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Abstract

Background
Metabolic reprogramming has been reported in various kinds of cancers and is related to clinical
prognosis, but the prognostic role of pyrimidine metabolism in gastric cancer (GC) remains unclear.

Methods
Here, we employed DEG analysis to detect the differentially expressed genes (DEGs) in pyrimidine
metabolic signaling pathway and used univariate Cox analysis, Lasso-penalizes Cox regression analysis,
Kaplan-Meier survival analysis, univariate and multivariate Cox regression analysis to explore their
prognostic roles in GC. The DEGs were experimentally validated in GC cells and clinical samples by
quantitative real-time PCR.

Results
Through DEG analysis, we found NT5E, DPYS and UPP1 these three genes are highly expressed in GC.
This conclusion has also been veri�ed in GC cells and clinical samples. A prognostic risk model was
established according to these three DEGs by Univariate Cox analysis and Lasso-penalizes Cox
regression analysis. Kaplan-Meier survival analysis suggested that patient cohorts with high risk score
undertook a lower overall survival rate than those with low risk score. Strati�ed survival analysis,
Univariate and multivariate Cox regression analysis of this model con�rmed that it is a reliable and
independent clinical factor. Therefore, we made nomograms to visually depict the survival rate of GC
patients according to some important clinical factors including our risk model.

Conclusion
In a word, our research found that pyrimidine metabolism is dysregulated in GC and established a
prognostic model of GC based on genes differentially expressed in pyrimidine metabolism.

Introduction
Gastric cancer (GC) remains one of the most common malignant diseases in the world[1, 2]. Although the
treatment has made some progress over the decades, the 5-year survival rate of patients with advanced
GC remains low [3]. Exploration and analysis of tumor prognostic biomarkers are crucial for assessing
tumor progression, predicting the effect of treatment, reducing recurrence and mortality, and prolonging
survival.
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Metabolic reprogramming is one of the characteristics of cancer, promotes tumor cell proliferation and
survival[4, 5]. A lot of studies have shown that the metabolism of sugar, lipid and amino acid ultimately
affects tumor growth through nucleotide metabolism[6-10]. Nucleotide metabolism is a multi-step
process containing a variety of enzymes, including common catalytic enzymes and rate-limiting enzymes
such as lyase, synthase, amidotransferase, dehydrogenase, etc. Studies have also proved that restraining
the activity of some rate-limiting enzymes in pyrimidine metabolism can directly affect tumor growth[11,
12]. For example, high expression levels of rate–limiting enzymes carbamoyl-phosphate synthetase 2,
aspartate transcarbamylase, and dihydroorotase (CAD), deoxythymidylate kinase, 5'-nucleotidase,
cytosolic II (NT5C2), NT5C3, ribonucleotide reductase catalytic subunit M1 (RRM1), RRM2, thymidine
kinase 1 (TK1), TK2, dihydroorotate dehydrogenase (DHODH), thymidylate synthetase, uridine-cytidine
kinase 2 (UCK2), UCKL1 in pyrimidine metabolism are described in liver cancer and lung cancer patients
and related to poor clinical prognosis[11, 13]. Using pyrimidine metabolism rate-limiting enzymes CAD
and DHODH as targets to inhibit pyrimidine synthesis enhances the molecular therapeutic response to
glioblastoma[14]. 5'-nucleotidase ecto (NT5E) is related to poor clinical prognosis and regulates cell
proliferation and migration in many cancers including GC[15, 16]. Historically, pyrimidine nucleotide
synthesis has been the pathway of choice to target tumors, because pyrimidine nucleotides are the
fundamental building block of DNA synthesis in cells and are increasingly needed by cancer cells due to
its rapid growth[12]. Pyrimidine analogue 5- Fluorouracil (5FU) is one of the most extensively used drugs
in cancer treatment. 5FU can inhibit thymidylate synthase and prevent the conversion of deoxyuridine
acid to thymidylate, thus interfering with DNA synthesis[17]. It is commonly employed to treat breast,
colorectal, pancreatic, gastric, liver, and ovarian cancer[18]. However, pyrimidine analogues like 5FU not
only target the pyrimidine metabolism of tumor cells, but also partially affect the pyrimidine metabolism
of normal cells, causing great side effects[19]. Thus, it is of great signi�cance to search for genes
differentially expressed in pyrimidine metabolism according to different cancer types for the treatment
and prognosis of different cancer.

In this research, we employed The Cancer Genome Atlas (TCGA) cohort to explore the differentially
expressed genes (DEGs) in pyrimidine metabolism in GC and veri�ed them through in vitro experiments. A
prognostic risk models was established based on these DEGs. Strati�ed survival analysis, univariate and
multivariate Cox analysis of this model con�rmed that it is a reliable and independent clinical factor.
Therefore, we made nomograms to visually depict the survival rate of GC patients according to some
important clinical factors including our risk model. These conclusions have been veri�ed in the Gene
Expression Omnibus (GEO) database. The detailed work�ow chart of our article was shown in Figure 1A.

Methods

Acquisition of information of GC patients
The training cohort of mRNA expression information and relevant clinical data of 375 cases of GC
patients (33 cases with survival time less than 30 days were eliminated later) and 32 cases of normal
people were all downloaded from TCGA (https://www.cancer.gov/). The test cohort of gene and clinical



Page 5/18

information were downloaded from GSE15459 and GSE84433 cohort in GEO
(https://www.ncbi.nlm.nih.gov/geo/), which includes 615 cases of GC patients. 57 pyrimidine
metabolism pathway genes (map00240) were employed in KEGG (https://www/kegg.jp).

Establishment and Veri�cation of a Prognostic Risk Model
The Wilcoxon method was utilized for DEGs analysis, and then the pheatmap software package of R
software v1.2.1 was employed to draw the heat map. Univariate Cox analysis was performed on overall
survival (OS) to screen DEGs with prognostic values. Lasso-penalized Cox regression analysis was
utilized to remove redundant genes with low impact, and a prognostic risk model was established on
basis of the expression of residual DEGs mRNA. The obtained prognostic risk model was subsequently
veri�ed by the GSE15459 and GSE84433 cohorts in GEO. We use the survminer package in the R program
to test the capability of the model, and use the surv_cutpoint function to calculate the optimal cut-off
value. According to this value, GC patients were divided into high risk cohort and low risk cohort.
Subsequently, time-dependent receiver operating characteristic (ROC) curves were plotted with time ROC
package to estimate the predictive power of the prognostic model. In order to assess the difference in
overall survival (OS) between the high-risk cohort and the low-risk cohort, strati�ed Kaplan-Meier survival
analysis was utilized.

Cox Regression Analysis
Univariate and multivariate Cox regression analysis were employed to test whether the prognostic risk
model was an important and independent clinical factor. P < 0.05 was considered as statistically
signi�cant.

Gene Set Enrichment Analyses (GSEA)
In order to explore whether GC pyrimidine metabolism disorders will affect other signaling pathways, we
performed GSEA analysis on the high-risk and low-risk cohorts in the GEO and TCGA databases,
respectively. GSEAv4.1.0 tool was employed to combine with the KEGG gene set for GSEA analysis. P <
0.05 and FDR <0.25 were considered as statistically signi�cant.

Establishment and Validation of a predictive nomogram
We established a nomogram model to evaluate the OS prognosis of GC patients via employing the rms
package of R program. The coxph function of survival package was used to �nd the C index, which was
used to measure the prediction ability and performance of the model. Then, the lrtest function of rms
package was used to measure the advantages of each model.

Cell Culture
One normal human gastric epithelial cell GES-1 and six GC cell lines MKN-28, MKN-45, MGC-803, HGC-27,
BGC-823 and SGC-7901 were collected from the A�liated Zhongshan Hospital of Xiamen University. GES-
1, MKN-28 and MKN-45 were cultured in RPMI 1640 medium (Gibco, USA), MGC-803, HGC-27 and BGC-
823 were cultured in Dulbecco’s Modi�ed Eagle’s medium (Gibco, USA), and SGC-7901 was culture in
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Minimum Essential Medium (Gibco, USA) in a humid environment with 5% CO2 and 37°C. All types of
media contained 100 U/ mL penicillin-streptomycin solution (Meilun Biotech, Dalian) and 10% fetal
bovine serum (Gibco, USA).

Human GC Samples
20 pairs of GC tissues and matching normal tissues (At least 5 cm or farthest from the tumor) were
collected from the Department of Gastrointestinal Surgery, A�liated Zhongshan Hospital of Xiamen
University.

RNA Extraction and Quantitative Real-Time (q-RT)PCR
Following instructions provided by the manufacturer, TRIzol reagent (TransGen Biotech, Beijing) was
utilized to extract RNA from cells and tissues. The cDNA Synthesis Supermix kit (TransGen Biotech,
Beijing) was utilized to reverse transcribe 1 microgram RNA into cDNA. 2X SYBR Green qPCR Master Mix
(Bimake, USA) was utilized to carry out real-time PCR on a BioRad Biosystems 7500 instrument (Bio-Rad,
Hercules, CA) in triplicate. β-actin or 18s-rRNA was employed to normalize the levels of RNA measured. All
operations should be done on ice as much as possible. The sequences of the primers are as follows: β-
actin-F: GGACTTCGAGCAAGAGATG and β-actin-R: AGCACTGTGTTGGCGTACAG; 18s-rRNA-F:
AGTCCCTGCCCTTTGTACACA and 18s-rRNA-R: GATCCGAGGGCCTCACTAAAC; NT5E-F:
TCTTCTAAACAGCAGCATTCC and NT5E-R: CATTTCATCCGTGTGTCTCAG; UPP1-F:
ACTGCCCAGGTAGAGACTATC and UPP1-R: CTGCACCAGCTTCTTGTTAAG; DPYS-F:
ACCCGACTTCCTCATGAATCT and DPYS-R: CATCCGATCTTCAACACCATTCA.

Results

DEGs Related to GC Pyrimidine Metabolism in TCGA
To seek DEGs in GC pyrimidine metabolism, we compared mRNA expressions in 342 GC tissues and 32
normal gastric tissues in TCGA. Through univariate Cox regression analysis, 3 genes (NT5E, DPYS and
UPP1) connected with pyrimidine metabolism were detected (Figure 1B,1C). Lasso-penalized Cox
analysis showed that these three genes in GC pyrimidine metabolism were closely connected with GC
prognosis (Figure S1). Among the 3 genes related to pyrimidine metabolism, NT5E and
dihydropyrimidinase (DPYS) participate in the catabolism of pyrimidine, and uridine phosphorylase
1(UPP1) is an enzyme in the salvage synthesis pathway of pyrimidine nucleotides.

Experimental Validation of DEGs in GC Cells and Tissues
We also performed qRT-PCR to verify the reliability of DEGs calculated by bioinformatics methods. We
found that these genes were highly expressed in most of GC cell lines and 20 pairs of GC tissue samples
(Figure 2). This is consistent with our bioinformatics results.

Establishment of a Prognostic Risk Model in TCGA
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On basis of the relationship between the mRNA expression levels of these three genes and the prognosis
of GC, we established a prognostic risk model. The model was conducted as: prognostic risk score =
0.1661*NT5E + 0.1007*DPYS + 0.1877*UPP1. In this risk model, GC patients were segmented into high-
risk cohort and low-risk cohort according to the optimal cutoff value of 6.30 (Figure 3A). In the middle of
Figure 3A, we can see that patients in high-risk cohort had lower survival times than the low-risk cohort.
The heat map of the mRNA expression of 3 genes in 344 GC patients was shown at the bottom of Figure
1B, all of these 3 genes are highly expressed in GC. According to the ROC curve, the area under the curve
(AUC) of OS in 1, 2, and 3 year were 0.62, 0.587 and 0.62, respectively, indicating that our model was
relatively reliable (Figure 3B). The OS in high-risk cohort was obviously lower than the low-risk cohort too (
P =0.0012, Figure 3C). In conclusion, these results suggest that this prognostic risk model based on DEGs
in pyrimidine metabolism can indeed guide the prognosis of GC patients

Validation of the Prognostic Risk Model in GEO
We used clinical information from GSE15459 and GSE84433 as test databases to verify the validity of
prognostic models for predicting GC outcomes. Similarly, GC patients were segmented into high-risk
cohort and low-risk cohort with cutoff score at 8.0 (Figure 3D). According to the ROC curve, the AUC of OS
in 1, 2, and 3 year were 0.614, 0.608, and 0.614, indicating that our model was quite reliable in DEO too
(Figure 3E). The results are consistent with those in TCGA, all of these 3 genes are highly expressed in GC,
patients in high-risk cohort had lower survival times than the low-risk cohort in this model (Figure 3D, 3F).

The Prognostic Risk Model is an Important and
Independent Clinical Feature in GC
The OS was strati�ed according to general clinical features, and the difference between the low-risk
cohort and the high-risk cohort was analyzed. According to subgroup classi�cation including age, gender,
tumor stage and grade, the OS in high-risk cohort was generally worse than that in low-risk cohort (Figure
4A). Similar result can be obtained in the GEO database. However, since there is no grade information in
GEO database, we could not perform strati�ed survival analysis for grade in GEO database (Figure 4B).

Next, in order to judge whether the model is an important and independent clinical feature of GC
prognosis, we carried out univariate and multivariate Cox regression analysis in TCGA and GEO
respectively. In TCGA, the hazard ratio (HR) value of the risk score model was 1.152, and the 95%
con�dence interval (CI) was 1.061-1.250 in univariate analyses (P<0.001) (Figure 5A), suggesting that risk
model was an important clinical feature. Similar conclusions were also veri�ed in the GEO database, the
hazard ratio (HR) value was 1.114, and the 95% CI was 1.056-1.176 (P<0.001). It was the second most
important clinical feature after TNM stage (Figure 5B). In multivariate Cox regression analysis, the HR of
this model based on pyrimidine metabolism was 1.092 and 95% CI was 1.002-1.190 (P = 0.045) in TCGA
(Figure 5C), and the HR of the risk model was 1.112 and 95% CI was 1.054-1.174 (P<0.001) in GEO(Figure
5D). These suggested that this model could be utilized as an independent clinical feature to judge the
prognosis of GC. We have noticed that there are some differences between the results in TCGA and GEO
databases. For example, the clinical factor TNM stage was not an independent factor in TCGA database,
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but it was indeed shown as an independent clinical factor in GEO database, which may be related to the
difference of cases contained in the two databases.

Establishment and Validation of a Prognostic Nomogram
According to above analysis, we know that prognostic risk model is one of the important and independent
clinical features that can guide the prognosis of GC. Here we carried out a multivariate Cox regression on
this model and found that the AUC of this model was higher than other clinical indictors, showing that the
prognostic risk model was comparatively dependable (Figure 6A,6B). Therefore, for purpose of intuitively
describing the in�uence of various clinical factors on patients' OS, including the prognostic risk model we
established. We made nomograms to predict the incidence of OS at 1, 2, and 3 years in the TCGA and
GEO databases, respectively (Figure 6C,6D).

GSEA Pathway Analysis
To identify pathways that might be affected by pyrimidine metabolism disorders, GSEA pathway analysis
was carried out. The �ve representative pathways enriched in the high-risk cohort were apoptosis,
pathogenic Escherichia coli infection, pyrimidine metabolism, sphingolipid metabolism and vibrio
cholerae infection (Figure S2A, S2B), the �ve representative pathways enriched in low-risk cohort were
drug metabolism cytochrome p450, histidine metabolism, long term depression, metabolism of
xenobiotics by cytochrome p450 and tryptophan metabolism, but the �ve representative pathways
enriched in the low-risk cohort were not statistically signi�cant in TCGA (Figure S2C,2D).

Discussion
In our study, we established a prognostic risk model based on three genes (NT5E, UPP1 and DPYS) found
to be associated with GC pyrimidine metabolism and demonstrated that this prognostic risk model is a
reliable and independent clinical feature of GC. We also performed GSEA pathway analysis to explore the
pathways that may be affected by the disorder of pyrimidine metabolism. Finally, we made a nomogram
to visually map the impact of the model and other important clinical measures on the OS of patients.

Although there have been reports that these three genes are more or less involved in cancer progression,
we are the �rst to integrate all DEGs in pyrimidine metabolism. NT5E is a cell surface protein anchored by
glycosylphosphatidylinositol[20, 21]. It is the �rst crucial enzyme in the purinergic signaling pathway[22,
23]. In recent years, purinergic signaling pathways with extracellular adenosine, AMP and ATP as the
main signaling molecules have been found to play a signi�cant part in the progression of some tumors,
including GC[24]. NT5E overexpression was observed in GC tissues and serum, and it is connected to the
clinical progression of GC patients[15, 16]. Overexpression of NT5E can promote tumor proliferation,
migration and invasion[25, 26]. DPYS (also known as DHP) is a zinc metalloenzyme, which is highly
expressed in tumors compared with the matching normal tissues, whose role is to degrade
dihydropyrimidine[27]. Excessive accumulation of dihydropyrimidine will facilitate the constitution of
DNA-protein crosslinks, leading to DNA replication and transcriptional stress[27]. Studies have shown that
DPYS subtype DPYSL3 was a promising biomarker for GC malignant behavior[28]. UPP1 catalyzes the
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reversible phosphorylation of uridine or 2'- deoxyuridine to uracil and ribose-1-phosphate (or deoxyribose-
1-phosphate), plays an essential role in pyrimidine recovery and uridine homeostasis regulation[29]. UPP1
as an oncogene has been revealed to be involved in numerous malignant tumors, for example, colorectal
cancer and thyroid cancer, etc[30]. Researches have investigated the connections between the expression
of UPP1 and the prognosis of cancer patients. They demonstrated that the higher the level of UPP1 in the
tumor, the worse the prognosis and the shorter the survival time of cancer patients[31]. But genes are not
an isolated island, the interactions between genes form a beautiful pulsating map of life. Although all
three genes have been reported to be involved in the progression of GC, further experiments are needed to
determine whether these genes can conjointly target GC or other types of cancer.

Our research also has many shortcomings. We noticed that except for NT5E, which is a key enzyme in
purinergic signaling pathway, neither UPP1 nor DPYS are key enzymes in pyrimidine metabolism.
According to previous reports, rate-limiting enzymes such as CAD and DHODH are essential in the
progress of tumors. In addition to the selection of samples, the TCGA dataset lacks clinical information
on the clinical variables associated with tumor progression and postoperatively, such as tumor size,
vascular invasion, recurrence of GC, and postoperative treatment, which may also be in�uencing
factors[32]. Therefore, our research cannot eliminate the survival of patients may be in�uenced by
postoperative treatment or other key clinical features. And due to incomplete clinical data, we excluded
some part of the TCGA cohort for further analysis, this may in�uence the accuracy of the statistics too. In
addition, since this prognostic risk model was constructed by us through the online database, its role in
the current reality is not clear, which needs to be further con�rmed by our subsequent experiments.

In conclusion, our research shows that pyrimidine metabolism is disturbed in GC, and predicts GC
prognosis. The prognostic risk model composed of three pyrimidine metabolism genes (NT5E, UPP1 and
DPYS) could be used as an important and independent biomarker for predicting GC prognosis

Abbreviations
GC: gastric cancer; DEGs: differentially expressed genes; CAD: carbamoyl-phosphate synthetase 2,
aspartate transcarbamylase, and dihydroorotase; NT5C2: 5'-nucleotidase, cytosolic II; RRM1:
ribonucleotide reductase catalytic subunit M1; TK1: thymidine kinase 1; DHODH: dihydroorotate
dehydrogenase; UCK2: uridine-cytidine kinase 2; NT5E, Ecto-5-nucleotidase; 5FU: 5- Fluorouracil; TCGA:
The Cancer Genome Atlas; GEO: the Gene Expression Omnibus; ROC: receiver operating characteristic; OS,
overall survival; GSEA: Gene Set Enrichment Analyses; DPYS, Dihydropyrimidinase; UPP1, uridine
phosphorylase 1; AUC, area under the curve; HR, hazard ratio; CI, con�dence interval.

Declarations
Ethics approval and consent to participate



Page 10/18

The study was approved by the Ethics Committee of the Zhongshan Hospital, Xiamen University.
Samples were obtained with written informed consent from all patients in accordance with the
Declaration of Helsinki.

Consent for publication

Written informed consent for publication was obtained from all participants.

Availability of data and materials

The data analyzed in this study were obtained from TCGA database, GSE15459 and GSE8443 in GEO
database.

Competing interests

The authors declare that they have no competing interests

Funding

This study was supported by grants from the National Nature Science Foundation of China (No.
82072727), the Young Top Talents of Fujian Young Eagle Project, the Xiamen Science and Technology
Plan Projects (No.3502Z20209021) and the Fujian Health Youth Scienti�c Research Project (No.
2020QNB059).

Author Contribution

HJL and XHH conceived the study. XHH designed the experiments, JST, ZXW and YFZ performed the
major experiments and analyzed the data. ZXW and JST wrote the manuscript. All authors read and
approved the �nal manuscript.

Acknowledgments

We would like to thank the contributors to the TCGA GEO and KEGG databases for the available data.

References
1. Ferlay J, Colombet M, Soerjomataram I, Parkin DM, Pineros M, Znaor A, Bray F. Cancer statistics for

the year 2020: An overview. Int J Cancer. 2021; 149(4): 778-89.

2. Mattiuzzi C, Lippi G. Cancer statistics: a comparison between World Health Organization (WHO) and
Global Burden of Disease (GBD). Eur J Public Health. 2020; 30(5): 1026-7.

3. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, Bray F. Global cancer statistics
2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries.
Ca-a Cancer Journal for Clinicians. 2021; 71(3): 209-49.



Page 11/18

4. Faubert B, Solmonson A, DeBerardinis RJ. Metabolic reprogramming and cancer progression.
Science. 2020; 368(6487): 152-+.

5. Liu Y, Zhang Z, Wang J, Chen C, Tang X, Zhu J, Liu J. Metabolic reprogramming results in abnormal
glycolysis in gastric cancer: a review. Oncotargets and Therapy. 2019; 12: 1195-204.

�. Fu SJ, Li Z, Xiao LB, Hu WF, Zhang L, Xie BW, Zhou Q, He JJ, Qiu YF, et al. Glutamine Synthetase
Promotes Radiation Resistance via Facilitating Nucleotide Metabolism and Subsequent DNA
Damage Repair. Cell Reports. 2019; 28(5): 1136-+.

7. Kodama M, Nakayama KI. A second Warburg-like effect in cancer metabolism: The metabolic shift of
glutamine-derived nitrogen: A shift in glutamine-derived nitrogen metabolism from glutaminolysis to
de novo nucleotide biosynthesis contributes to malignant evolution of cancer. BioEssays : news and
reviews in molecular, cellular and developmental biology. 2020; 42(12): e2000169.

�. Wahwah N, Dhar D, Chen H, Zhuang SH, Chan A, Casteel DE, Kalyanaraman H, Pilz RB, Boss GR.
Metabolic interaction between amino acid deprivation and cisplatin synergistically reduces
phosphoribosyl-pyrophosphate and augments cisplatin cytotoxicity. Sci Rep. 2020; 10(1): 17-29.

9. Villa E, Ali ES, Sahu U, Ben-Sahra I. Cancer Cells Tune the Signaling Pathways to Empower de Novo
Synthesis of Nucleotides. Cancers. 2019; 11(5): 688.

10. Ma JS, Zhong MY, Xiong YB, Gao Z, Wu ZX, Liu Y, Hong XH. Emerging roles of nucleotide metabolism
in cancer development: progress and prospect. Aging-Us. 2021; 13(9): 13349-58.

11. Wang H, Wang X, Xu L, Zhang J, Cao H. High expression levels of pyrimidine metabolic rate-limiting
enzymes are adverse prognostic factors in lung adenocarcinoma: a study based on The Cancer
Genome Atlas and Gene Expression Omnibus datasets. Purinergic signalling. 2020; 16(3): 347-66.

12. Mollick T, Lain S. Modulating pyrimidine ribonucleotide levels for the treatment of cancer. Cancer &
Metabolism. 2020; 8(1).

13. Yeh HW, Lee SS, Chang CY, Hu CM, Jou YS. Pyrimidine metabolic rate limiting enzymes in poorly-
differentiated hepatocellular carcinoma are signature genes of cancer stemness and associated with
poor prognosis. Oncotarget. 2017; 8(44): 77734-51.

14. Wang X, Yang K, Wu Q, Kim LJY, Morton AR, Gimple RC, Prager BC, Shi Y, Zhou W, et al. Targeting
pyrimidine synthesis accentuates molecular therapy response in glioblastoma stem cells. Science
translational medicine. 2019; 11(504).

15. Hu S, Meng F, Yin X, Cao C, Zhang G. NT5E is associated with unfavorable prognosis and regulates
cell proliferation and motility in gastric cancer. Bioscience reports. 2019; 39(5).

1�. Lu XX, Chen YT, Feng B, Mao XB, Yu B, Chu XY. Expression and clinical signi�cance of CD73 and
hypoxia-inducible factor-1α in gastric carcinoma. World J Gastroenterol. 2013; 19(12): 1912-8.

17. Sethy C, Kundu CN. 5-Fluorouracil (5-FU) resistance and the new strategy to enhance the sensitivity
against cancer: Implication of DNA repair inhibition. Biomedicine & pharmacotherapy = Biomedecine
& pharmacotherapie. 2021; 137: 111285.

1�. Longley DB, Harkin DP, Johnston PG. 5-�uorouracil: mechanisms of action and clinical strategies.
Nature reviews Cancer. 2003; 3(5): 330-8.



Page 12/18

19. Beaver CC, Magnan MA. Managing Chemotherapy Side Effects: Achieving Reliable and Equitable
Outcomes. Clinical journal of oncology nursing. 2016; 20(6): 589-91.

20. Kordaß T, Osen W, Eichmüller SB. Controlling the Immune Suppressor: Transcription Factors and
MicroRNAs Regulating CD73/NT5E. Front Immunol. 2018; 9: 813.

21. Yang J, Liao X, Yu J, Zhou P. Role of CD73 in Disease: Promising Prognostic Indicator and
Therapeutic Target. Curr Med Chem. 2018; 25(19): 2260-71.

22. Burnstock G, Di Virgilio F. Purinergic signalling and cancer. Purinergic signalling. 2013; 9(4): 491-540.

23. Burnstock G. Purine and purinergic receptors. Brain and neuroscience advances. 2018; 2:
2398212818817494.

24. Huang Z, Xie N, Illes P, Di Virgilio F, Ulrich H, Semyanov A, Verkhratsky A, Sperlagh B, Yu SG, et al.
From purines to purinergic signalling: molecular functions and human diseases. Signal Transduct
Target Ther. 2021; 6(1): 20.

25. Allard D, Allard B, Gaudreau PO, Chrobak P, Stagg J. CD73-adenosine: a next-generation target in
immuno-oncology. Immunotherapy. 2016; 8(2): 145-63.

2�. Jiang T, Xu X, Qiao M, Li X, Zhao C, Zhou F, Gao G, Wu F, Chen X, et al. Comprehensive evaluation of
NT5E/CD73 expression and its prognostic signi�cance in distinct types of cancers. BMC cancer.
2018; 18(1): 267.

27. Basbous J, Aze A, Chaloin L, Lebdy R, Hodroj D, Ribeyre C, Larroque M, Shepard C, Kim B, et al.
Dihydropyrimidinase protects from DNA replication stress caused by cytotoxic metabolites. Nucleic
acids research. 2020; 48(4): 1886-904.

2�. Kanda M, Nomoto S, Oya H, Shimizu D, Takami H, Hibino S, Hashimoto R, Kobayashi D, Tanaka C, et
al. Dihydropyrimidinase-like 3 facilitates malignant behavior of gastric cancer. Journal of
experimental & clinical cancer research : CR. 2014; 33(1): 66.

29. Wang J, Xu S, Lv W, Shi F, Mei S, Shan A, Xu J, Yang Y. Uridine phosphorylase 1 is a novel immune-
related target and predicts worse survival in brain glioma. Cancer medicine. 2020; 9(16): 5940-7.

30. Roosild TP, Castronovo S, Fabbiani M, Pizzorno G. Implications of the structure of human uridine
phosphorylase 1 on the development of novel inhibitors for improving the therapeutic window of
�uoropyrimidine chemotherapy. BMC structural biology. 2009; 9: 14.

31. Guan Y, Bhandari A, Zhang X, Wang O. Uridine phosphorylase 1 associates to biological and clinical
signi�cance in thyroid carcinoma cell lines. Journal of cellular and molecular medicine. 2019; 23(11):
7438-48.

32. Su WJ, Lu PZ, Wu Y, Kalpana K, Yang CK, Lu GD. Identi�cation of Key Genes in Purine Metabolism as
Prognostic Biomarker for Hepatocellular Carcinoma. Front Oncol. 2020; 10: 583053.

Figures



Page 13/18

Figure 1

Differential gene expression analysis in the TCGA database. (A) Flow chart of the study. (B) Heatmap of
differential gene expression in pyrimidine metabolism. (C) Unicox analyses of DEGs according to
prognosis.



Page 14/18

Figure 2

The DEGs in pyrimidine metabolism are overexpressed in GC. (A) The mRNA expressions of pyrimidine
metabolism (NT5E,UPP1 and DPYS) were accessed in six GC cell lines (including HGC-27, MGC-803, SGC-
7901, BGC-823, MKN-45 and MKN-28) and one immortalized normal gastric epithelial cell GES-1. (B) The
mRNA expressions of pyrimidine metabolism were also compared between 20 pairs of GC tumor tissues
and adjacent non-tumor gastric tissues.
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Figure 3

Risk score model, time-dependent ROC analysis, and survival analysis for the prognostic risk model (A-C)
Risk scoring model, time-dependent ROC analysis and survival analysis of genes related to pyrimidine
metabolism in TCGA. (E-G) Risk scoring model, time-dependent ROC analysis and survival analysis of
genes related to pyrimidine metabolism in GEO.
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Figure 4

Strati�ed Kaplan-Meier curves of OS between high-risk group and low-risk group. (A) Kaplan-Meier curves
of OS differences strati�ed by age, gender, tumor grade and TNM stage between high-risk group and low-
risk group in TCGA. (B) Kaplan-Meier curves of OS differences strati�ed by age, gender, tumor grade and
TNM stage between high-risk group and low-risk group in GEO.
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Figure 5

Univariate and multivariate analyses of factors associated with survival. (A) Univariate analysis of overall
survival risk factors in pyrimidine metabolism in TCGA. (B) Univariate analysis of overall survival risk
factors in pyrimidine metabolism in GEO. (C) Multivariate analysis of overall survival risk factors in
pyrimidine metabolism in TCGA. (D) Multivariate analysis of overall survival risk factors in pyrimidine
metabolism in GEO.
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Figure 6

Establishment and validation of a prognostic nomogram (A) ROC curves of clinical characters and risk
score based on pyrimidine metabolism in TCGA. (B) ROC curves of clinical characters and risk score
based on pyrimidine metabolism in GEO. (C) The nomogram predicts the probability of the 1, 2, 3 year OS
related to pyrimidine metabolism in TCGA. (D) The nomogram predicts the probability of the 1, 2, 3 year
OS related to pyrimidine metabolism in GEO.
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