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Abstract
Background This study aimed to identify tumor microenvironment-related prognostic genes in non-small
cell lung cancer (NSCLC).

Methods Transcriptome pro�les and clinical data of NSCLC samples were collected from Gene
Expression Omnibus (GEO) Datasets. The ESTIMATE algorithm was used to calculate stromal and
immune scores. Heatmap plots were applied for screening differentially expressed genes (DEGs). Venn
diagrams were used to assess the intersection of gene groups. DEGs associated with poor prognosis
were selected for subsequent analysis. TCGA and Kaplan-Meier Plotter database were used to validate
the results of the above analyses. These �ndings were experimentally validated in NSCLC tissues using
quantitative reverse transcription PCR, western blotting, and immunohistochemical staining. Gene
Expression Pro�ling Interactive Analysis 2 and STRING database were used to investigate co-expression
and functional networks associated with hub genes. TIMER database was used to assess the correlation
between hub genes and the six main types of tumor-in�ltrating immune cells. Finally, pan-cancer analysis
of hub genes was conducted to investigate the clinical prognosis of diverse cancers.

Results Overall survival analysis of the GSE37745 dataset identi�ed PSAT1 as a risk gene. Kaplan–Meier
Plotter data also showed that high expression of PSAT1 results in shorter survival time. Experimental
validation con�rmed the above results. In addition, the expression level of PSAT1 was correlated with
tumor purity and immune cell in�ltration in NSCLC. The pan-cancer analysis of PSAT1 offers a relatively
comprehensive understanding of the oncogenic roles in different tumors.

Conclusion Our results indicate that PSAT1 is a promising tumor microenvironment-related prognostic
biomarker for NSCLC.

Introduction
Lung cancer, the most common cause of cancer death worldwide, leads to 1.6 million deaths each year
(Torre, Bray et al. 2015). Approximately 85% of these deaths are caused by non-small-cell lung cancer
(NSCLC), the most common subtypes of which are lung adenocarcinoma (LUAD) and lung squamous cell
carcinoma (LUSC) (Molina, Yang et al. 2008). Important advancements in the treatment of NSCLC have
been achieved in the past decades. However, the survival rates for NSCLC remain low (Herbst,
Morgensztern et al. 2018). Investigating the genomic and host factors that drive the progression of pre-
invasive lesions may help to develop better screening strategies and improve patient prognosis.

Nowadays, tumor microenvironment (TME) is considered important in inhibiting tumor cell apoptosis and
promoting immune escape, cell proliferation, angiogenesis, invasion, and metastasis (Whiteside 2008).
TME comprises a complex population of various cells. Immune cells and stromal cells are the main non-
tumor cells in the TME (Hanahan and Coussens 2012, Kim, Gao et al. 2019); accumulated evidence
indicates that they may become biomarkers for tumor treatment and prognosis (Junttila and de Sauvage
2013, Chen, Zhang et al. 2017, Kortlever, Sodir et al. 2017). The ESTIMATE algorithm �rst described by
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Yoshihara et al. (Yoshihara, Shahmoradgoli et al. 2013) has helped to estimate the proportions of stromal
and immune cells in tumors to predict the associations between these cells and clinical features and
outcomes (Yang, Liu et al. 2020, Huang, Zhou et al. 2021). Previous studies have reported that scores
calculated by the ESTIMATE algorithm can be utilized as a predictor of nontumor cell in�ltration in the
TME in breast cancer (Wang, Zhu et al. 2020), bladder cancer (Whitehouse 1989), and gastric cancer
(Zeng, Li et al. 2019).

In this study, the ESTIMATE algorithm was used to identify prognostic genes associated with the TME in
NSCLC. The expression patterns and prognostic values of differentially expressed genes (DEGs) were
validated using the Cancer Genome Atlas (TCGA) and Kaplan-Meier Plotter analysis, and then we
identi�ed hub genes. Finally, to investigate the potential molecular mechanisms of target genes in the
pathogenesis or clinical prognosis of different cancers, a pan-cancer analysis of target genes was
conducted.

Methods

Patients
The gene expression pro�les and corresponding clinical information of patients with NSCLC were
extracted from Gene Expression Omnibus (GEO) datasets (https://www.ncbi.nlm.nih.gov/). The inclusion
criteria of NSCLC samples were as follows: (i) gene expression pro�ling of NSCLC was available in the
dataset; (ii) complete clinical data of patients with NSCLC were available, including gender, age, tumor–
node–metastasis stage, and survival time; (iii) the dataset sample size was ≥ 150. Finally, the GSE37745
dataset including 196 patients with NSCLC was included in the study.

Estimation of stromal and immune scores
The stromal and immune scores in the GEO dataset were calculated using the ESTIMATE algorithm for
each NSCLC sample. The correlations between clinical features and stromal/immune scores were also
analyzed. The prognostic values of stromal and immune scores were estimated using the Kaplan–Meier
method and log-rank test.

Screening of prognostic genes among differentially
expressed genes
The samples in the GSE37745 dataset were divided into two groups according to stromal scores (high
and low) and immune scores (high and low), respectively. DEGs were identi�ed using the “limma”
package of R software. Genes that satis�ed the following criteria were identi�ed as DEGs between high-
score and low-score groups: fold change > 2 and false discovery rate (FDR) < 0.05. To further explore the
common characteristics, overlapping DEGs were identi�ed using Venn diagrams. Genes associated with
poor prognosis were identi�ed from the overlapping DEGs by analyzing the overall survival (OS) data
using Kaplan–Meier plots and log-rank test; P < 0.05 was considered statistically signi�cant.
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Validation of poor prognosis genes and selected hub genes
To ensure robust results, poor prognosis genes were validated in multiple independent cohorts. The
Cancer Genome Atlas (Cancer Genome Atlas Research, Weinstein et al. 2013) and Genotype-Tissue
Expression (GTEx) (Consortium 2013) dataset were used to verify the expression of prognosis risk genes
using Gene Expression Pro�ling Interactive Analysis 2 (GEPIA2, https://gepia2.cancer-pku.cn/)(Tang,
Kang et al. 2019). Kaplan–Meier Plotter analysis (http://kmplot.com/analysis)(Nagy, Munkacsy et al.
2021) was used to assess the effect of the target gene on the prognosis of patients with NSCLC.

Quantitative real-time PCR (qRT-PCR)
The expression pro�les were examined by quantitative qRT-PCR. This study was approved by the Sun Yat-
sen University Cancer Center ethics committee (YB2018-85). The samples were derived from patients who
had undergone lung radical surgery at our center. Total RNA was isolated from ESCC tissue samples and
the adjacent normal tissue samples using the TRIzol (TIANGEN, Beijing, China) and reverse-transcribed to
complementary DNA using PrimeScript™ RT Master Mix (ES Science, Shanghai, China). Three hub gene
was ampli�ed using qRT-PCR by SYBR Green Master Mix (ES Science, Shanghai, China). For each
sample, the qRT-PCR assays were conducted in triplicate in 10-mL reaction volumes. GAPDH served as
the internal control to normalize hub gene expression. The relative expression was calculated using the
comparative threshold cycle (2-Ct) method.

Western Blot (WB)
Protein was extracted using RIPA lysis buffer (Beyotime) from NSCLC tissues and normal tissues in our
center. Protein concentrations were determined using BCA Protein Assay Kit (Beyotime). Primary
antibodies against PSAT1 (1:1000, Proteintech) was incubated overnight at 4°C. The appropriate HRP-
conjugated secondary antibodies (goat anti-mouse, 1:5000, Proteinrtech) were used and incubated at
room temperature for 1 h followed exposure imaging.

Immunohistochemistry (IHC) staining
Human pathological slides were constructed with formalin-�xed para�n-embedded NSCLC tissues and
normal tissues. IHC staining was performed on the TMA by using the appropriate dilatation of primary
antibodies (PSAT1, 1:500, Proteintech) followed by incubation with a secondary antibody conjugated
with HRP (mouse anti-rabbit, 1:50, Proteintech). Finally, we evaluated hub genes' levels in a cohort of 99
NSCLC patients with median 5-y follow-up. Annotation parameters include an evaluation of (i) staining
intensity (0, 1, 2, 3, 4), (ii) fraction of stained cells (0-100%), the �nal score is the product of staining
intensity and staining area.

STRING and GEPIA2 database analysis
To better understand the biological signi�cance of hub genes, the co-expression genes were identi�ed
from the STRING database (STRING, www.string-db.org/). Then, the Gene Ontology (GO) and Kyoto

https://www.ncbi.nlm.nih.gov/
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Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses of co-expression genes were
performed using the “clusterPro�ler”, “org.Hs.eg.db” and “enrichplot” packages of R software. GEPIA2
was used to plot survival heatmaps of the top co-expressed genes in NSCLC.

Transcription factor–miRNA–target regulatory network
construction
Numerous studies have revealed that transcription factors (TFs) regulate gene expression by interacting
with microRNAs (miRNAs) (Chandra Mangalhara, Manvati et al. 2017). Understanding the cross-talk
between these two regulators and their targets is critical to unveiling the complex molecular regulatory
mechanisms of cancers. In this study, to explore the potential molecular mechanisms of target genes in
oncogenesis and progression of NSCLC, iRegulon plug-in v1.3 of Cytoscape software were used to
construct the TF–miRNA–target network (Janky, Verfaillie et al. 2014).

Correlation between target genes and six types of
in�ltrating immune cells
Tumor-in�ltrating immune cells, as prominent components of the TME, are closely associated with
initiation, progression, or metastasis of cancer (Fridman, Galon et al. 2011). TIMER (https://cistrome.
shinyapps.io/timer/) was used to analyze the correlation between target gene expression and the
abundance of immune in�ltrates, including B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages,
and dendritic cells via gene modules (Li, Fan et al. 2017).

Pan-cancer analysis of target genes
The potential molecular mechanisms of target genes in different cancers were investigated using GEPIA2
and Kaplan–Meier Plotter analysis to conduct a pan-cancer analysis of target genes, including gene
expression analysis and survival status.

Statistical analysis
Gene expression data from the TCGA and GTEx databases were analyzed using Student’s t-test. The
correlation analysis was performed in the TIMER database using Spearman’s correlation. Data
processing and plotting in this study was performed by Perl (Version Strawberry-Perl-5.32.0.1;
https://www.perl.org/), Cytoscape software (Version x64 3.6.1 https://cytoscape.org/) (Shannon, Markiel
et al. 2003), R software (Version x64 3.6.3; https://www.r-project.org/) and the GraphPad Prism Software
(San Diego, California USA). Results with P < 0.05 were considered statistically signi�cant.

Results

Correlation of stromal and immune scores with different
clinical features in patients with non-small-cell lung cancer
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A total of 196 patients with NSCLC were included in this study, of which 107 (54.6%) were males, and 89
(45.4%) were females. Of the 196 patients, 106, 66, and 24 had LUAD, LUSC, and large cell
neuroendocrine carcinoma, respectively. Regarding the clinical classi�cation stage, 40 cases were in
stage IA, 90 cases in stage IB, 6 cases in stage IIA, 29 cases in stage IIB, 21 cases in stage IIIA, 6 cases in
stage IIIB, and 4 cases in stage IV (Table 1). 
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Table 1
Clinical features of patients in GSE37745

Clinical features   Count (%)

Age (y)    

  <=65 102(52%)

  > 65 94(48%)

Gender    

  Male 107(55%)

  Female 89(45%)

Status    

  survive 51(26%)

  died 145(74%)

Histology    

  LUAD 106(54%)

  LUSC 66(34%)

  LCNEC 24(12%)

Stage    

  IA 40(20%)

  IB 90(46%)

  IIA 6(3%)

  IIB 29(15%)

  IIIA 21(11%)

  IIIB 6(3%)

  IV 4(2%)

LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; LCNEC, Large cell neuroendocrine
carcinoma

Then, we used the ESTIMATE algorithm to examine the distribution of stromal and immune scores for
each patient. The results showed that LUAD and early clinical stages of NSCLC were associated with high
immune scores (P < 0.05, Fig. 1A, B). Otherwise, patients with high immune scores and high stromal
scores showed better survival rate (P < 0.05, Fig. 1C, D). Survival analysis showed that the OS in high and
low stromal/immune score groups was not signi�cantly different (P > 0.05, Fig. 1E, F).
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Screening of differentially expressed genes between
different score groups
In total, 893 genes were differentially expressed between high and low stromal score groups in the
GSE37745 dataset, including 738 upregulated and 155 downregulated genes. Similarly, 787 genes were
differentially expressed between high and low immune score groups, including 635 upregulated and 152
downregulated genes. The top 20 DEGs from different score groups were plotted, respectively (Fig. 2A, B).
The number of overlapping DEGs between the stromal score groups and the immune score groups was
437, including 380 upregulated and 57 downregulated genes (Fig. 2C, D).

Identi�cation of prognostic genes from differentially
expressed genes
The Kaplan–Meier method was used to analyze the relationship between OS and the 437 overlapping
DEGs in the GSE37745 dataset, and 43 genes were found to be closely associated with OS
(Supplementary table 1). Therefore, PLAUR, PSAT1, and RAD54B were identi�ed as prognosis risk genes
in NSCLC (Fig. 2E).

Validation of prognostic genes and selected hub genes
The expression of PSAT1 was veri�ed using TCGA dataset and GEPIA2, which demonstrated that only
PSAT1 was highly expressed in LUAD and LUSC (Fig. 3A) and upregulated with increasing tumor stage (P 
= 1.991e-05, Fig. 3B). Kaplan–Meier Plotter data showed that higher expression of PSAT1 led to lower
survival time in NSCLC (Fig. 3C). The results were further validated by verifying the expression level of
PSAT1 using qRT-PCR. As expected, in comparison with matched adjacent nontumor tissues, PSAT1 was
signi�cantly upregulated in cancer tissues (Fig. 3D and Supplementary table 2). In addition, we examined
the expression of PSAT1 in NSCLC tissues and normal tissues by WB. A higher level of PSAT1 was
observed in the NSCLC tissues and tumor samples, whereas a lower expression of PSAT1 was detected in
normal tissues (Fig. 3E). The protein expression of PSAT1 was also investigated by
immunohistochemical staining using tissue sections obtained from patients with NSCLC at our cancer
center, which showed that PSAT1 was more highly expressed in tumor tissues than in peritumor tissues
(Fig. 3F). Given the results of above, we evaluated hub genes' levels in a cohort of 99 NSCLC patients with
median 5-y follow-up in which high-score patients displayed poor OS (Fig. 3G and Supplementary table
3).

Enrichment analysis of PSAT1 co-expression genes
To further explore the molecular mechanism of the PSAT1 gene in tumorigenesis, we identi�ed the top 20
PSAT1-binding proteins using the STRING database (Fig. 4A). GO term enrichment showed that PSAT1
co-expression genes were mainly involved in the alpha-amino acid metabolic and biosynthetic process,
cellular amino acid metabolic process, carboxylic acid biosynthetic process, organic acid biosynthetic
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process, and cellular amino acid biosynthetic process (Fig. 4B). The KEGG pathway enrichment analysis
indicated that biosynthesis of amino acids; glycine, serine and threonine metabolism; and carbon
metabolism are involved in the effect of PSAT1 on tumor pathogenesis (Fig. 4C and Supplementary table
4). Remarkably, the top 20 positively co-expressed genes showed a high probability of becoming high-risk
markers of NSCLC (Fig. 4D).

Transcription factor–miRNA–target network construction
To understand the regulatory factors of PSAT1 in NSCLC, we analyzed the miRNAs and transcription
factors (TFs) associated with PSAT1. This network consisted of 24 nodes and 36 interactions, from
which we were able to identify 12 TFs—PAX9, TP53, ETS1, FOXI1, IRF3, NR2F1, NFYA, E2F1, NKX2-3,
GATA5, SRF, and EBF1and 12miRNAs—including hsa-miR-1914-5p, hsa-miR-192-5p, hsa-miR-7109-5p,
hsa-miR-874-3p, hsa-miR-7113-3p, hsa-miR-1224-5p, hsa-miR-4656, hsa-miR-6886-5p, hsa-miR-3619-3p,
hsa-miR-1207-5p, hsa-miR-665 and hsa-miR-659-3p.that potentially interact with PSAT1 (Fig. 4E and
Supplementary table 5).

Immune in�ltration analysis of PSAT1 in NSCLC
We evaluated the correlation between PSAT1 expression and immune invasion in NSCLC using the TIMER
database. The results revealed that PSAT1 expression levels were correlated with in�ltration of B cells
(LUAD: r = -0.072, P = 1.14e− 01; LUSC: r = -0.024, P = 5.98e− 01), CD8+ T cells (LUAD: r = 0.081, P = 7.24e− 02;
LUSC: r = -0.065, P = 1.57e− 01), CD4+ T cells (LUAD: r = -0.193, P = 1.89e− 05; LUSC: r = -0.298, P = 3.56e− 

11), macrophages (LUAD: r = -0.117, P = 9.94e− 03; LUSC: r = -0.197, P = 1.54e− 05), neutrophils (LUAD: r =
-0.018, P = 6.95e− 01; LUSC: r = -0.239, P = 1.30e− 07), and dendritic cells (LUAD: r = -0.115, P = 1.07e− 02;
LUSC: r = -0.209, P = 4.68e− 06; Fig. 4F).

Pan-cancer analysis of PSAT1
Gene expression analysis indicated a signi�cant difference in PSAT1 expression between healthy tissues
and tumor tissues of breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and
endocervical adenocarcinoma, Colon adenocarcinoma, lymphoid neoplasm diffuse large B-cell
lymphoma, glioblastoma multiforme, Brain lower grade glioma, ovarian serous cystadenocarcinoma,
prostate adenocarcinoma, rectal adenocarcinoma, stomach adenocarcinoma (STAD), thymoma, and
uterine corpus endometrial carcinoma (UCEC; Fig. 5A, P < 0.05). We also found that PSAT1 expression is
closely associated with the pathological stages of BRCA, kidney chromophobe, kidney renal clear cell
carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), STAD, testicular germ cell tumor, thyroid
carcinoma (THCA), and UCEC (Fig. 5B, P < 0.05). Next, we assessed the prognostic value of PSAT1
expression across cancers in Kaplan-Meier Plotter, and results showed that PSAT1 plays a detrimental
role in BRCA, KIRC, KIRP, liver hepatocellular carcinoma (LIHC), pancreatic adenocarcinoma (PAAD),
sarcoma (SARC), THCA, and UCEC (Fig. 5C, P < 0.05).
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Discussion
A wealth of evidence shows that the TME plays an important role in carcinoma (Lin, Karakasheva et al.
2016, Skarstein, Jensen et al. 2019). A deeper understanding of tumor cell–TME interactions contribute
to developing novel therapeutic strategies for NSCLC. In this study, analysis of the GSE37745 dataset
showed that PSAT1 may be considered as a tumor microenvironment-related prognostic biomarker in
NSCLC. Online and experimental validation indicated high expression of PSAT1 in NSCLC tissues, and
survival analysis by Kaplan-Meier Plotter suggested that high expression of PSAT1 was linked to poor
prognosis in NSCLC, which may contribute to the research on the progression of NSCLC and could be
regarded as biomarkers and therapeutic targets in NSCLC.

TFs are DNA-binding proteins that play important roles in the regulation of gene expression, cell
proliferation, and apoptosis (Lee and Young 2013). miRNAs are short, non-coding RNAs consisting of
18–25 nucleotides that regulate the translation of mRNAs (Doench and Sharp 2004). It is well known that
TFs promote or repress transcription at the pre-transcription level, whereas miRNAs play an important
regulatory role at the post-transcriptional level. In our study, Cytoscape was used to construct a regulation
network of TFs, miRNAs, and their targets, involving 12 TFs and 34 miRNAs. Although miRNAs such as
miR-34 (Bommer, Gerin et al. 2007), miR-28 (Davidson, Larsen et al. 2010), miR-155 (Yanaihara, Caplen et
al. 2006), miR-21 (Markou, Tsaroucha et al. 2008), and miR-31 (Liu, Sempere et al. 2010) are evidently
associated with the development and progression of NSCLC, miRNAs associated with NSCLC need
further research.

PSAT1 is an enzyme involved in serine biosynthesis, and excessive activation of the serine/glycine
metabolic pathway is considered to promote the occurrence of cancer by promoting cell cycle
progression, cell proliferation, and tumorigenesis (Baek, Jun et al. 2003, DeBerardinis 2011, Yang, Wu et
al. 2015). A growing amount of evidence indicates that PSAT1 is an oncogene that affects cancer
progression and metastasis (Ojala, Sundstrom et al. 2002, Martens, Nimmrich et al. 2005). Previous
studies have demonstrated that PSAT1 may facilitate cell cycle progression via regulation of the GSK3β/
β-catenin/cyclin D1 pathway (Yang, Wu et al. 2015).

Through correlation analysis, we reported that PSAT1 expression is associated with several immune
in�ltrating cells in LUSC and LUAD (Fig. 4F). These results suggest that PSAT1 is involved in the
regulation of tumor immune cells. The study of Yuan fan et al. also revealed that PSAT1 may promote
the progression of endometrial cancer by affecting immune cell in�ltration(Fan, Li et al. 2021).

Finally, the pan-cancer study also suggested that PSAT1 may serve as a good prognostic biomarker in
diverse cancers, including KIRC, KIRP, LIHC, PAAD, SARC, THCA, and UCEC.

Conclusion
In summary, our results indicate that PSAT1 is a promising prognostic biomarker for NSCLC; it is
necessary to further study the potential therapeutic value of PSAT1.
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Abbreviations

BRCA Breast invasive carcinoma

DEGs Differentially expressed genes

DLBC Lymphoid neoplasm Diffuse large B-cell lymphoma

GEO Gene expression omnibus

GEPIA2 Gene Expression Pro�ling Interactive Analysis 2

KEGG Kyoto Encyclopedia of Genes and Genomes

KIRC Kidney renal clear cell carcinoma

KIRP Kidney renal papillary cell carcinoma

LIHC Liver hepatocellular carcinoma

LUAD Lung adenocarcinoma

LUSC Lung squamous cell carcinoma

miRNA microRNA

NSCLC Non-small-cell lung cancer

PAAD Pancreatic adenocarcinoma

PSAT1 Phosphoserine aminotransferase 1

READ Rectal adenocarcinoma

SARC Sarcoma

STAD Stomach adenocarcinoma

TCGA The Cancer Genome Atlas

TF Transcription factor

THCA Thyroid carcinoma

TIMER Tumor Immune Estimation Resource

TME Tumor microenvironment

UCEC Uterine corpus endometrial carcinoma
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Figures

Figure 1

The comparisons of stromal scores and immune scores in different clinical features and clinical
outcomes. (A) The differences of immune scores of NSCLC in clinical stages. (B) The differences of
immune scores of NSCLC in varied types. (C) The differences of immune scores of NSCLC in overall
survival. (D) The differences of stromal scores of NSCLC in overall survival. (E) The differences of
immune scores of NSCLC in overall survival, p = 0.427. (F) The differences of stromal scores of NSCLC in
overall survival. P = 0.380. There is no statistical difference.
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Figure 2

DEGs between high- and low- immune /stromal score group. (A) Heatmap of top 20 DEGs of immune
scores (low- and high-) in GSE37745 dataset. (B) Heatmap of top 20 DEGs of stromal scores (low- and
high-). (C) The commonly up-regulated DEGs between immune-/ and stromal- score group. (D) The
commonly down-regulated DEGs between immune-/ and stromal- score group. (E) Survival analysis of
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the prognosis-related genes in GSE37745 dataset, P<0.05 was considered statistically signi�cant. PLAUR,
PSAT1 and RAD54B were considered as risk genes.

Figure 3

Validation of hub genes. (A) Expression of PLAUR based on TCGA dataset through GEPIA website. (B)
Based on the TCGA data, the relationship between the expression levels of PSAT1 and pathological
stages. (C) The relationship between PSAT1 and survival rate of patients with NSCLC. (D) Expression of
PSAT1 in NSCLC, P < 0.05. (E) Western blot experiment showed that PSAT1 was overexpressed in cancer
tissue. (F) Immunohistochemistry con�rmed the differential expression of PSAT1 in NSCLC tissues and
normal tissues. (G) Strong staining for PSAT1 correlates with poor OS in NSCLC patients (n = 99). P <
0.001 by log-rank test.



Page 18/20

Figure 4

Investigate the potential molecular mechanism of PSAT1. (A) PPI network of top 20 PSAT1-binding
proteins based on the STRING database. (B and C) GO and KEGG pathway of PSAT1 co-expression
genes. (D) Survival heatmaps of the top 20 genes correlated with PSAT1 in NSCLC. (E) TF-miRNA-Target
regulatory network. Blue oval represented the miRNA; Green oval represent TFs. (F) Correlations between
PSAT1 expression level and NSCLC immune in�ltration obtained from the TIMER database.
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Figure 5

Pan-cancer analysis of PSAT1. (A and B) Expression level of PSAT1 gene in different tumors and
pathological stages were analyzed through GEPIA2. (C)The relationship between PSAT1 and survival rate
of diverse tumors based on Kaplan-Meier Plotter.  BRCA: Breast Invasive Carcinoma; CESC: Cervical
Squamous Cell Carcinoma and Endocervical Adenocarcinoma, DLBC: Lymphoid Neoplasm Diffuse Large
B-cell Lymphoma, GBM: Glioblastoma Multiforme, KICH: Kidney Chromophobe, KIRC: Kidney Renal Clear
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Cell Carcinoma, KIRP: Kidney Renal Papillary Cell Carcinoma, LGG: Brain Lower Grade Glioma, LIHC: Liver
Hepatocellular Carcinoma, OV: Ovarian Serous Cystadenocarcinoma, PAAD: Pancreatic Adenocarcinoma,
PRAD: Prostate Adenocarcinoma, READ: Rectum Adenocarcinoma, SARC: Sarcoma, STAD: Stomach
Adenocarcinoma, TGCT: Testicular Germ Cell Tumors, THCA: Thyroid , Carcinoma, THYM: Thymoma,
UCEC: Uterine Corpus Endometrial Carcinoma.
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