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ARTICLE INFO ABSTRACT
Keywords: Background: The metabolism of arginine, a conditionally essential amino acid, plays a crucial role
Arginine biosynthesis genes in cancer progression and prognosis. However, a more detailed understanding of the influence of

Immune evasion

arginine biosynthesis genes in cancer is currently unavailable.
Pan-cancer

Methods: We performed an integrative multi-omics analysis using The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO) databases to determine the characteristics of these
genes across multiple cancer types. To measure the overall activity of arginine biosynthesis genes
in cancer, we calculated arginine biosynthesis scores based on gene expression.

Results: Our results indicated that the arginine biosynthesis score was negatively correlated with
immune-related pathways, immune infiltration, immune checkpoint expression, and patient
prognosis, and single-cell data further clarified that patients with high arginine biosynthesis
scores showed a reduced proportion of T and B cells in an immune desert tumor microenviron-
ment and were insensitive to immunotherapy. We also identified several potential drugs through
the Cancer Therapeutic Response Portal (CTRP) and Genomics of Drug Sensitivity in Cancer
(GDSC) databases that could target arginine biosynthesis genes and potentially improve the
response rate to immunotherapy in patients with a high arginine biosynthesis fraction.
Conclusion: Overall, our analyses emphasize that arginine biosynthesis genes are associated with
immune evasion in several cancers. Targeting these genes may facilitate more effective
immunotherapy.
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1. Introduction

Arginine is a conditionally essential amino acid that is mainly available through three pathways: food protein, endogenous syn-
thesis, and organismal protein turnover. It is necessary for protein synthesis, and its metabolism is associated with biological processes
such as inflammation, cell growth, and cell activation [1]. Arginine can be catabolized to the end-product NO by nitric oxide synthase,
and impaired and/or excessive NO expression can be involved in tumorigenesis and progression by mediating epigenetic modifica-
tions, promoting angiogenesis, and activating mitotic pathways and the Wnt/f-catenin pathway [2]. Arginine metabolism and in-
teractions function as mediators of immunosurveillance and affect essential molecules in the tumor microenvironment, such as
macrophages and T lymphocytes, thereby inhibiting immunosurveillance [3]. Enhanced arginase activity induces macrophage dif-
ferentiation from the M1 to M2 type, and M2 macrophages secrete high levels of immunosuppressive cytokines, leading to an increase
in immature myeloid cells, suppression of CD4" and CD8" T-cell activity, and prevention of dendritic cell maturation, thereby
inhibiting immune-mediated antitumor responses. M2 macrophages activated by interleukin (IL)-4 and IL-13 can induce gene coding
for arginase type I (ARG1), causing inhibition of T-cell receptor CD3¢ expression and decreased activation of antitumor T cells [4,5].
Simultaneous overexpression of ARG1 allows ARGs to enter the extracellular compartment, where they may sequester extracellular
arginine, further increasing immunosuppression [6,7].

Altered arginine metabolism has been reported in various cancers, including malignant melanoma, gastric cancer, breast cancer,
and prostate cancer [8-11]. Thus, an in-depth study of arginine biosynthesis genes can provide insights into immune and targeted
therapies for patients with tumors. In this study, we comprehensively analyzed the expression of arginine biosynthesis genes in 33
cancers using multi-omics and clinical data and conducted a predictive analysis of the cancers. Pathway enrichment, potential immune
checkpoint, immune microenvironment, and immune infiltration analyses were performed to determine the relationship between
arginine biosynthesis genes and the response to immunotherapy. Finally, potential therapeutic targets were predicted. In summary,
our study provides a better understanding of the biological features and clinical significance of arginine biosynthesis genes in cancers
and the implications of targeting these genes as an effective treatment method.

2. Methods
2.1. Datasets and processing

Transcriptome profiles and clinical information data of 33 cancer types, including adrenocortical carcinoma (ACC), bladder
urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma
(CESQC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), rectum adenocarcinoma (READ), lymphoid neoplasm diffuse
large B-cell lymphoma (DLBC), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck squamous cell carci-
noma (HNSC), basal cell carcinoma (BCC), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP),
acute myeloid leukemia (LAML), brain lower grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC), pancreatic adenocarcinoma (PAAD), prostate adenocarcinoma (PRAD), sarcoma
(SARCQ), skin cutaneous melanoma (SKCM), small cell lung cancer (SCLC), stomach adenocarcinoma (STAD), testicular germ cell
tumors (TGCT), thyroid carcinoma (THCA), thymoma (THYM), uterine corpus endometrial carcinoma (UCEC), uterine carcinosar-
coma (UCS), uveal melanoma (UVM), mesothelioma (MESO), and pheochromocytoma and paraganglioma (PCPG) were accessed from
University of California Santa Cruz (UCSC) Xena data portal (https://xenabrowser.net) [12]. Samples with incomplete survival and
clinical data were excluded to obtain a total of 11,031 samples, including 719 non-tumor tissues and 10,312 tumor tissues, and
transcriptome profiling data of the donated normal tissues were obtained from the Genotype-Tissue Expression (GTEx) project
(https://www.gtexportal.org/home/datasets). Differential analysis was performed using the R package limma. Single-nucleotide
variant (SNV), copy number variation (CNV), and methylation data were analyzed using the Gene Set Cancer Analysis (GSCA)
database (http://bioinfo.life.hust.edu.cn/GSCA/#/).

2.2. Survival analysis and protein-protein interaction network

To assess the relationship between arginine biosynthesis genes and survival outcomes, univariate Cox regression analysis and
Kaplan-Meier survival analysis were performed using the R packages survivor and survimer, and visualized using the R package
pheatmap. The log-rank test was used to compare survival distributions at a significance level of p < 0.05. The protein-protein
interaction (PPI) network of arginine biosynthesis genes was established using the STRING database (https://cn.string-db.org/)
[13] to reveal the interactions between genes, with parameters set as the minimum required interaction score >0.4.

2.3. Arginine biosynthesis score and functional enrichment analysis

The ssGSEA method in the R package GSVA was used to calculate the arginine biosynthesis scores for the transcriptomic data of
each cancer type separately, referring to the study by Hanzelmann et al. [14]. Gene set enrichment analysis (GSEA) was performed
using the R package clusterProfiler to explore the differences in functions and pathways associated with the arginine biosynthesis
score. On the basis of a set of 50 human cancer marker pathway genes from the Molecular Signature Database (MSigDB) (http://www.
gsea-msigdb.org/gsea/index.jsp), the gene set variation analysis (GSVA) scores of all tumors were calculated using the ssGSEA method
in the R package GSVA, after which the correlations with arginine biosynthesis scores were visualized by creating a heatmap with the R
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Fig. 1. Arginine biosynthesis genes expression comparison across cancer types and genes. (A) Flow chart of the study. (B) Heatmap for comparing
the expressions between all arginine biosynthesis genes between tumor and normal tissue by R package corplot. White represents p > 0.05; red
indicates logFC>0; blue indicates logFC<O; the darker the color, the larger the value of |logFC|. (C) Heatmap for correlation matrix of arginine
biosynthesis genes expression across cancer types. Red indicates a positive correlation; blue indicates a negative correlation; the darker the color, the
stronger the correlation. (D) Protein-protein interaction network of arginine biosynthesis genes. (For interpretation of the references to color in this
figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Expression of arginine biosynthesis genes was associated with prognosis in pan-caners. (A) Heatmaps for univariate cox regression analysis
of arginine biosynthesis genes across cancer types. Red represents risky factors; blue represents protective factors; white indicates p > 0.05. (B)
Kaplan-Meier analysis of arginine biosynthesis genes across cancer types. Red represents risky factors; blue represents protective factors; white
indicates p > 0.05. (C) Bar plots for risky score calculated based on univariate cox regression analysis. (D) Kaplan-Meier analysis of arginine
biosynthesis genes in pan-cancer. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
this article.)

package Pheatmap.
2.4. Tumor microenvironment and immune infiltration analysis

To demonstrate the correlation between arginine biosynthesis scores and the tumor immune microenvironment in terms of im-
munity, matrix/metastasis, DNA damage repair, and other related pathways, we referred to the study by Zeng et al. [15], and presented
a heat map using the R package ggplot2. Immune cell infiltration data were collected from the ImmuCellAl database (http://bioinfo.
life.hust.edu.cn/ImmucCellAl#!/) and the Tumor Immune Estimation Resource 2 (TIMER2) database (http://timer.comp-genomics.
org/) for each cancer type, and their associations with the arginine biosynthesis score were assessed. We also extracted data for the
expression levels of five immune check loci (PDCD1, LAG3, CD274, CTLA-4, and TIGIT) across cancer types and assessed their as-
sociations with arginine biosynthesis scores. Differences in gene mutations between the high- and low-score groups in SKCM were
analyzed using the maftools R package, and we selected the top ten genes according to mutation frequency in the two groups, which
may be partly responsible for the different responses of patients to immunotherapy.

2.5. Single-cell RNA-seq analysis

Four single-cell datasets containing information on immunotherapeutic responses, namely, GSE115978, GSE120575, GSE123813,
and GSE145281, were downloaded from the Tumor Immune Single-cell Hub (TISCH) portal (http://tisch.comp-genomics.org/) [16] to
reveal the cell types and arginine biosynthesis score distribution characteristics in SKCM, BCC, and BLCA, and their associations with
the immune microenvironment and immunotherapeutic response. The data were filtered and analyzed using the R package Seurat and
cells with the following parameters were included: more than 200 genes, less than 7500 genes, and less than 5% of mitochondrial
genes. In subsequent processing, we normalized the scRNA-seq data using ScaleData, reduced the dimensionality using the RunUMAP
function, identified differentially expressed genes in different clusters using FindAllMarkers, and performed cluster annotation using
the R package singleR combined with manual adjustment.
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Fig. 3. Arginine biosynthesis score can be used as a prognostic factor of cancers. (A) Bar plot for distribution of arginine biosynthesis score in pan-
cancer. (B) Forest plot for univariate regression analysis of arginine biosynthesis score in pan-cancer. (C) Kaplan-Meier plots showing overall
survival (OS), disease-specific survival (DSS), and progression-free interval (PFI) rates for high and low arginine biosynthesis scores in SKCM.

2.6. Prediction of immunotherapy response and targeted drugs

To validate the valence of arginine biosynthesis scores in predicting survival outcomes and immunotherapeutic responses, samples
containing transcriptome data and the data for therapeutic responses to immunotherapies, including PD-1 and PD-L1 blockade, were
obtained as external datasets from the study by Motzer et al. [17] and the GEO database (https://www.ncbi.nlm.nih.gov/geo/). To
further identify the potential effect of arginine biosynthesis scores on the effects of chemotherapy, the IC50 values of drugs were
extracted using the Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/) and Cancer Therapeutics
Response Portal (CTRP) (https://portals.broadinstitute.org/ctrp.v2.1/) with the R package oncoPredict. Correlations between drug
IC50 values and arginine biosynthesis scores were evaluated using Pearson’s correlation analysis to detect targeted drugs.

2.7. Quantitative real-time polymerase chain reaction assays

We collected 10 cancerous and 10 peri-carcinomatous tissue samples from patients with BLCA at The Second Affiliated Hospital of
Kunming Medical University. Informed consent was obtained from all participants. Total RNA was extracted from the 20 samples using
the TRIzol reagent (Life Technology, CA, USA) according to the manufacturer’s instructions. The RNAs were then reverse-transcribed
into complementary DNA (cDNA) using a FastQuant RT Kit (TTANGEN) [18]. Glyceraldehyde 3-phosphate dehydrogenase (GAPDH)
was used as the internal control. The 2724 method was used to determine relative gene expression levels. Supplementary Table 1 lists
all the primers used.


https://www.ncbi.nlm.nih.gov/geo/
https://www.cancerrxgene.org/
https://portals.broadinstitute.org/ctrp.v2.1/

Z. Tan et al.

A

FATTY ACID METABOLISM " M B
OXIDATIVE PHOSPHORYLATION Nitotic Prometaphase{ Neulkopl degamtator
PEROXISOME I w I e — Signaling by Receptor Tyrosine Kinases
BILE ACID METABOLISM | f |
oLIs! E oo i) Innate Immune System
ADIPOGENESIS Signaiing by GPCR
Leishmariainfecton
XENOBIOTIC METABOLISM ] ] H —— T
CHOLESTEROL HOMEOSTASIS B bRl lmeymman ignaling
MYC TARGETS V2 ] Nl Sanakig by GROR Muscle contraction
o me;.[\g:ousl: L] G alpha () signaling events{ GPCR ligand binding |
MTOR( NALIN GPCR dowmstream signaling
RAC1 GTPase cyck ] et st
ESTROGEN RESPONSE LATE |l e m” Signaling by Inerleukins { =5
REACTIVE OXYGEN SPECIES PATHWAY GRCR oW ksem Signatng |
ESTROGEN RESPONSE EARLY Peplide ligand-binding receptors { oozomior Eepdaigant-onding feceptons oorseers
UV RESPONSE UP Signaling by Interleukins | Herostasiat
HEME METABOLISM Class Al (Rhodopsin-ike receptors) Platelet activaton, signaling and aggregation
UNFOLDED PROTEIN RESPONSE | | B ‘SuMOytaion  slpha () signaling events
PANCREAS BETA CELLS

i ot | Degradation of the extracelular matrix

ANDROGEN RESPONSE " | 1 ] Generic Transcription Pathway g
WG TARGETEVA| mE 8l ] RNA Polymerase Il Transcription | Leishmania infecton
KRAS SIGNALING DN | | | | | N | Gene expression (Transcription){ Class A/t (Rhodopsin-iike receptors) {
'SPERMATOGENESIS | | Cytokine Signaling in Immune system{ Gytokine Signaling in Immune syste
PROTEIN SECRETION | | Interferon Signaiing { Adaptive Immune System
Adapive Immune System Extracellular matrx orgarization
Immunoregulatory interactions between a Lymphoid Immunoreguiatory interactions between a Lymphoid
and a non-Lymphod cel

|
P53 PATHWAY ] [ coreistio
coacuLation [ £l | »
DNA REPAIR 05
E2F TARGETS | | i |

and a non-Lymphoid cell
G

Heliyon 10 (2024) e26804

BLCA

~05-04-03-02-0.1

PI3K AKT MTOR SIGNALING N | T
G2M CHECKPOINT| | | . THYM
HYPOXIA H I. } w2
MYOGENESIS I | . | | Neutrophi degranuiaton st o prdtsiie
mrasionane va ke [ 1 = LS | Sinalng by Receptor Tyrosie Kinases il
HEDGEHOG SIGNALING] i om ] Innate Immune System { Adaptive Immune System
ANGIOGENESIS F ! [ | Signaling by GPCR{ Signaling by WNT-
APOPTOSIS | | | | | Interferon Signaling{ Celluar responses to external stimui{
NOTCH SIGNALING I | | Muscle conacton{ Callarresponses fosiress
INTERFERON ALPHA RESPONSE ! n | S ———— Gone Tasaitn ety
APICAL SURFAC GPCR downstream signaling — Signaling by Rho GTPases, Miro GTPases and RHOBTES | .
WNT BETA CATENIN SIGNALIN g Signaling by Interleukins { Signaling by Rho GTPases
1L2 STATS SIGNALING: Pepide ligand-binding receptors { - Infectious discase —

'"FLA“M:U’::S:EOSN"S"E"DS’T Hemostasis Transcriptional Reguiation by TP53;
RO ARNAA ESROLaE Platelet actvaion, signaling and aggregation RNA Polymerase Il Transcripton |
APICAL JUNCTION! G alpha () signaling events Gene expression (Transciption)

IL6 JAK STAT3 SIGNALING Degradation of the extracellular matrix RHO GTPase Effectors |

TGF BETA SIGNALING Leishmania infection DNARepair{
A MESENCN:‘::?_‘;&::'S':;;E" Class A/t (Rhodopsin-Ike receptors) Metabolism of RNA;
ALLOGRAFT REJECTION Gytokine Signaling in Immune system{ M Phase

EE Adaptive Immune System Cell Cycle Checkpaints

<a Extracelular matrix organization Cell Cydle, Mitotic

munorsustory ntrscions btveen Ly el Gyole

~55-04-03-02-01 570505

Fig. 4. Arginine biosynthesis score is negatively correlated with immune-related pathways. (A) Heatmap for correlation analysis between arginine
biosynthesis score and GSVA enrichment pathway score in pan-cancer. Red indicates a positive correlation; blue indicates a negative correlation; the
darker the color, the stronger the correlation. (B) Ridge plot for GSEA analysis of the Reactome pathway for arginine biosynthesis score in SKCM,
BLCA, BRCA, and THYM. The purple color indicates p.adjust<0.05; the number at the bottom represents the correlation coefficient, and less than
0 indicates a negative correlation. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
this article.)

2.8. Immunohistochemistry staining

The tissue slices were baked at 65 °C for 2 h, followed by dewaxing and antigen retrieval. Endogenous enzymes were blocked by
treatment with a 3% hydrogen peroxide solution for 10 min at room temperature. The slices were rinsed three times in phosphate
buffer solution (PBS) for 3 min each and then blocked with bovine serum albumin. The primary antibody was applied and incubated
overnight at 4 °C. After washing the slices three times with PBS for 5 min each, the secondary antibody was added and the slices were
incubated at 37 °C for 30 min. Diaminobenzidine was used for color rendering for 5-10 min, followed by hematoxylin staining for 3
min [19]. The slices were observed under a microscope, and the integrated optical density (IOD) was measured using Image Pro Plus
6.0 image software. Relative expression was presented as the average optical density (IOD/positive staining area).

2.9. Statistical analysis

All statistical analyses were performed using R v4.1.1 (https://cran.r-project.org/). Correlations between two variables were
assessed using Pearson’s or Spearman’s correlation analysis, and differences in arginine biosynthesis scores between the responding
and non-responding groups were compared using a two-sided Wilcoxon test. The false discovery rate (FDR) was calculated using the
Benjamini-Hochberg process (B-H). This work was reported in accordance with the REMARK criteria. * indicates p < 0.05, ** indicates
p < 0.01, *** indicates p < 0.001, and **** indicates p < 0.0001. Statistical significance was set at P < 0.05. difference.

3. Results
3.1. The pan-cancer landscape of arginine biosynthesis gene expression and mutation

In the present study, we established a four-step computational framework to elucidate the pan-cancer characteristics of arginine
biosynthesis genes, their roles in immunotherapy, and their potential therapeutic targets (Fig. 1A). First, we collected 22 arginine
biosynthesis genes from the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (https://www.kegg.jp/entry/map00220),
including argininosuccinate lyase (ASL), ornithine carbamoyltransferase (OTC), argininosuccinate synthase 1 (ASS1), arginase-2
(ARG2), arginase-1 (ARG1), nitric oxide synthase 1 (NOS1), nitric oxide synthase 2 (NOS2), nitric oxide synthase 3 (NOS3), gluta-
minase kidney isoform 2 (GLS2), glutaminase kidney isoform (GLS), glutamate-ammonia ligase (GLUL), glutamate dehydrogenase 2


https://cran.r-project.org/
https://www.kegg.jp/entry/map00220

Z. Tan et al. Heliyon 10 (2024) 26804

correlation

B o050

0.25

TumorPurity

ImmuneScore
StromalScore 0.00
-0.25

. -0.50

ESTIMATEScore

SO00o0oo0onooa T
FERIEEEEE
(DD_D < S=a9xx

EMT1 I

Mismatch_Repair
Nucleotide_excision_repair

Base_excision_repair

DNA_replication correlation

0.50
0.25
0.00

-0.25
I -0.50

Antigen_processing_machinery
DNA_damage_response

EMT3!

CD?B?T?effectorI
Pan_F_TBRs I

Immune_Checkpoin!I

EMT2 .

Fig. 5. Arginine biosynthesis score is negatively associated with TME. (A) Heatmap for correlation analysis between arginine biosynthesis score and
ESTIMATE Score and TumorPurity in pan-cancer. Red indicates a positive correlation; blue indicates a negative correlation; the darker the color, the
stronger the correlation. (B) Heatmap for correlation analysis between arginine biosynthesis score and TME-related pathways in pan-cancer. Red
indicates a positive correlation; blue indicates a negative correlation; the darker the color, the stronger the correlation. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)

(GLUD2), glutamate dehydrogenase 1 (GLUD1), carbamoyl-phosphate synthase 1 (CPS1), aspartate aminotransferase 1 (GOT1),
glutamic-oxaloacetic transaminase 1 like 1 (GOT1L1), aspartate aminotransferase 2 (GOT2), alanine aminotransferase 2 (GPT2),
glutamic-pyruvic transaminase (GPT), N-acetyl glutamate synthase (NAGS), aminoacylase-1 (ACY1), and ABHD14A-ACY1. The
complexity heatmap revealed that the expression levels of arginine biosynthesis genes differed between normal and tumor tissues in
most cancer types (Fig. 1B). The expression of ARG1 was downregulated in several cancers, especially DLBC, but was upregulated in
LAML (p < 0.05). Further correlation analysis of arginine biosynthesis genes showed that the expression of most genes was positively
correlated (Fig. 1C). We constructed a PPI network of arginine biosynthesis genes, as shown in Fig. 1D. Mutations and methylation
patterns of arginine biosynthesis genes in various cancers are shown in Supplementary Figs. 1-3. The results of the SNV analysis
indicated that missense mutations and single-nucleotide polymorphisms were the most frequent variant types, and NOS1 was the most
frequently mutated gene in SKCM (up to 97%). In addition, CNVs in arginine biosynthesis genes occurred in all cancer types, with
heterozygous gene amplification and heterozygous deletions being the most frequently observed types of CNVs. Finally, Spearman
correlation analysis showed that DNA methylation was negatively correlated with the mRNA expression of arginine biosynthesis genes
(P < 0.05).

3.2. Expression of arginine biosynthesis genes was associated with the prognosis of different types of cancers prognosis

To explore the critical role of arginine biosynthesis genes in tumor prognosis, we conducted univariate Cox regression and
Kaplan-Meier survival analyses. The results are shown in Fig. 2. The results of the two analyses were not entirely consistent, and
arginine biosynthesis genes were associated with the prognosis of most cancers and played various roles in the prognosis of different
cancer types. However, no correlations were observed in TGCT, DLBC, CHOL, and READ. The expression levels of most arginine
biosynthesis genes were positively correlated with the prognosis in patients with KIRC, whereas GLS2, GPT, and ARG2 were recognized
as risk factors for prognosis among patients with THYM (Fig. 2A and B; p < 0.05). Each gene’s hazard ratio value was extracted
separately; risk factors were ascribed +1 and protective factors were ascribed —1. The risk scores were calculated by summation, which
revealed that NOS3, NAGS, ASL, CPS1, GOT2, ARG2, NOS2, GLS, ASS1, and GPT2 can be considered risk factors for tumor prognosis,
while OTC, GPT, ABHD14A- ACY1, GLS2 were protective factors; thus, NOS3 and ASL were the most significant risk factors based on
risk scores (Fig. 2C and D).



Z. Tan et al. Heliyon 10 (2024) 26804

Neutrophil _
Th17 .
MAIT
Tem
. m
NKT
Monocyte . .
CD4_naive
CD8_naive
i ||
Tgd ‘ correlation
Tex | . 03 c a
Macrophage . ‘ . - o wEn w TR T
. Ues ]
e ucee
03 T s
THCA mmaiE m n =n ul n
NK o Jm H o Jae"monl | Cmam
o ] r
Tem | Shae 5 "= 5 Ly
- = cAD ] n T -
B_cell nﬂ SmAD) - L& m oo
= o Poro = ® 5005
o = wmmns u om u = s
c ov. - L L} -3 -1
VeSS i . &
= correlation
coe_T [ | e F | : H
e 5 mmmm | o mm . o A I -
bC [ | [ | e M FRT r . u
Kip ; n .
000
™ . s =
‘ . e i
iTreg ol coM
T cono
G
InfiltrationScore . D ‘ . BRCA
L Bica
opaT [ | [ | |
QgL <0 daQg O T O 0 a9 > a oago ok < o 9
8387 8e0p 3t 823880383 32828033843
25653l 0fex®~"333 EREEEFE0RPFES>>

Fig. 6. Higher arginine biosynthesis score confers lower immune infiltration in pan-cancer. Heatmaps for correlation analysis between arginine
biosynthesis score and immune infiltration across cancer types based on InmuCellAI database (A) and TIMER2 database (B). Red indicates a positive
correlation; blue and green indicate a negative correlation; the darker the color, the stronger the correlation. (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of this article.)

3.3. Arginine biosynthesis score is a risk factor for survival in specific cancer types

After identifying arginine biosynthesis genes as prognostic risk factors for multiple cancers, we calculated arginine biosynthesis
scores to comprehensively estimate the pan-cancer effect of arginine biosynthesis genes. We calculated the arginine biosynthesis scores
for each of the 33 cancer types, as shown in Fig. 3A: the LAML samples showed the lowest mean arginine biosynthesis scores, whereas
the LIHC samples showed significantly higher mean arginine biosynthesis scores than the other cancer types. Univariate Cox regression
analysis showed that the arginine biosynthesis score was a prognostic factor in patients with SKCM, KIRC, THYM, and MESO,
particularly as a protective factor against KIRC (Fig. 3B) (P < 0.01). Here, we selected SKCM as the target dataset and proceeded to
perform Kaplan-Meier analysis, dividing samples into two groups according to the best cutoff value calculated by the surv_cutpoint
function in the R survminer package. We found that patients with low arginine biosynthesis scores had better overall survival (OS),
disease-specific survival (DSS), and progression-free interval (PFI) (P < 0.005), indicating that the score could serve as a prognostic
predictor (Fig. 3C).

3.4. Arginine biosynthesis score is negatively correlated with immune-related pathways that affect the tumor microenvironment

For functional annotation of arginine biosynthesis genes, we performed a correlation analysis of arginine biosynthesis scores with
GSVA enrichment pathway scores in all cancer types. We found that arginine biosynthesis scores were negatively correlated with
multiple tumorigenic and immune-related pathways, such as the PI3K-Akt-mTOR signaling pathway, Notch signaling pathway, Wnt
B-catenin signaling pathway, IL6 Jak/Stat3 signaling pathway, and TGF-p signaling pathway (Fig. 4A). GSEA to identify the most
significant enrichment pathways for arginine biosynthesis scores was also conducted for individual cancers, with the SKCM, BLCA,
BRCA, and THYM cohorts chosen for analysis, and the results were consistent with those obtained in GSVA. Both cell cycle and
immune-related pathways were negatively correlated with arginine biosynthesis scores (p < 0.05) (Fig. 4B), which implies that high
arginine biosynthesis scores may indicate an immunosuppressed tumor microenvironment. Differences in the tumor immune
microenvironment between the high- and low-score groups were investigated by measuring the Stromal Score, Immune Score, ES-
TIMATE Score [20], and TumorPurity, and the outcomes are presented in Fig. 5A. Samples with higher arginine biosynthesis scores
had higher tumor purity and showed significant suppression of the tumor immune microenvironment. In contrast, the opposite trend



Z. Tan et al. Heliyon 10 (2024) 26804

BLCA LIHC LUSC

Arginine_pj, Arginine_bj prginine_biog,

O —
:

Y
6 1z 08 O

! H LAG3

PAAD SKCM

Arginine‘bi A
” . °sy Ng‘"'"e-blos
& 28
Q

8,

Bpa— 53
TGCT THCA uvm
Arginine_p, Arginine_p, prginine_biog

s
o 05 Yoy, 6\'\

<
X s
@ e Zs 6% -
& L
V4

28 3 Bl "’6@
o

Fig. 7. The chord diagram shows that the arginine biosynthesis score negatively correlates with immune checkpoints in multiple cancers. Red
indicates a positive correlation; green indicates a negative correlation; the darker the color, the stronger the correlation. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)

was observed for GBM and PCPG. We also assessed the correlation between the arginine biosynthesis score and tumor immune
microenvironment by referring to the method described by Zeng et al. [15], and the arginine biosynthesis score was negatively related
to immune-related pathways (Antigen_processing machinery, Immune_Checkpoint, CD_8_T _effector) and stromal/metastasis-related
pathways (EMT1, EMT2, EMT3, Pan_F_TBRs) in a variety of cancers (Fig. 5B).

3.5. Arginine biosynthesis score is related to immune infiltration, potential immune checkpoint blockade response, and genetic mutations

Subsequently, we performed immune infiltration analysis using immune cell infiltration data from the two database sources
separately, and the results clearly indicated that the percentage of neutrophils was higher in samples with higher arginine biosynthesis
fractions. However, the percentages of infiltration of natural killer (NK) cells, B cells, T cells, macrophages, and dendritic cells were
lower in samples with higher arginine biosynthesis fractions, and the percentage of tumor-associated fibroblasts (CAFs) and arginine
biosynthesis scores were inversely correlated (Fig. 6A and B). Thus, we hypothesized that patients with high arginine biosynthesis
scores had an immune desert-type tumor microenvironment, which may be associated with tumor immune evasion and immuno-
therapy resistance. Therefore, to investigate the effect of the arginine biosynthesis score on the tumor immunotherapy response, we
examined the correlation between the arginine biosynthesis score and immune check loci, as shown in Fig. 7. In various tumor types,
arginine biosynthesis scores showed significant negative associations with the expression levels of immune check loci, such as TIGIT,
PDCD1, LAG3, CTLA4, and CD274. Therefore, we speculate that patients with high arginine biosynthesis scores are more likely to be



Z. Tan et al. Heliyon 10 (2024) 26804

A

Altered in 209 (90.09%) of 232 samples.

st c
2 sKem ngh _ )
© wmns @ SKCM_Low (n=231) vis SKCM_High (n=252) SKCM_High ~ SKCM_Low OR P-value
o i
™ 2%
I -_ -
o Y o c
BRAE I I #ﬂlﬂl‘ 1% T -— HYAL4 4 23 0.159
%
| ‘l !‘Il .- — PTPRU 3 20 0.139
HI I\HI] } Il - G G 5 g
0 A — EFTUDT 1 15 0.063 -
e | LA
Ismisenﬁse Mutation Nansenﬁe Mutation o SLC2A10 2 7 o1
—-— GEMINS 3 19 0.147
B Altered in 208 (90.04%) of 231 samples. - ELehe ? * o1
min — MKS1 0 10 0
s SKCM_Low
o Mhu.u‘._u e, & - o
o PPIG 0 10 0
i i -
’W“: %I I H I“IMI‘ Wﬂm -— KLK5 2 15 0126
11 -— SARDH 2 15 0.126

I
1IN A
R MU
IR AT |||
ﬂ

l

[

[ e -I ° 1 2 .

|Hm

|
[
11 H o Odds ratio with 95% CI

| ‘{ « (1= no effect, < 1 SKCM_Low has more mutants)

ﬁs
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interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

insensitive to immunotherapy. In addition, we obtained SKCM data and divided the samples into high- and low-score groups, and we
found that the incidence of gene mutations was high (>90%) in both groups of samples; the top five genes with the highest mutation
frequency were the same in both groups: TTN, MUC16, BRAF, DNAHS5, and PCLO (Fig. 8A and B). Comparisons between the two
groups showed that the mutation frequency in the SKCM_low group was significantly higher than that in the SKCM_high group
(Fig. 8C), suggesting that targeted therapy may be an effective treatment modality for patients with SKCM.

3.6. Bulk and single-cell RNA-seq data indicated that the arginine biosynthesis score is associated with immunotherapy outcomes

Samples containing transcriptome data and the data for therapeutic responses to immunotherapies, including PD-1 and PD-L1
blockade, were obtained as external datasets (GSE61676, GSE135222, and NCT02684006) to validate the utility of arginine
biosynthesis scores in predicting survival outcomes and immunotherapeutic response. Higher arginine biosynthesis scores were
associated with poorer prognosis and lower immunotherapy response rates in advanced lung cancer (Fig. 9A and B) and renal clear cell
carcinoma (Fig. 9C). Four single-cell RNA-seq datasets (GSE115978, GSE120575, GSE123813, and GSE145281) were used to assess
the expression profiles of arginine biosynthesis genes in multiple cell types. As illustrated in Fig. 10, different cell types were identified
in SKCM (Fig. 10A and B), BCC (Fig. 10C), and BLCA (Fig. 10D), respectively, with T cells, B cells, and NK cells as the dominant immune
cell types; arginine biosynthesis genes were generally expressed at lower levels in these cells and at higher levels in endothelial cells
and monocyte macrophages, and a further evaluation of arginine biosynthesis scores showed the same trend. To verify the relationship
between arginine biosynthesis scores and immunotherapy response, we divided the samples in each dataset into two groups on the
basis of immunotherapy efficacy and compared the differences in arginine biosynthesis scores between the two groups; the scores were
significantly higher in patients who did not respond to immunotherapy (Fig. 11A-D), consistent with the results obtained from the bulk
RNA-seq datasets. In the four single-cell RNA-seq datasets, with the UMAP dimensionality reduction, the cells were divided into 5-10
different cell types; the response to immune checkpoint blockade therapy was divided into two subclusters (no response/response),
which were visualized with different color degrees; and arginine biosynthesis scores were categorized as high or low (Fig. 12A-C, E, G).
The arginine biosynthesis scores of all cell types were relatively low. The bar plots showed a lower percentage of B and T cells in the
high-scoring group (Fig. 12B-D, F, H). We then employed GSVA enrichment analysis to score the hallmark pathways. In all cells,
arginine biosynthesis scores were positively related to these pathways, including the metabolic and immune-related glycolysis, adi-
pogenesis, and complement pathways. A detailed description of specific cell types yielded different results, with arginine biosynthesis
scores in B and T cells being mostly negatively correlated with pathways, indicating that different cells function differently
(Fig. 13A-D).
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Fig. 9. Patients with higher arginine biosynthesis scores present a poorer prognosis for immunotherapy. Kaplan-Meier plots (left) for the survival
differences and bar plots (right) for response rate or progression rate between high and low arginine biosynthesis score group for immunotherapy in
the GSE61676 dataset (n = 86) (A), GSE135222 dataset (n = 27) (B), and NCT02684006 dataset (n = 354) (C). Red represents the high arginine
biosynthesis score group, and light blue represents the low arginine biosynthesis score group in Kaplan-Meier plots. Red represents non-responder
and disease progression, blue represents responder and no disease progression in bar plots. (For interpretation of the references to color in this figure
legend, the reader is referred to the Web version of this article.)

3.7. Prediction of potential therapeutic targets among arginine biosynthesis genes using the GSCA database

Because high-scoring patients are not sensitive to immunotherapy, the sensitivity to immunotherapy may be increased by targeting
the relevant pathways. Therefore, to identify potential therapeutic targets and compounds for patients with high arginine biosynthesis
scores, we screened two drug response databases (CTRP and GDSC) and found that low expression of GOT1, GOT2, GLUL, GLUD1,
GLUD2, GLS2, ASS1, and ARG1, and high expression of GLS were associated with resistance to targeted therapy for erlotinib (Fig. 14A).
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Fig. 10. Arginine biosynthesis genes are generally lowly expressed in T, B, and NK cells in various cancers. Bubble plots (left) for the expression of
arginine biosynthesis genes and bar plots (right) for arginine biosynthesis score of multiple cell types in the GSE115978 dataset (A), GSE120575
dataset (B), GSE123813 dataset (C), and GSE145281 dataset (D). The size of the dot indicates the percentage of gene expression; blue indicates the
average expression level of the gene, and the darker the color the higher the expression level in bubble plots. (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of this article.)

In addition, the correlation between arginine biosynthesis genes and the estimated IC50 values of compounds from GDSC was eval-
uated using Pearson correlation analysis. After filtering with an FDR less than 0.05, eight candidate compounds were identified.
Specifically, we found that a low expression level of ARG1 is associated with resistance to targeted therapies (Fig. 14B).

3.8. Validation of genes using immunohistochemistry and in vitro assays

The real-time quantitative polymerase chain reaction results revealed statistically significant differences in gene expression be-
tween normal tissues and tumors (Supplementary Fig. 4A and B). Immunohistochemistry experiments were performed to validate
these results at the translational level (Supplementary Fig. 4C and D). The mRNA and protein expression levels of these two genes were
consistent.

4. Discussion

Arginine metabolism has been associated with a range of biological processes that contribute to cancer progression and has been
linked to the prognosis and immune microenvironment of many tumors. However, the roles of the 22 arginine biosynthetic genes in
cancers remain unclear. This study comprehensively analyzed large-scale bulk RNA-seq, scRNA-seq, and epigenomic data to inves-
tigate the role of arginine biosynthesis genes in 33 cancer types and to uncover crucial biological observations of hallmarks and
pathways.

Endogenous arginine is taken up by cancer cells to facilitate cancer cell growth and metastasis; however, cancer cells cannot
synthesize arginine from metabolic intermediates [21], rendering them endogenous arginine-deficient. Previous studies have iden-
tified the importance of arginine deprivation in cancer therapy not only for its direct cytotoxic effects on cancer cells, but also for its
capacity to induce cell cycle arrest [22,23]. While arginine synthesis is associated with the gene expression of several enzymes, we
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Fig. 11. Higher arginine biosynthesis score predicts a lower immunotherapy response rate. Violin plots for arginine biosynthesis scores of different
immunotherapy responses in the GSE115978 dataset (A), GSE120575 dataset (B), GSE123813 dataset (C), and GSE145281 dataset (D). NR rep-
resents non-responder; R represents responder; blue indicates NR; green indicates R; ** indicates p < 0.01, *** indicates p < 0.001. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

separately analyzed the differential expression of each of the 22 arginine biosynthesis genes in different types of cancer and found that
while their expression and prognostic impact were not homogeneous, they widely correlated with each other.

We classified the arginine biosynthesis genes on the basis of the biological processes associated with the GO terms in the PPI
network. Among these, ASL, OTC, ASS1, and NAGS are the key genes involved in arginine synthesis and are also associated with
arginine metabolism, along with NOS1, NOS2, NOS3, ARG2, ARG1, ASL, and CPS1, which are also closely related to NO production
and metabolism. Among the remaining genes, GPT, GLS, GLS2, GLUL, GLUD1, GLUD2, GOT1, and GOT2 are mainly involved in the
synthesis and metabolism of glutamate, which can be used to synthesize arginine through the ornithine cycle, so the synthesis and
metabolism of glutamate is associated with the synthesis of arginine as well. On the basis of the study by Li et al. [24], we calculated
arginine biosynthesis scores to comprehensively evaluate the contribution of arginine biosynthesis genes in multiple cancers and found
that arginine biosynthesis scores were risk factors for SKCM, THYM, and MESO, and patients with high-score SKCM had worse OS, DSS,
and PFL. Wu et al. [21] reported that arginine deficiency enhances the sensitivity of melanoma to tumor necrosis factor-related
apoptosis-inducing ligand therapy, suggesting that arginine metabolism is associated with tumor prognosis and drug resistance.

Based on these observations, we further investigated the potential underlying mechanisms. First, we analyzed individual genes at
the transcriptomic and epigenomic levels. Genetic alterations significantly affect gene expression regulation and cancer progression
[25,26]. The frequency of SNVs in arginine biosynthesis genes was as high as 81.93%, with the highest frequency of mutations in NOS1
at 26%; thus, targeting this gene may be beneficial in improving tumor prognosis, as demonstrated in a previous study that targeted
NOS1 to inhibit ovarian cancer progression and reduce cisplatin resistance in OVCAR3 cell lines [27]. Furthermore, in terms of
methylation modifications, the negative association between RNA expression levels and methylation status in the majority of genes
indicates that promoter methylation is ubiquitous for these genes [28], and methylation inhibitors could be used as therapeutic agents,
especially for ACY1.

Next, we performed GSVA to explore the relationship between the enriched pathways and the arginine biosynthesis score. We
observed that the arginine biosynthesis score was negatively correlated with several immune-related pathways, such as the IL6 Jak/
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Fig. 12. The lower proportion of B and T cells in the high arginine biosynthesis score group. UMAP plots for the distribution and dissimilarity of the
cell type, immunotherapy response, arginine biosynthesis score, and arginine biosynthesis score group in the GSE115978 dataset (n = 31) (A),
GSE120575 dataset (n = 48) (C), GSE123813 dataset (n = 14) (E), and GSE145281 dataset (n = 10) (G). Bar plots for the proportion of cell type in
the High_score and Low_score group in the GSE115978 dataset (n = 31) (B), GSE120575 dataset (n = 48) (D), GSE123813 dataset (n = 14) (F), and
GSE145281 dataset (n = 10) (H).

Stat3 signaling pathway, NF-xB signaling pathway, Notch signaling pathway, Wnt f-catenin signaling pathway, and TGF-p signaling
pathway. The IL-6/mIL-6Ra complex is involved in early immune responses through activation of JAK and phosphorylation of STAT3
[29], and in patients with breast cancer, activation of the IL6 Jak/Stat3 signaling pathway promotes cancer metastasis and suppresses
antitumor immune responses [30]. The NF-kB signaling pathway is involved in biological functions in immune cell and lymphoid
organ development, immune homeostasis, and immune response [31]. Similarly, the Notch signaling pathway plays a vital role in
developing and maintaining immune responses and facilitating appropriate responses to pathogens [32]. Non-T-cell-inflamed tumors
exhibit massive activation of the Wnt/f-catenin signaling pathway in ovarian cancer. The Wnt/p-catenin signaling pathway is
negatively correlated with T-cell activity [33,34]. During tumor progression, the TGF-§ signaling pathway acts as a suppressor of
adaptive and innate immune responses and functions as an effective mechanism of immune evasion in a diverse range of cancers [35].
Patients with higher arginine biosynthesis scores showed greater suppression of antitumor immunity, which may be the predominant
factor responsible for the worse prognosis of high-scoring patients. Accordingly, we analyzed the tumor microenvironment and im-
mune cell infiltration. We noticed a significant negative correlation between the arginine biosynthesis score and Stromalcore and
ImmuneScore in multiple cancers and a lower degree of immune cell infiltration in high-score patients, implying that high-score
patients had an immune desert-type tumor microenvironment.

Therefore, we hypothesized that patients with high arginine biosynthesis scores would be insensitive to immunotherapy. We first
performed a correlation analysis, and the results showed a negative correlation between the arginine biosynthesis score and immune
checkpoint expression levels in several cancer types. As expected, patients with high arginine biosynthesis scores had significantly
lower immunotherapy response rates and worse prognoses than those with low scores, and these findings were confirmed in several
external bulk RNA-seq datasets. With the evolution of single-cell technology, an increasing number of studies have used it to exploit the
heterogeneity of single cells [36]. In the present study, single-cell RNA-seq datasets were used to evaluate the molecular characteristics
of tumor-infiltrating immune cells in the tumor microenvironment. The patients with high scores showed a significantly lower ratio of
B and T cells than those with low scores, and the results of GSVA suggested that B and T cells were negatively correlated with multiple
immune-related pathways, illustrating that immune evasion in high-score patients was mainly mediated by reduced activation of T and
B cells, which is consistent with the findings reported by Kim et al. [37]. Similarly, we verified, as evidenced by scRNA-seq, that the
rate of resistance to immunotherapy was significantly higher in the high-score group than in the low-score group, consistent with the
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Fig. 13. The correlation between arginine biosynthesis score and enriched pathways in single-cell RNA-seq datasets. Bar plots (left) for the cor-
relation between arginine biosynthesis score and hallmark pathways in all cell types and heatmaps (right) for the correlation between arginine
biosynthesis score and hallmark pathways in different cell types in GSE115978 dataset (A), GSE120575 dataset (B), GSE123813 dataset (C), and
GSE145281 dataset (D). Blue indicates a positive correlation; yellow indicates a negative correlation; grey indicates p > 0.05 in bar plots. Red
indicates a positive correlation; blue indicates a negative correlation; the darker the color, the stronger the correlation in heatmaps. * indicates p <
0.05, ** indicates p < 0.01, *** indicates p < 0.001, and **** indicates p < 0.0001. (For interpretation of the references to color in this figure
legend, the reader is referred to the Web version of this article.)

results of bulk RNA-seq, indicating that immune checkpoint blockade therapy is more appropriate for low-score patients.

Immunotherapy was less effective in patients with high arginine biosynthesis scores. Inspired by the study by Wu et al. [21], which
enhanced immunotherapy sensitivity using targeted drugs, we immediately predicted the targeted drugs for the arginine metabolic
pathway. These results indicate that elevated expression levels of ASS1 are associated with resistance to multiple drugs, and that
targeting ASS1 may be an effective therapeutic option for patients with high arginine biosynthesis scores. ASS1, a key rate-limiting
enzyme for arginine metabolism, can promote arginine deprivation by targeting ASS1 in SCLC, and arginine-depleting agents com-
bined with PD-1/PD- L1 immune checkpoint inhibitors can further improve the survival of patients with SCLC [38]. Taken together, we
demonstrated that arginine biosynthesis genes are associated with tumor immune evasion and therapy resistance across different types
of cancer and that the combination of arginine-depleting agents and immunotherapy may improve the drug resistance status of pa-
tients with tumors.

Despite these promising findings, this study had several limitations. The seven RNA-seq datasets of the immune checkpoint
blockade cohorts included in our studies covered only five cancer types (NSCLC, KIRC, SKCM, BCC, and BLCA), and some clinical
annotation data were not available in some of the RNA-seq datasets. Moreover, the findings regarding the role of arginine biosynthesis
genes in immunotherapy in this study were based on bioinformatics analysis. Further real-world studies are required to verify the
potential mechanisms underlying arginine biosynthesis and immune evasion.

5. Conclusions

In summary, we systematically described the role of arginine biosynthesis genes in the tumor immune microenvironment, revealed
their relationship with immunotherapy resistance, and showed that a combination of immunotherapy and drugs targeting arginine
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Fig. 14. The correlation between mRNA expression of arginine biosynthesis genes and CTRP/GDSC drug sensitivity. Bubble plot for the correlation
between gene expression and the sensitivity of CTRP drug (A) and GDSC drug (B) in pan-cancer. FDR represents false discovery rate; the size of the
dot indicates the value of FDR, the larger the FDR value the larger the dot; red indicates positive correlation; blue indicates negative correlation; the
darker the color, the stronger the correlation. (For interpretation of the references to color in this figure legend, the reader is referred to the Web

version of this article.)

biosynthesis-related genes may improve the prognosis of patients with high arginine biosynthesis scores. Further investigation is

needed in future research.
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