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Abstract 
Colorectal cancer is a common malignant tumor in intestinal tract, the early symptoms are not obvious. Gastric cancer is a malignant 
tumor originating from the gastric mucosal epithelium. However, the role of MYC and non-SMC condensin II complex subunit 
G2 (NCAPG2) in colorectal cancer and gastric cancer remains unclear. The colorectal cancer datasets GSE49355 and gastric 
cancer datasets GSE19826 were downloaded from gene expression omnibus database. Differentially expressed genes (DEGs) 
were screened and weighted gene co-expression network analysis (WGCNA) was performed. Functional enrichment analysis, 
gene set enrichment analysis (GSEA) and immune infiltration analysis was performed. Construction and analysis of protein-protein 
interactions (PPI) network. Survival analysis and comparative toxicogenomics database (CTD) were performed. A heat map of 
gene expression was drawn. A total of 751 DEGs were obtained. According to the gene ontology (GO) analysis, in Biological 
process (BP) analysis, they are mainly enriched in cell differentiation, cartilage development, and skeletal development. In cellular 
component (CC) analysis, they are mainly enriched in the cytoskeleton of muscle cells and actin filaments. In molecular function 
(MF) analysis, they are mainly concentrated in Rho GTPase binding, DNA binding, and fibronectin binding. In Kyoto encyclopedia 
of genes and genomes (KEGG) pathway analysis, they are mainly enriched in the MAPK signaling pathway, apoptosis, and cancer 
pathways. The soft threshold power for WGCNA analysis was set to 9, resulting in the generation of 40 modules. Ultimately, 2 
core genes (MYC and NCAPG2) were identified. The heatmap of core gene expression showed high expression of MYC and 
NCAPG2 in colorectal cancer tissue samples and low expression in normal tissue samples, while they were core molecules in 
gastric cancer. Survival analysis indicated that MYC and NCAPG2 were risk factors, showing an upregulation trend with increasing 
risk scores. CTD analysis revealed associations of MYC and NCAPG2 with colorectal cancer, gastric cancer, inflammation, and 
immune system diseases. MYC and NCAPG2 are highly expressed in colorectal cancer. The higher the expression of MYC and 
NCAPG2, the worse the prognosis. MYC and NCAPG2 are core molecules in gastric cancer.

Abbreviations: CTD = comparative toxicogenomics database, DEGs = differentially expressed genes, FC = fold change, FDR 
= false discovery rate, GO = gene ontology, GSEA = gene set enrichment analysis, KEGG = Kyoto encyclopedia of genes and 
genomes, NCAPG2 = non-SMC condensin II complex subunit G2, PPI = protein-protein interactions, STRING = search tool for 
the retrieval of interacting genes, WGCNA = weighted gene co-expression network analysis.
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1. Introduction
Colorectal cancer and gastric cancer are 2 common malignant 
tumors of the digestive system, which differ in terms of patho-
genesis, epidemiology, pathological characteristics, harmful-
ness, and nursing requirements.[1] Colorectal cancer originates 
within the colon and rectum, typically arising from the cells 
of the colon or rectal mucosa.[2] Gastric cancer refers to the 
malignancy formed by the malignant transformation of epithe-
lial cells on the gastric mucosa.[3] Colorectal cancer is common 

among middle-aged and elderly populations, with the incidence 
increasing with age, particularly in developed countries.[4] 
Gastric cancer is more prevalent worldwide, especially in Asian 
countries such as Japan, China, and Korea.[5] Untreated col-
orectal cancer may lead to serious consequences such as gas-
trointestinal bleeding, obstruction, distant metastasis, and even 
life-threatening conditions.[6] Gastric cancer often presents no 
symptoms in its early stages, but as it progresses to advanced 
stages, symptoms like dyspepsia, abdominal pain, and weight 
loss may occur, and in severe cases, it can lead to cachexia and 
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distant metastasis.[7] Although the exact causes are unclear, 
genetic factors, chromosomal abnormalities, gene fusions, 
and other factors may be associated with its development. 
Therefore, in-depth research into the molecular mechanisms 

of colorectal and gastric cancers is particularly important as 
it can provide insights for personalized treatment strategies. 
Currently, molecular targeted therapy has become an important 
treatment strategy in nursing protocols. By targeting specific 

Figure 1.  Differential gene analysis. (A) Differential gene of GSE49355. (B) Differential gene of GSE19826. (C) A total of 751 DEGs. DEGs = differentially 
expressed genes.
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molecular targets, tumor growth and spread can be more effec-
tively inhibited, thereby improving treatment outcomes and 
survival rates.

Biological informatics technology has rapidly developed, pro-
viding new perspectives and methods for biological research, 
with high-throughput sequencing and machine learning at its 
core.[8] Its efficiency, accuracy, diversity, and comprehensiveness 
in data processing and analysis make it a powerful tool for deci-
phering life. In the field of medicine, bioinformatics supports 
personalized medicine, driving medical progress, and its inter-
disciplinary applications further promote innovation and col-
laboration in scientific research.[9,10]

MYC is an important transcription factor that regulates gene 
expression and is involved in processes such as cell prolifera-
tion, differentiation, and apoptosis.[11] Non-SMC condensin II 
complex subunit G2 (NCAPG2) is a gene encoding a protein 
involved in cell mitosis, regulating chromosome structure and 
dynamics.[12] MYC and NCAPG2 play important roles in cell 
biology and molecular biology research and have certain effects 
on the occurrence and development of tumors.[13,14] However, 
the relationship between MYC, NCAPG2 genes, and colorectal/
gastric cancer is not yet clear.

Therefore, this study aims to use bioinformatics technology 
to explore the core genes between colorectal cancer and gas-
tric cancer and normal tissues, and conduct enrichment analysis 

and pathway analysis. Public datasets will be used to validate 
the significant roles of MYC and NCAPG2 genes in colorectal 
and gastric cancers. In terms of nursing for colorectal and gas-
tric cancers, changes in MYC and NCAPG2 indicators will be 
observed to optimize nursing protocols.

2. Methods

2.1. Colorectal cancer and gastric cancer datasets

In this study, the colorectal cancer dataset GSE49355 and 
gastric cancer dataset GSE19826 profiles were downloaded 
from the gene expression omnibus database (http://www.
ncbi.nlm.nih.gov/geo/), generated from GPL96 and GPL570 
platforms, respectively. GSE49355 comprises 20 colorectal 
cancer and 18 normal tissue samples, GSE19826 comprises 
12 gastric cancer and 12 normal tissue samples, utilized for 
identifying differentially expressed genes (DEGs) in colorec-
tal and gastric cancers.

2.2. DEGs selection

Log2 transformation was applied to the colorectal cancer 
dataset GSE49355 and gastric cancer dataset GSE19826. 
Multivariate linear regression was performed using the lmFit 

Figure 2.  Functional enrichment analysis of DEGs. (A) Biological process analysis. (B) Cellular component analysis. (C) Molecular function analysis. (D) KEGG 
analysis. KEGG = Kyoto encyclopedia of genes and genomes.

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
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function, adjusting the t-statistic, f-statistic, and log2 fold 
change (FC) through empirical Bayesian moderation of the stan-
dard errors toward a common value. The R package “limma” 
was employed for probe summarization and background cor-
rection of the combined matrix for GSE49355. The Benjamini-
Hochberg method was used to adjust the raw P values, and FC 
was calculated using the false discovery rate (FDR). The cutoff 
criteria for DEGs were set at P < .05 and FC > 1.5. Significant 
differences for each gene were obtained, and volcano plots were 
generated. Subsequently, the intersection of DEGs between the 
colorectal cancer dataset GSE49355 and gastric cancer dataset 
GSE19826 was obtained to obtain DEGs.

2.3. Weighted gene co-expression network analysis 
(WGCNA)

Initially, the median absolute deviation of each gene was calcu-
lated from the gene expression profiles, and the bottom 50% 

of genes with the smallest median absolute deviation were 
removed. Outliers of genes and samples were removed using 
the goodSamplesGenes method of the R package WGCNA. 
Further, a scale-free co-expression network was constructed 
using WGCNA. Specifically, Pearson correlation matrices and 
average linkage methods were applied to all pairs of genes. 
Then, using the power function A_mn = | C_mn | ^β structure 
weighted adjacency matrix (C_mn = Gene_m and Pearson cor-
relation between Gene_n; A_mn = adjacency between Gene m 
and Gene n). β is a soft thresholding parameter emphasizing 
strong correlations and reducing the influence of weak or neg-
ative correlations. After selecting a power of 10, the adjacency 
matrix was transformed into a Topological Overlap Matrix 
(TOM), measuring the network connectivity of a gene. Modules 
of genes with similar expression profiles were identified using 
average linkage hierarchical clustering based on TOM-based 
dissimilarity measure, with a minimum module size (genes 
per module) set to 30. The sensitivity was set to 3. For further 

Figure 3.  Gene set enrichment analysis. (A–D) GSE49355. (E–H) GSE19826.
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analysis of modules, the dissimilarity of module eigengenes was 
calculated, a cutting line was selected for the module dendro-
gram, and some modules were merged. Additionally, modules 
with a distance <0.25 were merged. Notably, the gray module 
was considered a set of genes that could not be assigned to any 
module.

2.4. Functional enrichment analysis

Gene ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) analyses are computational methods for 
evaluating gene function and biological pathways. In this study, 
the lists of DEGs filtered by Venn diagrams were input into the 
KEGG API (https://www.kegg.jp/kegg/rest/keggapi.html) to 

obtain the latest gene annotations for KEGG Pathways. These 
annotations were used as a background to map genes, and 
the R package clusterProfiler (version 3.14.3) was utilized for 
enrichment analysis to obtain results of gene set enrichment. 
GO annotations for genes were obtained from the R package 
org.Hs.e.g..db (version 3.1.0) and used as a background to map 
genes. A minimum gene set size of 5, maximum gene set size of 
5000, a P value of < .05, and an FDR of < 0.25 were considered 
statistically significant metrics.

Additionally, the Metascape database was utilized to 
provide comprehensive gene list annotations and analysis 
resources, with visualization export capabilities. We performed 
functional enrichment analysis on the aforementioned lists of 
DEGs using the Metascape database (http://metascape.org/gp/
index.html).

Figure 4.  Metascape enrichment analysis. (A) Bar graph of enriched terms across input gene lists, colored by P values. (B) Network of enriched terms: colored 
by cluster-ID, where nodes that share the same cluster-ID are typically close to each other. (C) Colored by P value, where terms containing more genes tend to 
have a more significant P value.

https://www.kegg.jp/kegg/rest/keggapi.html
http://metascape.org/gp/index.html
http://metascape.org/gp/index.html
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2.5. Gene set enrichment analysis (GSEA)

For GSEA, the GSEA software (version 3.0) was obtained 
from the GSEA website (DOI: 10.1073/pnas.0506580102, 
http://software.broadinstitute.org/gsea/index.jsp). Samples 
from both disease and normal tissues were divided into 
2 groups, and the Molecular Signatures Database (DOI: 
10.1093/bioinformatics/btr260, http://www.gsea-msigdb.
org/gsea/downloads.jsp) was used to download the c2.cp.
kegg.v7.4.symbols.gmt subset for evaluating relevant path-
ways and molecular mechanisms. Based on gene expression 
profiles and phenotype grouping, a minimum gene set size 
of 5, maximum gene set size of 5000, 1000 permutations, 
a P value of < .05, and an FDR of < 0.25 were considered 

statistically significant. Additionally, GO and KEGG analy-
ses were performed on the entire genome, as formulated by 
GSEA.

2.6. Immune infiltration analysis

CIBERSORT (http://CIBERSORT.stanford.edu/) is a widely 
used method for calculating immune cell infiltration, with the 
LM22 gene file defining 22 immune cell subtypes. We applied 
integrated bioinformatics methods using the CIBERSORT 
package to analyze gene expression matrices of the colorec-
tal cancer dataset GSE49355 and gastric cancer dataset 
GSE19826. Linear support vector regression was used to 

Figure 5.  WGCNA. (A) β = 9,0.85. β = 9, 20.84. (B, C) The hierarchical clustering tree of all genes was constructed, and 40 important modules were generated. 
(D) The heat map of correlation between modules and phenotypes. WGCNA = weighted gene co-expression network analysis.

http://software.broadinstitute.org/gsea/index.jsp
http://www.gsea-msigdb.org/gsea/downloads.jsp
http://www.gsea-msigdb.org/gsea/downloads.jsp
http://CIBERSORT.stanford.edu/
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deconvolute the expression matrix of immune cell subtypes, 
estimating immune cell abundance. Samples with a confidence 
P < .05 were selected as the cutoff criterion for sufficient 
confidence.

2.7. Construction and analysis of protein-protein 
interaction (PPI) networks

The search tool for the retrieval of interacting genes (STRING) 
database (http://string-db.org/) collects, scores, and integrates 
all publicly available protein-protein interaction information 
sources and supplements them with predicted interactions. 
In this study, the list of DEGs was input into the STRING 
database to construct a predicted core gene PPI network 
(confidence > 0.4). Cytoscape software was utilized for bio-
logical network analysis and 2-dimensional (2D) visualization. 
Cytoscape was used to visualize and predict core genes from 
the PPI network formed by the STRING database. The PPI 
network was imported into Cytoscape software, and MCODE 
was used to find the best modules in terms of relevance. 
Additionally, 3 algorithms (MCC, MNC, DMNC) were used to 
calculate the top 10 genes of highest relevance, and their inter-
section was taken. The resulting core gene list was exported 
after visualization.

2.8. Survival analysis

Clinical survival data for colorectal and gastric cancers were 
obtained from the cancer genome atlas, and the R package max-
stat (version: 0.7–25) was used to calculate the optimal cutoff 

value of RiskScore for core genes. The minimum sample size for 
the low and high groups was set >25% and <75%, respectively. 
Using this cutoff value, patients were divided into high and low 
groups, and the R package survival survfit function was used to 
analyze the prognostic differences between the 2 groups. The 
log-rank test method was employed to assess the significance 
of prognostic differences between samples in different groups. 
Additionally, the forest plot was created using the R package 
forest to observe whether there were significant changes in the 
prognosis of colorectal and gastric cancers for each independent 
core gene.

2.9. Gene expression heatmaps

The R package heatmap was used to generate heatmaps of the 
expression levels of core genes identified from the PPI network 
in the colorectal cancer dataset GSE49355 and gastric cancer 
dataset GSE19826, visualizing the expression differences among 
gastric cancer, colorectal cancer, and normal tissue samples.

2.10. CTD analysis

The comparative toxicogenomics database (CTD) integrates 
vast amounts of data on interactions between chemicals, genes, 
phenotypes, and diseases, providing great convenience for 
research on disease-related environmental exposure factors and 
potential mechanisms of action of drugs. Core genes were input 
into the CTD website to find the most relevant diseases associ-
ated with core genes, and radar plots of expression differences 
for each gene were drawn using Excel.

Figure 6.  (A) The scatter map of correlation between GS and MM of related hub genes. (B) The DEGs screened by WGCNA and DEGs were used to obtain 
Venn map. 204 intersection genes were obtained. DEGs = differentially expressed genes, WGCNA = weighted gene co-expression network analysis.

http://string-db.org/
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3. Results

3.1. Analysis of DEGs

In this study, differential gene expression was identified from the 
gene expression matrices of colorectal cancer dataset GSE49355 
(Fig. 1A) and gastric cancer dataset GSE19826 (Fig. 1B) using 
predefined cutoff values. A Venn diagram was utilized to iden-
tify the intersecting DEGs between the 2 diseases, resulting in a 
total of 751 DEGs (Fig. 1C).

3.2. Functional enrichment analysis

3.2.1. DEGs..  We conducted GO and KEGG pathway analyses 
on these differential expression genes. According to the GO 
analysis results, in Biological process (BP) analysis, they were 

mainly enriched in cell differentiation, cartilage development, 
and skeletal development (Fig. 2A). In cellular component 
(CC) analysis, they were mainly enriched in the cytoskeleton of 
muscle cells and actin filaments (Fig. 2B). In molecular function 
(MF) analysis, they were mainly concentrated in Rho GTPase 
binding, DNA binding, and fibronectin binding (Fig. 2C). In 
KEGG pathway analysis, they were mainly enriched in the 
MAPK signaling pathway, apoptosis, and cancer pathways 
(Fig. 2D).

3.3. GSEA

Furthermore, we performed GSEA on the entire genome to 
identify potential enrichments among non-DEGs and to val-
idate the results of DEGs. The intersection of enrichment 

Figure 7.  Construction and analysis of protein-protein interaction (PPI) networks. (A) Construct the PPI network of DEGs using STRING online database and 
utilize Cytoscape software for analysis. (B) CLUSTER was used to identify the central gene. (C) MCC was used to identify the central gene. (D) DMNC was used 
to identify the central gene. (E) MNC was used to identify the central gene. (F) Two core genes (MYC, NCAPG2) were obtained by merging using Venn diagrams. 
DEGs = differentially expressed genes, NCAPG2 = non-SMC condensin II complex subunit G2, STRING = search tool for the retrieval of interacting genes.
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items with GO and KEGG enrichment items and DEGs is 
shown in the figures. The enrichment results of both colorec-
tal cancer dataset GSE49355 (Fig. 3A–D) and gastric can-
cer dataset GSE19826 (Fig. 3E–H) showed that the DEGs 
were mainly enriched in negative regulation of cell growth 
factor-stimulated responses, extracellular side of the Plasma 
membrane, MAPK signaling pathway, and protein-lipid 
complex binding.

3.4. Metascape enrichment analysis

In Metascape enrichment projects, GO enrichment projects 
such as skeletal system development were observed (Fig. 4A). 
Additionally, we also outputted enrichment networks colored 
and P value colored for enrichment items (Fig. 4B and C), 

visually representing the associations and confidence of each 
enrichment item.

3.5. WGCNA

The selection of soft threshold power is an important step in 
WGCNA. We set the soft threshold power to 9 for network 
topology analysis (Fig. 5A). A hierarchical clustering tree of all 
genes was constructed, resulting in the generation of 40 mod-
ules (Fig. 5B), and the interaction between important modules 
was analyzed (Fig. 5C). Furthermore, a heatmap of module-trait 
correlations (Fig. 5D) and scatter plots of correlations between 
module eigengenes and gene significance were generated 
(Fig. 6A). We identified 3 highly interconnected genes as hub 
genes in clinically significant modules based on |MM| > 0.8 

Figure 8.  Heat map of gene expression. (A) GSE49355 core gene expression heat map. (B) GSE19826 core gene expression heat map.
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cutoff. We also plotted a Venn diagram and obtained the inter-
section of WGCNA and DEGs to confirm the results (Fig. 6B).

3.6. Construction and analysis of PPI network

The PPI network of DEGs was constructed using the STRING 
online database and analyzed using Cytoscape software 
(Fig. 7A). The core gene cluster (Fig. 7B) was obtained and 
central genes were identified using 3 algorithms (MCC, MNC, 
DMNC) (Fig. 7C–E). The Venn diagram was used to obtain the 
union as core genes (Fig. 7F), ultimately identifying 2 core genes 
(MYC and NCAPG2).

3.7. Heatmap of core gene expression

The expression levels of core genes in colorectal cancer dataset 
GSE49355 (Fig. 8A) and gastric cancer dataset GSE19826 (Fig. 8B) 
were visualized and presented in heatmaps. It was observed that 
core genes (MYC and NCAPG2) were highly expressed in col-
orectal cancer tissue samples and low expressed in normal tissue 
samples, while they were core molecules in gastric cancer.

3.8. Survival analysis

Survival data for colorectal cancer and gastric cancer were 
obtained from the cancer genome atlas. The prognosis score 

Figure 9.  Survival analysis. (A) The effect of GSE49355 on survival time and survival rate in hepatocellular carcinoma patients. (B) Heatmap of GSE49355 core 
gene expression in liver cancer survival data. (C) The effect of GSE19826 on survival time and survival rate in hepatocellular carcinoma patients. (D) Heatmap of 
GSE19826 core gene expression in liver cancer survival data.
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relationship graph showed a significant decrease in patient 
survival rates with increasing risk scores, indicating that 
the low-risk group had significantly higher survival time 
and rate compared to the high-risk group (Fig. 9A and 
C). Visualization of the expression heatmap of core genes 
in colorectal cancer survival data showed that core genes 
(MYC and NCAPG2) were risk factors, exhibiting an upreg-
ulation trend with increasing risk scores (Fig. 9B and D). 
The results indicated significant differences in core genes 
(MYC and NCAPG2) among colorectal cancer, gastric can-
cer, and normal samples. Additionally, forest plots (Fig. 10A 
and D), receiver operating characteristic curves (Fig. 10B  
and E), and KM survival curves (Fig, 10C and F) related 
to core genes (MYC and NCAPG2) in colorectal cancer 
and gastric cancer were obtained, suggesting a significant 

correlation between core genes and survival rate, potentially 
playing a role in the prognosis of colorectal cancer and gas-
tric cancer patients. Boxplots of core genes in colorectal can-
cer and gastric cancer (Fig. 11A and B) showed significant 
differences in expression.

3.9. CTD analysis

In this study, we inputted core gene lists into the CTD website 
to search for diseases related to core genes, enhancing under-
standing of the association between genes and diseases. It was 
found that 2 genes (MYC and NCAPG2) were associated with 
colorectal tumors, gastric tumors, inflammation, and immune 
system diseases (Fig. 11C).

Figure 10.  (A) Overall survival of patients with colorectal cancer. (B) ROC curve of risk score. (C) KM survival curve for hazard scores. (D) Overall survival of 
patients with stomach cancer. (E) ROC curve of risk score. (F) KM survival curve for hazard scores. ROC = receiver operating characteristic.
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3.10. Immune infiltration analysis

We used the CIBERSORT package to analyze the gene expres-
sion matrices of colorectal cancer dataset GSE49355 and 
gastric cancer dataset GSE19826. At 95% confidence, we 
obtained the proportions of immune cells in the full gene 
expression matrix.

In the colorectal cancer dataset GSE49355, Macrophages 
M0 were found to be highly represented in the samples 
(Fig. 12A). Additionally, a heatmap of immune cell expres-
sion in the dataset showed high expression of Macrophages 
M0 in colorectal samples (Fig. 12B). Furthermore, correlation 
analysis of infiltrating immune cells revealed a co-expression 
pattern between immune cell components. It was observed 
that when Dendritic_cells_activated expression was high, 
Macrophages_M1 expression was low, indicating a highly 
positive correlation between Dendritic_cells_activated and 
Macrophages_M1, which may affect the progression of col-
orectal cancer (Fig. 12C).

The gastric cancer dataset GSE19826 revealed a higher pro-
portion of Plasma cells in the samples (Fig. 13A). Furthermore, 
an immune cell expression heatmap was generated from the 
dataset, indicating elevated expression of Plasma cells in 
gastric cancer (Fig. 13B). Additionally, analysis of the co- 
expression pattern among infiltrating cell components showed 
that when Macrophages_M2 expression was high, Plasma_
cells expression was low. This suggests a strong positive cor-
relation between Macrophages_M2 and Plasma_cells, which 
could potentially influence the progression of gastric cancer 
(Fig. 13C).

4. Discussion
Colorectal cancer and gastric cancer are common malignant 
tumors of the digestive system. If not treated in a timely man-
ner, they can lead to serious consequences such as bleeding, 
obstruction, distant metastasis, etc, increasing the difficulty of 
nursing care. In-depth exploration of the molecular mechanisms 
of colorectal cancer and gastric cancer is crucial for optimiz-
ing nursing care plans. The main results of this study show that 
the MYC and NCAPG2 genes are highly expressed in colorectal 
cancer and serve as core molecules in gastric cancer.

The MYC gene, as an important transcription factor, plays 
a key role in processes such as cell proliferation, differenti-
ation, and apoptosis.[15,16] Currently, foreign literature has 
extensively studied the relationship between the MYC gene 
and colorectal cancer. Previous studies have shown that 
abnormal expression of the MYC gene is closely related to 
the occurrence and development of colorectal cancer. Its over-
expression is associated with the malignancy, prognosis, and 
chemotherapy resistance of colorectal cancer.[17] In addition, 
some experimental studies have also revealed the mechanisms 
by which the MYC gene participates in regulating import-
ant biological processes such as proliferation, invasion, and 
metastasis of colorectal cancer cells.[18,19] Therefore, based on 
the comprehensive results of foreign literature, it is specu-
lated that the MYC gene may play an important role in the 
occurrence, development, and metastasis of colorectal cancer. 
Research has shown that abnormal expression of the MYC 
gene is closely related to the occurrence and development of 
gastric cancer. Overexpression of the MYC gene is positively 

Figure 11.  (A) Advances in core gene block diagram of colorectal cancer. (B) Box plots of core genes in gastric cancer. (C) CTD analysis. Two core genes 
(MYC, NCAPG2) are associated with liver tumors, hepatocellular carcinoma, invasive tumors, and end-stage liver disease. CTD = comparative toxicogenomics 
database, NCAPG2 = non-SMC condensin II complex subunit G2.
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correlated with the incidence and malignancy of gastric can-
cer, as well as poor prognosis and chemotherapy resistance.[20] 
Additionally, experimental studies have revealed the mech-
anisms by which the MYC gene participates in regulating 
important biological processes such as proliferation, invasion, 
and metastasis of gastric cancer cells.[21] Based on the com-
prehensive results of foreign literature, it is speculated that 
the MYC gene may play an important role in the occurrence, 
development, and metastasis of gastric cancer.

The NCAPG2 gene encodes proteins related to cell mitosis 
and is involved in the orderly separation and condensation 
of chromosomes during nuclear replication.[22] The impor-
tance of the NCAPG2 gene in the process of cell mitosis is 

widely recognized. In recent years, more and more studies 
have begun to focus on the role of the NCAPG2 gene in 
tumors.

NCAPG2 is expressed in various types of cells, and its 
abnormal elevation can affect the assembly and separation of 
chromosomes in cells, thus playing a role in cancer cell pro-
liferation and metastasis.[23] NCAPG2 is associated with the 
infiltration of immune cells such as B cells, CD4 + T cells, neu-
trophils, and macrophages.[24] It is necessary for centromere 
localization and cell cycle progression, making it a potential 
target for immune infiltration therapy. Numerous studies have 
indicated that NCAPG2 is highly expressed in tumors and 
participates in tumor proliferation, metastasis, and invasion. 

Figure 12.  Analysis of immune infiltration in colorectal carcinoma. (A) Whole gene expression matrix results in proportion of immune cells. (B) Heat map of 
immune cell expression in data set. (C) Map of co-expression patterns between immune cell components.
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NCAPG2 promotes the progression of glioblastoma cells[25] 
and is a novel breast cancer initiator.[26] High expression of 
NCAPG2 is associated with tumor immune infiltration and 
the progression of non-small cell lung cancer.[27] Transcription 
of NCAPG2 promotes the proliferation and migration of 
liver cancer cells.[28] NCAPG2 is associated with the tumor 
immune-suppressive microenvironment. Therefore, NCAPG2 
may play an important role in the pathological progression of 
colorectal cancer and gastric cancer.

Despite the rigorous bioinformatics analysis, there are still 
some shortcomings. In this study, no animal experiments with 
overexpression or knockdown of the gene were performed 

to further verify its function. Therefore, we should conduct 
in-depth exploration in this aspect in future research.

5. Conclusion
MYC and NCAPG2 genes are highly expressed in colorectal can-
cer, and the higher the expression level, the worse the prognosis. 
MYC and NCAPG2 are the core molecules in gastric cancer and 
may be the core targets of colorectal cancer and gastric cancer. 
In the nursing of colorectal cancer and gastric cancer, we should 
focus on the changes of these 2 molecules, so as to provide a 
theoretical basis for the optimization of nursing programs.

Figure 13.  Analysis of immune infiltration in stomach carcinoma. (A) Whole gene expression matrix results in proportion of immune cells. (B) Heat map of 
immune cell expression in data set. (C) Map of co-expression patterns between immune cell components.
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