG, Fraga CAM et al (2017) ROCK inhibition with Fasudil induces beta-catenin 
nuclear translocation and inhibits cell migration of MDA-MB 231 human breast cancer cells. Sci 
Rep 7:13723. https://​doi.​org/​10.​1038/​s41598-​017-​14216-z

Hanahan D, Coussens LM (2012) Accessories to the crime: functions of cells recruited to the tumor 
microenvironment. Cancer Cell 21:309–322. https://​doi.​org/​10.​1016/j.​ccr.​2012.​02.​022

Holtzhausen A, Harris W, Ubil E et al (2019) TAM family receptor kinase inhibition reverses MDSC-
mediated suppression and augments anti–PD-1 therapy in melanoma. Cancer Immunol Res 7:1672–
1686. https://​doi.​org/​10.​1158/​2326-​6066.​CIR-​19-​0008

Houhou H, Puckelwaldt O, Strube C, Haeberlein S (2019) Reference gene analysis and its use for 
kinase expression profiling in Fasciola hepatica. Sci Rep 9:15867. https://​doi.​org/​10.​1038/​
s41598-​019-​52416-x

Huang H, Abraham J, Hung E et al (2008) Treatment of malignant pheochromocytoma/paraganglioma 
with cyclophosphamide, vincristine, and dacarbazine: recommendation from a 22-year follow-up of 
18 patients. Cancer 113:2020–2028. https://​doi.​org/​10.​1002/​cncr.​23812

Kaminskiy Y, Kuznetsova V, Kudriaeva A et al (2022) Neglected, yet significant role of FOXP1 in T-cell 
quiescence, differentiation and exhaustion. Front Immunol 13:971045. https://​doi.​org/​10.​3389/​
fimmu.​2022.​971045

Kim BK, Kim DM, Park H et al (2022) Synaptotagmin 11 scaffolds MKK7–JNK signaling process to 
promote stem-like molecular subtype gastric cancer oncogenesis. J Exp Clin Cancer Res 41:212. 
https://​doi.​org/​10.​1186/​s13046-​022-​02420-3

Kontos CK, Papadopoulos IN, Fragoulis EG, Scorilas A (2010) Quantitative expression analysis and 
prognostic significance of L-DOPA decarboxylase in colorectal adenocarcinoma. Br J Cancer 
102:1384–1390. https://​doi.​org/​10.​1038/​sj.​bjc.​66056​54

Koutalellis G, Stravodimos K, Avgeris M et al (2012) L-dopa decarboxylase (DDC ) gene expression is 
related to outcome in patients with prostate cancer: DDC in prognosis after radical prostatectomy. 
BJU Int 110:E267–E273. https://​doi.​org/​10.​1111/j.​1464-​410X.​2012.​11152.x

Lam AK (2017) Update on adrenal tumours in 2017 World Health Organization (WHO) of endocrine 
tumours. Endocr Pathol 28:213–227. https://​doi.​org/​10.​1007/​s12022-​017-​9484-5

Lemos H, Huang L, Prendergast GC, Mellor AL (2019) Immune control by amino acid catabolism during 
tumorigenesis and therapy. Nat Rev Cancer 19:162–175. https://​doi.​org/​10.​1038/​s41568-​019-​0106-z

Lenders JW, Eisenhofer G, Mannelli M, Pacak K (2005) Phaeochromocytoma. The Lancet 366:665–675. 
https://​doi.​org/​10.​1016/​S0140-​6736(05)​67139-5

Li Z, Zhang H (2016) Reprogramming of glucose, fatty acid and amino acid metabolism for cancer 
progression. Cell Mol Life Sci 73:377–392. https://​doi.​org/​10.​1007/​s00018-​015-​2070-4

https://doi.org/10.1038/nrc3648
https://doi.org/10.7150/ijbs.33790
https://doi.org/10.1038/ni1102-991
https://doi.org/10.1111/j.1472-8206.2009.00665.x
https://doi.org/10.1111/j.1472-8206.2009.00665.x
https://doi.org/10.1016/j.annonc.2020.08.2099
https://doi.org/10.1016/j.clcc.2019.08.004
https://doi.org/10.1186/s13073-020-0721-z
https://doi.org/10.1530/ERC-17-0146
https://doi.org/10.1038/381166a0
https://doi.org/10.1038/s41598-017-14216-z
https://doi.org/10.1016/j.ccr.2012.02.022
https://doi.org/10.1158/2326-6066.CIR-19-0008
https://doi.org/10.1038/s41598-019-52416-x
https://doi.org/10.1038/s41598-019-52416-x
https://doi.org/10.1002/cncr.23812
https://doi.org/10.3389/fimmu.2022.971045
https://doi.org/10.3389/fimmu.2022.971045
https://doi.org/10.1186/s13046-022-02420-3
https://doi.org/10.1038/sj.bjc.6605654
https://doi.org/10.1111/j.1464-410X.2012.11152.x
https://doi.org/10.1007/s12022-017-9484-5
https://doi.org/10.1038/s41568-019-0106-z
https://doi.org/10.1016/S0140-6736(05)67139-5
https://doi.org/10.1007/s00018-015-2070-4


	 Biochemical Genetics

1 3

Lieu EL, Nguyen T, Rhyne S, Kim J (2020) Amino acids in cancer. Exp Mol Med 52:15–30. https://​
doi.​org/​10.​1038/​s12276-​020-​0375-3

Liu T, Ren Y, Wang Q et al (2023) Exploring the role of the disulfidptosis-related gene SLC7A11 in 
adrenocortical carcinoma: implications for prognosis, immune infiltration, and therapeutic strate-
gies. Cancer Cell Int 23:259. https://​doi.​org/​10.​1186/​s12935-​023-​03091-6

Lompardía S, Díaz M, Pibuel M et  al (2019) Hyaluronan abrogates imatinib-induced senes-
cence in chronic myeloid leukemia cell lines. Sci Rep 9:10930. https://​doi.​org/​10.​1038/​
s41598-​019-​47248-8

Luo M, Zhou L, Huang Z et al (2022) Antioxidant therapy in cancer: rationale and progress. Antioxi-
dants 11:1128. https://​doi.​org/​10.​3390/​antio​x1106​1128

Mantovani A, Marchesi F, Malesci A et al (2017) Tumour-associated macrophages as treatment tar-
gets in oncology. Nat Rev Clin Oncol 14:399–416. https://​doi.​org/​10.​1038/​nrcli​nonc.​2016.​217

Martinez-Outschoorn UE, Peiris-Pagés M, Pestell RG et al (2017) Cancer metabolism: a therapeutic 
perspective. Nat Rev Clin Oncol 14:11–31. https://​doi.​org/​10.​1038/​nrcli​nonc.​2016.​60

Matsusaka S, Lenz HJ (2015) Pharmacogenomics of fluorouracil-based chemotherapy toxicity. Expert 
Opin Drug Metab Toxicol 11:811–821. https://​doi.​org/​10.​1517/​17425​255.​2015.​10276​84

Moon DO, Kim MO, Lee JD et  al (2009) Butein suppresses c-Myc-dependent transcription and 
Akt-dependent phosphorylation of hTERT in human leukemia cells. Cancer Lett 286:172–179. 
https://​doi.​org/​10.​1016/j.​canlet.​2009.​05.​028

Muthusamy T, Cordes T, Handzlik MK et al (2020) Serine restriction alters sphingolipid diversity to 
constrain tumour growth. Nature 586:790–795. https://​doi.​org/​10.​1038/​s41586-​020-​2609-x

Nakamura T, Shima T, Saeki A et  al (2007) Expression of indoleamine 2, 3-dioxygenase and the 
recruitment of Foxp3-expressing regulatory T cells in the development and progression of uter-
ine cervical cancer. Cancer Sci 98:874–881. https://​doi.​org/​10.​1111/j.​1349-​7006.​2007.​00470.x

Neumann HPH, Young WF, Eng C (2019) Pheochromocytoma and Paraganglioma. N Engl J Med 
381:552–565. https://​doi.​org/​10.​1056/​NEJMr​a1806​651

Noy R, Pollard JW (2014) Tumor-associated macrophages: from mechanisms to therapy. Immunity 
41:49–61. https://​doi.​org/​10.​1016/j.​immuni.​2014.​06.​010

Pang Y, Liu Y, Pacak K, Yang C (2019) Pheochromocytomas and paragangliomas: from genetic diver-
sity to targeted therapies. Cancers 11:436. https://​doi.​org/​10.​3390/​cance​rs110​40436

Pathria G, Ronai ZA (2021) Harnessing the Co-vulnerabilities of amino acid-restricted cancers. Cell 
Metab 33:9–20. https://​doi.​org/​10.​1016/j.​cmet.​2020.​12.​009

Quail DF, Joyce JA (2013) Microenvironmental regulation of tumor progression and metastasis. Nat 
Med 19:1423–1437. https://​doi.​org/​10.​1038/​nm.​3394

Rho J, Qin S, Wang JY, Roehrl MHA (2008) Proteomic expression analysis of surgical human colo-
rectal cancer tissues: up-regulation of PSB7, PRDX1, and SRP9 and hypoxic adaptation in can-
cer. J Proteome Res 7:2959–2972. https://​doi.​org/​10.​1021/​pr800​0892

Schaupp CM, Botta D, White CC et al (2022) Persistence of improved glucose homeostasis in Gclm 
null mice with age and cadmium treatment. Redox Biol 49:102213. https://​doi.​org/​10.​1016/j.​
redox.​2021.​102213

Sivanand S, Vander Heiden MG (2020) Emerging roles for branched-chain amino acid metabolism in 
cancer. Cancer Cell 37:147–156. https://​doi.​org/​10.​1016/j.​ccell.​2019.​12.​011

Smyth MJ, Ngiow SF, Ribas A, Teng MWL (2016) Combination cancer immunotherapies tailored 
to the tumour microenvironment. Nat Rev Clin Oncol 13:143–158. https://​doi.​org/​10.​1038/​nrcli​
nonc.​2015.​209

Son SM, Park SJ, Lee H et al (2019) Leucine signals to mTORC1 via its metabolite acetyl-coenzyme 
A. Cell Metab 29:192-201.e7. https://​doi.​org/​10.​1016/j.​cmet.​2018.​08.​013

Tanaka A, Sakaguchi S (2017) Regulatory T cells in cancer immunotherapy. Cell Res 27:109–118. 
https://​doi.​org/​10.​1038/​cr.​2016.​151

Timosenko E, Hadjinicolaou AV, Cerundolo V (2017) Modulation of cancer-specific immune 
responses by amino acid degrading enzymes. Immunotherapy 9:83–97. https://​doi.​org/​10.​2217/​
imt-​2016-​0118

Tremmel E, Kuhn C, Kaltofen T et al (2020) L-dopa-decarboxylase (DDC) is a positive prognosticator 
for breast cancer patients and epinephrine regulates breast cancer cell (MCF7 and T47D) growth 
in  vitro according to their different expression of Gi- protein- coupled receptors. Int J Mol Sci 
21:9565. https://​doi.​org/​10.​3390/​ijms2​12495​65

https://doi.org/10.1038/s12276-020-0375-3
https://doi.org/10.1038/s12276-020-0375-3
https://doi.org/10.1186/s12935-023-03091-6
https://doi.org/10.1038/s41598-019-47248-8
https://doi.org/10.1038/s41598-019-47248-8
https://doi.org/10.3390/antiox11061128
https://doi.org/10.1038/nrclinonc.2016.217
https://doi.org/10.1038/nrclinonc.2016.60
https://doi.org/10.1517/17425255.2015.1027684
https://doi.org/10.1016/j.canlet.2009.05.028
https://doi.org/10.1038/s41586-020-2609-x
https://doi.org/10.1111/j.1349-7006.2007.00470.x
https://doi.org/10.1056/NEJMra1806651
https://doi.org/10.1016/j.immuni.2014.06.010
https://doi.org/10.3390/cancers11040436
https://doi.org/10.1016/j.cmet.2020.12.009
https://doi.org/10.1038/nm.3394
https://doi.org/10.1021/pr8000892
https://doi.org/10.1016/j.redox.2021.102213
https://doi.org/10.1016/j.redox.2021.102213
https://doi.org/10.1016/j.ccell.2019.12.011
https://doi.org/10.1038/nrclinonc.2015.209
https://doi.org/10.1038/nrclinonc.2015.209
https://doi.org/10.1016/j.cmet.2018.08.013
https://doi.org/10.1038/cr.2016.151
https://doi.org/10.2217/imt-2016-0118
https://doi.org/10.2217/imt-2016-0118
https://doi.org/10.3390/ijms21249565


1 3

Biochemical Genetics	

Uejima C, Morimoto M, Yamamoto M et al (2020) Prognostic significance of TYRO3 receptor tyrosine 
kinase expression in gastric cancer. Anticancer Res 40:5593–5600. https://​doi.​org/​10.​21873/​antic​
anres.​14572

Vettore L, Westbrook RL, Tennant DA (2020) New aspects of amino acid metabolism in cancer. Br J 
Cancer 122:150–156. https://​doi.​org/​10.​1038/​s41416-​019-​0620-5

Wolfson RL, Chantranupong L, Saxton RA et  al (2016) Sestrin2 is a leucine sensor for the mTORC1 
pathway. Science 351:43–48. https://​doi.​org/​10.​1126/​scien​ce.​aab26​74

Wu Q, Schapira M, Arrowsmith CH, Barsyte-Lovejoy D (2021) Protein arginine methylation: from enig-
matic functions to therapeutic targeting. Nat Rev Drug Discov 20:509–530. https://​doi.​org/​10.​1038/​
s41573-​021-​00159-8

Yoshihara K, Shahmoradgoli M, Martínez E et al (2013) Inferring tumour purity and stromal and immune 
cell admixture from expression data. Nat Commun 4:2612. https://​doi.​org/​10.​1038/​ncomm​s3612

Zhang H, Wang Y, Li J et al (2018) Biosynthetic energy cost for amino acids decreases in cancer evolu-
tion. Nat Commun 9:4124. https://​doi.​org/​10.​1038/​s41467-​018-​06461-1

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Authors and Affiliations

Zechen Yan1,2,3,4 · Yongkun Luan1,2,3,4 · Yu Wang1,2,4 · Yilin Ren2,3 · Zhiyuan Li2,3 · 
Luyang Zhao1,2,3,4 · Linnuo Shen2,3,4 · Xiaojie Yang2,3,4 · Tonghu Liu2,3,4 · 
Yukui Gao2,4 · Weibo Sun2,4,5

 *	 Tonghu Liu 
	 liutonghucc@163.com

 *	 Yukui Gao 
	 gaoyukui@wnmc.edu.cn

 *	 Weibo Sun 
	 gorph1@163.com

	 Zechen Yan 
	 yanzechen@foxmail.com

	 Yongkun Luan 
	 luanyongkun99@163.com

	 Yu Wang 
	 653814091@qq.com

1	 BGI College and Henan Institute of Medical and Pharmaceutical Sciences, Zhengzhou 
University, Zhengzhou 450001, Henan, People’s Republic of China

2	 Department of Surgery, The First Affiliated Hospital of Zhengzhou University, 
Zhengzhou 450001, Henan, People’s Republic of China

3	 Henan Engineering Research Center of Tumor Molecular Diagnosis and Treatment, 
Zhengzhou 450001, Henan, People’s Republic of China

4	 Institute of Molecular Cancer Surgery, Zhengzhou University, Zhengzhou 450001, Henan, 
People’s Republic of China

5	 Department of Radiation Oncology and Oncology, Henan Provincial People’s Hospital, 
Zhengzhou University People’s Hospital, Henan University People’s Hospital, 
Zhengzhou 450000, China

https://doi.org/10.21873/anticanres.14572
https://doi.org/10.21873/anticanres.14572
https://doi.org/10.1038/s41416-019-0620-5
https://doi.org/10.1126/science.aab2674
https://doi.org/10.1038/s41573-021-00159-8
https://doi.org/10.1038/s41573-021-00159-8
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/s41467-018-06461-1

	Constructing a Novel Amino Acid Metabolism Signature: A New Perspective on Pheochromocytoma Diagnosis, Immune Landscape, and Immunotherapy
	Abstract
	Introduction
	Material and Methods
	Data Sources and Processing
	Amino Acid Metabolism-Related Differentially Expressed Genes (DEGs) Screening
	Amino Acid Metabolism-Related DEGs Functional Enrichment Analysis
	Construction of the Gene Co-expression Network
	Gene Signature Construction
	Analysis of Immune Infiltration in PCPG
	Quantitative Real-Time Transcription (qRT)-PCR
	Histopathology and Immunohistochemistry Staining
	Bioinformatic Methods and Statistical Analysis

	Results
	Identification of Amino Acid Metabolism-Related Genes (AAMRGs) in PheochromocytomaParaganglioma (PCPG)
	Functional Enrichment Analysis
	Weighted Gene Co-expression Network Analysis
	Construction of Clinical Prediction Models
	Identification of Immune Microenvironment and Biological Function Characteristics of Different Risk Subtypes
	Association Between High- and Low-Risk Groups of PCPG and Immune Modulators
	Immunotherapy and Potential Drugs with Potential Activity for PCPG
	Validation of DDC and SYT11 as Key Biomarkers in PCPG

	Discussion
	Conclusion
	Acknowledgements 
	References


