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Abstract
Background: Gastric cancer (GC) is a common malignant tumour of the digestive tract. the prognosis of
GC patients is still not optimistic. Apoptosis-related genes (ARGs) plays an important role in the
development, invasion, metastasis and drug resistance of GC. Therefore, assessing the interaction
between ARGs and the prognosis of GC patients may help identify speci�c biomarkers.

Methods: Differentially expressed genes (DEGs) were identi�ed by integrating gene expression pro�ling
analyses from The Cancer Genome Atlas (TCGA) GC cohort and Gene Set Enrichment Analysis (GSEA)
Database. Then, a risk score model was built based on Kaplan-Meier (K-M), least absolute shrinkage and
selector operation (LASSO), and multivariate Cox regression analyses. Another cohort (GSE84426) was
used for external validation. By combining risk scores with clinical variables, a nomogram was
constructed to predict the prognosis of GC patients.

Results: We screened 39 DEGS and established a three-gene signature(CAV1 F2 LUM) based on 161
ARGs. In addition, three-gene signature was identi�ed as an independent factor in predicting the
prognosis of GC patients and validated in an external independent cohort. Finally, we developed a
nomogram that can be applied to clinical practice.

Conclusions: Our study established a three-gene signature of GC based on ARGs that has reference
signi�cance for in-depth research on the apoptosis mechanism of GC and the exploration of new clinical
treatment strategies.

Introduction
Gastric cancer (GC) is a malignant gastrointestinal tumour that seriously threatens human health, and its
morbidity and mortality rank �fth and third among malignant tumours, respectively1,2. As GC patients are
often diagnosed at an advanced stage, the long-term prognosis of patients is not ideal3. In addition,
surgical treatment and �rst-line chemotherapy with platinum-containing drugs are still the main choice
for treatment of GC, but the e�cacy of the above treatment methods in advanced GC has reached a
bottleneck; therefore, novel treatment methods are urgently needed4,5. In recent years, with the rise of
second-generation sequencing technology, the expression regulation mechanism of some special types
of genes has been clari�ed. By combining gene expression pro�les with clinical information from
patients, some biomarkers with predictive value for patient prognosis have been obtained6,7. Early
diagnosis, prognosis prediction and even identi�cation of potential therapeutic targets can be realized
through these biomarkers. However, due to the lack of speci�city and sensitivity, only a few prognostic
markers of GC are applicable to clinical practice.

Apoptosis, also known as programmed cell death, is an effective mechanism to actively remove ageing or
damaged cells in the process of growth and development8. Apoptosis is highly regulated by apoptosis-
related genes (ARGs) and involves multiple signaling pathway. Triggering of apoptosis depends on
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caspase-mediated internal pathway, external pathways or endoplasmic reticulum pathway, which
ultimately lead to morphological and biochemical changes in cells9. Usually, the proliferation and
apoptosis of cells maintain a dynamic balance. Once the mechanism of apoptosis is altered, this balance
is broken, promoting the occurrence and development of tumours10–12. Preliminary studies on the
relationship between apoptosis and GC showed that the expression products of ARGs could be
independent factors in�uencing the poor prognosis of GC patients13. In addition, some studies have
shown that a targeted drug not only plays an anticancer role through anti-angiogenesis, but also inhibits
tumour progression by inducing apoptosis-related genes and inhibiting the expression of anti-apoptotic
genes14.

Given the existing �ndings, we know that apoptosis-related genes are closely related to the occurrence
and development of GC. However, comprehensive and systematic research is still lacking. In this study,
We established a three-genes signature and Nomogram to predict the prognosis of GC patients, and
preliminarily revealed their complex biological functions and involved signaling pathways related to
ARGs, aiming to provide guidance for individualized prediction and treatment of patients with GC.

Materials And Methods

Acquisition of apoptosis-related genes
The Molecular Signatures Database (version 7.4) (http://software.broadinstitute.org/gsea/msigdb) of the
GSEA database (http://software.broadinstitute.org/gsea/index.jsp) was used to download the
"HALLMARK_APOPTOSIS" gene sets, and ARGs were obtained in total. For details, please see Table S1.

Collection of RNA sequencing data and clinical information
RNA-seq data from 343 GC samples and 30 normal samples were obtained from the TCGA database
(https://cancergenome.nih.gov/). In addition, we downloaded the clinical information of 365 GC patients
with a survival time over 30 days from the database. At the same time, RNA-seq data and clinical
information of the external validation cohort (n=76) were downloaded from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/, ID:GSE84426). All gene expression-related data were normalized by
log2 transformation, and all patients with incomplete clinical data were excluded.

Relationship between apoptosis-related genes and
prognosis of gastric cancer
We selected | log2FC | > 1, FDR < 0.05 as the critical value, and the "limma" package was used to
determine differentially expressed apoptosis-related genes. The “ClusterPro�ler” package was used for
Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway analysis of differentially expressed genes. The Search Tool for the Retrieval of Interacting Genes
(STRING)database was used (Version 11.5) (http://www.string-db.org/) to construct the PPI between
differentially expressed genes, and the results were visualized by Cytoscape software.
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Identi�cation of a three-gene signature
Univariate Cox regression analysis was performed to identify the ARGs related to the prognosis of GC
patients, and the cut-off p value was set to 0.05. The least absolute shrinkage and selection operator
(LASSO)Cox regression model (“glmnet” package) was used to narrow down the candidate genes and
establish the prognostic model. The penalty parameter (λ) was determined by the minimum criterion, and
the three ARGs and their coe�cients were obtained. Three ARG expression levels in normal and GC
tissues ("limma "package) were compared, and the Human Protein Atlas (HPA) database
(http://www.proteinatlas.org/) was used to compare the 3 gene expression levels at the protein level. The
samples were divided into a high expression group (n=152) and a low expression group (n=153), with the
median expression level of the three genes as the critical value. The "survivor" package was used to
analyse survival differences between the high expression group and the low expression group. Finally, the
cBioPortal database (http://cbioportal.org) was used to analyse the gene mutations of these 3 genes.

Development of the apoptosis-related gene prognostic
model
By combining the expression levels and risk coe�cients of the 3 ARGs, a risk score formula was
established: Risk Score = Σ3 iXi×Yi (X: coe�cient, Y: gene expression level). After calculating the risk score
for each GC patient, the patients were divided into high-risk and low-risk groups at the median risk score
cut-off. The "survminer" package was used to draw Kaplan–Meier survival curves and describe the
survival distribution of the patients. Finally, the "time-ROC" package was used to draw receiver operating
characteristic (ROC) curves, and the area under the curve (AUC) value was calculated to evaluate the
predictive power and accuracy of the prognostic model.

Independent prognostic analysis of the risk score
The risk score and other clinical variables (age, gender, grade, T stage, N stage, and M stage) were
included in the univariate and multivariate Cox regression analyses (cut-off p value:0.05) to determine the
independent prognostic factors of GC patients.

External validation of the GEO cohort
According to the risk score formula obtained from the TCGA cohort, the risk score of patients in the GEO
dataset GSE84426 was calculated. Patients were divided into high-risk and low-risk groups using the
median risk score as the cut-off value. Kaplan–Meier survival curves and ROC curves were drawn to
evaluate the predictive power of the prognostic model in an external independent cohort.

Construction of a nomogram to predict the prognosis of
gastric cancer patients
The forward stepwise selection method for optimizing AIC applied based on multivariate Cox analysis
was used to identify variables, and the “rms” package was used to integrate them to construct a
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nomogram for predicting the prognosis of GC patients. Meanwhile, 1-year, 3-year, and 5-year calibration
curves and the C-index were used to assess the accuracy of the nomogram.

Statistical analysis
Single-factor analysis of variance was used to compare gene expression levels between GC samples and
normal samples. Kaplan–Meier survival analysis with a two-sided log-rank test was used to compare the
outcomes of patients in different groups. Univariate and multivariate Cox regression were used to analyse
the independent prognostic values of the variables. All statistical analyses were accomplished with R
software (v4.0.2). The overall �ow diagram is shown in Fig. 9.

Results

Identi�cation of differentially expressed apoptosis-related
genes
We identi�ed 39 differentially expressed genes(DEGs)between normal tissues and GC tissues. There were
26 up-regulated genes (CASP8, LUM, IFITM3, CCND1, SLC20A1, BIK, CDK2, TAP1, TNFRSF12A, KRT18,
BID, EREG, PMAIP1, CASP2, LEF1, PDGFRB, AIFM3, BRCA1, CDC25B, PLPPR4, TIMP1, F2R, ERBB2,
TOP2A, BGN, and F2) and 13 down-regulated genes (BTG2, GPX3, GADD45B, IGFBP6, RHOB, GSN,
TGFBR3, GSTM1, CAV1, DCN, JUN, CDKN1A, and TXNIP). The expression distribution of DEGs is
presented in Fig. 1A-C.

Functional enrichment analysis and protein interaction
network
To determine the main biological function of the DEGs and the pathways involved, GO enrichment
analysis and KEGG pathway analysis were performed on 39 DEGs. The results of GO enrichment analysis
showed that the main biological pathways of DEG enrichment were the extrinsic apoptotic signaling
pathway and positive regulation of the cell cycle. The main enriched cell components were the cycle-
dependent protein kinase holoenzyme complex and lysosomal lumen. The main enriched molecular
function was ubiquitin/ubiquitin-like protein ligase binding (Fig. 2A, B). In addition, KEGG pathway
analysis showed that these genes were not only highly enriched in apoptotic pathways, but also involved
in the regulation of the p53/PI3K-Akt signaling pathway, platinum drug resistance, Epstein-Barr virus
infection and some carcinogenic pathways (Figure 2C, 2D). To further explore the interactions between
these ARGs, we PPI analysis using the STRING database and visualized the results using Cytoscape. We
�nally identi�ed 36 apoptotic genes as hub genes. Among them, 23 genes were up-regulated and 13
genes were down-regulated (Figure 2E).

Association between ARGs and gastric cancer patient
survival and prognosis
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After univariate Cox regression analysis, we obtained 10 ARGs associated with the prognosis of GC
patients (P < 0.05). Among them, 9 genes (CAV1, DCN, F2, F2R, GADD45B, GPX3, IGFBP6, LUM, and
PDGFRB) were negatively correlated with the prognosis of GC patients, and one gene (TAP1) was
positively correlated with prognosis (Figure 3A). By performing LASSO Cox regression analysis, a 3-gene
signature (CAV1, LUM and F2) was constructed according to the optimum λ value (Fig. 3B, C). By
comparing the RNA expression and protein expression levels of 3 ARGs between GC tissues and normal
tissues, we found that the expression levels of the 3 ARGs in GC samples were signi�cantly increased
compared with those in normal samples (Fig. 3D). To further analyse the correlation between the
expression of 3 ARG genes and the prognosis of GC patients, we divided the samples into a high
expression group (n=152) and a low expression group (n=153) using the median expression level of
genes as the critical value. Kaplan–Meier analysis showed that the survival rate of the high expression
group was signi�cantly lower than that of the low expression group (Figure 3E). Gene mutations in 3
ARGs were analysed using the cBioPorta database (Figure 3F). A total of 434 patients were enrolled, of
whom 46 (11%) had a genetic mutation. Among the 3 ARGs, F2 was the most prone to mutation (5%),
while LUM was the gene with the lowest mutation probability but the greatest number of possible
mutations (missense mutation, truncating mutation, ampli�cation and deep deletion).

We further compared the expression differences of the 3 ARGs at the protein level between GC and
normal tissues. Immunohistochemical results showed that the expression of CAV1, F2 and LUM at the
protein level in gastric cancer tissues was higher than that in normal tissues (Fig. 4), which was
consistent with our previous results and further veri�ed the prognostic value of the three genes.

Establishment of a prognostic risk signature based on
apoptosis-related genes
By combining the expression levels of 3 ARGs with the risk coe�cient, the prognostic risk score formula
of GC patients was established. Risk score= (0.1457×expression levels of CAV1) + (0.2978×expression
levels of F2) + (0.1317×expression levels of LUM). After calculating the risk score of each patient
according to the above formula, patients were divided into a high-risk group (n=152) and a low-risk group
(n=153) using the median risk score as the critical value (Fig. 5A). The survival distribution of patients
(Figure 5B) showed that patients in the high-risk group had more deaths and shorter survival times than
those in the low-risk group. Kaplan–Meier (K-M) analysis showed a statistically signi�cant difference in
survival between the high-risk and low-risk groups (P < 0.0001) (Figure 5C). The survival rate of the high-
risk group was signi�cantly lower than that of the low-risk group, especially in regards to 2- and 3-year
survival rates. A ROC curve showed that the prognostic model had good sensitivity and speci�city, and
the AUC values of the 1-year, 3-year and 5-year survival rates were 0.630, 0.657 and 0.722, respectively
(Figure 5D).

Independent prognostic value of the risk model
To determine whether the risk score was an independent predictor of prognosis in patients with GC (P <
0.05), univariate and multivariate Cox regression analyses were performed to compare the risk score and
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other clinical prognostic variables. The results of univariate Cox regression analysis (Fig. 6A) showed that
age, tumour stage, N stage and risk score were correlated with the prognosis of GC patients. Multivariate
Cox regression analysis showed that risk score (P < 0.001) and age (P=0.001) were independent
predictors of the prognosis of GC patients (Fig. 6B). In addition, ROC curves were used to verify the
accuracy of each factor in predicting the prognosis of GC patients. Comparison of the AUC values of
each curve, showed that the AUC value of the risk score (AUC=0.631) was signi�cantly higher than that of
the clinical variables, indicating that the risk score had higher predictive power and accuracy than the
clinical variables (Fig. 6C).

External validation of the risk signature
The risk score of patients in the GEO dataset GSE84426 (n=76) was calculated by the previously
established risk scoring formula. According to the median risk score, patients were divided into high-risk
(n=38) and low-risk groups (n=38). GSEA was used to identify differences between the high- and low-risk
groups strati�ed by the apoptosis-related signature. The results showed that ECM receptor interaction, the
calcium signaling pathway, and focal adhesion were signi�cantly enriched in the high-risk group
(Fig. 7A). K-M survival analysis showed that patients in the high-risk group of the external independent
cohort also had signi�cantly lower outcomes than those in the low-risk group (P=0.018) (Fig. 7B). The
AUC values of the ROC curve (1-year, 3-year and 5-year survival rates: 0.579, 0.605 and 0.650,
respectively) further veri�ed the high accuracy of the risk score (Fig. 7C).

Development of a prognostic nomogram
To apply the risk score to clinical practice, we integrated risk scores with clinical variables to construct a
nomogram to predict the prognosis of GC patients. The forward stepwise selection method for optimizing
AIC applied based on multivariate Cox analysis was used to ultimately identify two variables, risk score
and age. According to the actual situation of each patient, the corresponding score of each factor was
obtained, and the 1-year, 3-year and 5-year survival rates of the patient were calculated after obtaining
total score (Fig. 8A). The results showed that higher �nal scores were correlated with shorter survival
times. Furthermore, the calibration curves for 1-year, 3-year and 5-year survival rates were used to verify
the prediction ability of the line graph, and the results showed that the predicted value was in strong
agreement with the actual value (C index =0.607) (Fig. 8B-D).

Discussion
Apoptosis, also known as programmed cell death, plays an important role in the human body as a
homeostasis and defence mechanism15. Unlike necrosis, apoptosis is an active process that is highly
regulated by genes. Typically, when cells in precancerous lesions have irreparable DNA damage, the body
activates apoptosis to remove potentially harmful cells and prevent tumour growth. Therefore,
maladjustment of the apoptosis mechanism is considered to be closely related to the occurrence and
development of tumours and drug resistance to tumour therapy16,17, but it also provides clues for the
development of new therapeutic methods.
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In this study, 38 ARGs with differential expression in GC samples and normal samples were identi�ed. GO
enrichment analysis and KEGG bypass analysis showed that most DEGs were involved in the regulation
of the cell cycle, the external signaling pathway of apoptosis, the p53/PI3K-Akt signaling pathway, etc. To
further evaluate the relationship between ARGs and the prognosis of GC patients, we constructed a 3-
gene risk model by univariate Cox regression analysis and LASSO Cox regression analysis. According to
the median risk score, patients were divided into a high-risk group and a low-risk group, and the survival
rate of the high-risk group was signi�cantly lower than that of the low-risk group. In addition, multivariate
Cox analysis showed that the risk model was an independent factor in predicting the prognosis of GC
patients, and the independent cohort of the GEO database further veri�ed that the model had high
prognostic ability for GC patients. To further apply the risk model in practice, we constructed a nomogram
for predicting the prognosis of GC patients.

In our study, three ARGs (CAV1, LUM, and F2) were identi�ed as potential therapeutic targets for GC, all of
which were highly expressed in GC tissues and were negatively correlated with the prognosis of GC
patients. The CAV1 expression product caeolin-1 is a carcinogenic membrane protein associated with
endocytosis, signal transduction and lipid metabolism disorders18. Previous studies have shown that
CAV1 can both promote and inhibit tumour development, possibly dependent on tumour type and stage.
On the one hand, CAV1 can play an inhibitory role in cancer by promoting cell cycle arrest and preventing
cell transformation19–21. On the other hand, the CAV1 gene can promote cancer by inhibiting apoptosis
and promoting tumour metastasis and drug resistance22,23. Previous studies have shown that high
expression of CAV1 is positively correlated with disease progression and poor prognosis of GC
patients24,25, which is consistent with our �ndings (HR value of CAV1 < 1). Some studies have explored
the possible mechanism by which CAV1 affects the prognosis of GC patients. On the one hand, CAV1 can
enhance the receptor activator of nuclear factor-κB (RANK) pathway leading to GC cell migration 26. On
the other hand, Caeolin-1 promotes cisplatin resistance in GC cells by activating the WNT/β-catenin
pathway27. The expression product of the LUM gene is a type of proteoglycan in the extracellular matrix,
which is involved in receptor-mediated signal transduction and affects tumour proliferation28. Similar to
the CAV1 gene, the LUM gene can both promote and inhibit tumour proliferation29. Compared with
surrounding normal tissues, the LUM gene is highly expressed in GC tissues30 and is positively correlated
with increased tumour invasiveness and poor prognosis31, both of which were veri�ed in our study.
Studies have shown that the LUM gene can be involved in the occurrence and metastasis of GC by
activating the integrin β1-FAK signaling pathway32. The F2 gene encodes prothrombin protein, which is
hydrolysed multiple times to form active thrombin. In addition to its functions of thrombosis and
haemostasis, thrombin plays an important role in cell proliferation and tumour angiogenesis 33,34.
Scholars have explored the correlation between F2 and cancer35,36, and mutation of F2 was proven to be
associated with an increased prevalence of gastrointestinal tumours37. In vitro animal experiments have
shown that prothrombin can promote tumour growth, invasion and metastasis by acting on PAR-1 and
�brin in colon cancer38. At present, there are no reports to clarify the role of F2 in the occurrence and
development of GC. Our study showed that F2 was highly expressed in GC tissues with a high mutation
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probability and was negatively correlated with the prognosis of GC patients, which may provide clues for
subsequent studies.

In conclusion, our study con�rms that ARGs are associated with poor prognosis in patients with GC. In
addition, we established a risk score model based on ARGs, which was veri�ed by an independent
external cohort with high predictive e�cacy. We also established a nomogram combining risk score and
age, which further improves the practicability of the risk model in clinical application and improves the
sensitivity of individualized survival prediction for GC patients.
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Figure 1

The differentially expressed ARGs. A The heatmaps of 39 differentially expressed ARGs. B The boxplot of
the differentially expressed ARGs. (Red represents high expression, blue represents low expression, black
represents no difference between HCC and normal tissues.) C The volcano plot of the differentially
expressed ARGs (N indicates non-tumor tissues; T indicates tumor tissues).
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Figure 2

GO and KEGG analysis of differentially expressed ARGs. A C The top 30 signi�cant terms of GO function
enrichment and KEGG analysis. BP biological process, CC cellular component, MF molecular function. B
D The GO circle and the KEGG circle shows the scatter map of the logFC of the speci�ed gene. (The larger
the circle, the greater the number of enrichment; The redder the color, the higher the signi�cance of
enrichment; The higher the Z-score value indicated, the higher expression of the enriched pathway). E The
correlation network of the ARGs (Red represents up-regulation, bule represents down-regulation).
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Figure 3

Identi�cation of ARGs associated with the prognosis of GC. A The forest plot of univariate Cox regression
results; B LASSO regression of the 10 OS-related genes; C Cross-validation for tuning the parameter
selection in the LASSO regression; D Expression levels of 3 screened ARGs in GC and normal samples. E
KM curve of the relationship between OS in GC patients and expression levels of 3 screened ARGs. F
Mutation data of 3 screened ARGs among 434 GC specimens.
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Figure 4

Immunohistochemical results of the expression levels of 3 screened ARGs between GC and para-
carcinoma tissues according to the Human Protein Atlas (HPA) database;
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Figure 5

Construction of risk signature in the TCGA cohort. A Distribution of patients based on the risk score. B
The survival status for each patient (low-risk population: on the left side of the dotted line; high-risk
population: on the right side of the dotted line). C Kaplan–Meier curves for the OS of patients in the high-
and low-risk groups. D ROC curves demonstrated the predictive e�ciency of the risk score.
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Figure 6

Prognostic effect analysis of risk score and clinical features in GC. A univariate Cox regression analysis
for the TCGA cohort. B multivariate Cox regression analysis for the TCGA cohort. C The ROC analysis of
the risk score and other prognostic clinical features in GC.
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Figure 7

Validation of the apoptosis -related signature in GEO dataset. A GSEA analyzed e differences between
high- and low-risk groups strati�ed by the apoptosis-related signature. B Kaplan–Meier curves of OS in
the high-risk and the low-risk groups strati�ed by the apoptosis -related signature in the GSE84426. C The
ROC analysis in the GSE84426.
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Figure 8

Nomogram considering apoptosis-related signature and clinical factors for prediction of the
individualized survival probability of GC patients. A Development of a nomogram containing age and risk
score to predict 1-, 3-, and 5-year OS. B–D Calibration plots of the nomograms in terms of the agreement
between nomogram-predicted and observed 1-, 3-, and 5-year survival outcomes of the GC cohort. The
45◦dashed line represents the ideal performance. The actual performances of the model are represented
by the red lines, and the �gures from left to right illustrate the 1-, 3-, and 5-year results, respectively.



Page 21/21

Figure 9

Work�ow diagram. The speci�c work�ow graph of data analysis.
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