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Abstract: Gastric cancer (GC) ranks as one of the most prevalent malignant tumors globally.
The subtle manifestation of its early-stage symptoms often results in many GC patients
being diagnosed at a late or advanced stage, thereby posing significant obstacles to the
effectiveness of chemotherapy treatments. Therefore, identifying early biomarkers for GC
is crucial. In recent years, an increasing number of studies have highlighted the pivotal
role that aging plays in the progression of cancer. Among the various proteins involved,
Cytoskeleton-associated protein 2 (CKAP2) emerges as a crucial player in controlling cell
proliferation, regulating mitosis and cell division, and exerting a significant influence on
the aging process. We employed a bioinformatics approach to assess the causal association
between aging-related genes and GC and explore the potential significance of CKAP2 in GC
by analyzing data sourced from various repositories, including Genotype Tissue Expression
(GTEx), GWAS Catalog, The Database of Cell Senescence Genes (CellAge), The Cancer
Genome Atlas (TCGA), Gene Expression Omnibus (GEO), Human Protein Atlas (HPA),
and the Comparative Toxicology Genome Database (CTD). Our research summarized the
causal relationship between CKAP2 expression and the development risk of GC, differential
expression in GC, the relationship with the prognosis of GC, genetic correlation, functional
analysis, and immune cell infiltration, and explored the interaction of CKAP2 and chemical
substances. The findings revealed that an elevation in CKAP2 expression correlated with a
reduced likelihood of developing GC. There was a significant difference in the expression
of CKAP2 between GC and normal patients. Specifically, there was higher expression in
GC compared to normal patients. In addition, CKAP2 has been proven to have diagnostic
value in GC, and elevated levels of CKAP2 expression are indicative of a more favorable
prognosis. Immune infiltration analysis revealed the relationship between CKAP2 and
tumor immune microenvironment, while the Comparative Toxicology Genome Database
(CTD) identified a small molecule compound that may target CKAP2. In summary, through
comprehensive multivariate analyses, we identified and validated the potential role that
CKAP2 may play in GC. Therefore, CKAP2 shows potential as an indicator for both the
diagnosis and prognosis of GC, making it worthy of further clinical investigation.
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1. Introduction
Gastric cancer (GC) poses a formidable challenge to global health, standing as the fifth

most common cancer in incidence and the fourth leading cause of cancer-related deaths
worldwide [1]. In 2020 alone, over 1 million fresh instances of GC were documented,
leading to approximately 769,000 deaths [2]. The early symptoms of GC are often subtle,
leading to the diagnosis of the majority of patients at advanced stages of the disease, for
which standard treatments are largely ineffective [3,4]. The Tumor, Node, and Metastasis
(TNM) guidelines serve as a comprehensive staging system for describing and classifying
cancers, widely utilized to assess tumor severity and predict prognosis [5]. Nevertheless,
given the considerable heterogeneity in disease progression, the TNM staging system alone
may not offer an entirely dependable prognostic tool [6,7]. Therefore, the identification of
biomarkers for early diagnosis and effective treatment of GC holds the utmost importance.

Accumulating evidence indicates that the development of GC encompasses numerous
biological processes, including gene mutations [8], microsatellite instability [9], inflam-
mation [10], oxidative stress [11], DNA methylation [12], and Epithelial-Mesenchymal
Transition (EMT) [13]. Among these factors, aging emerges as a pivotal player in the
onset and progression of GC. Aging is a multifaceted and intricate process that results
in various organ impairments and a spectrum of age-associated disorders [14,15], such
as neurodegenerative disorders, diabetes, idiopathic pulmonary fibrosis, etc. [16]. DNA
damage serves as a key instigator of the aging process, and the efficacy of DNA repair is
a crucial determinant in this process [17]. Furthermore, impaired DNA repair accelerates
the development of various age-related disorders [18]. Aging is associated with various
pathways involved in GC, but its exact mechanisms remain unclear. Therefore, additional
research endeavors are imperative to gain a more profound comprehension of the role that
aging plays in the progression of GC.

In this work, we evaluated the causal association between aging-related genes and GC
by Genotype Tissue Expression (GTEx) and GWAS Catalog data. Expression of cytoskeleton-
associated protein 2 (CKAP2) and p21-activated kinase 4 (PAK4) in GC was analyzed using
TCGA and GEO data. Furthermore, we analyzed the expression of CKAP2 and PAK4 in
relation to GC prognosis, genetic correlation, functional analysis, immune cell infiltration,
and the interaction of CKAP2 and chemical substances. The objective of this study was to
elucidate the potential functions and regulatory mechanisms of CKAP2 in the pathogenesis
and prognosis of GC. This further suggests that CKAP2 holds promise as both a biomarker
and therapeutic target for GC.

2. Results
2.1. Identification of Aging-Related Genes Associated with GC

We retrieved expression Quantitative Trait Locus (eQTL) data for stomach tissues from
the GTEx database and genome-wide association study for subsequent Summary-data-
based Mendelian Randomization (SMR) analysis. This comprehensive analysis ultimately
led to the identification of 114 genes linked with GC, as listed in Table S1. Next, we
intersected these risk-related genes with aging-related genes pertinent to GC, ultimately
pinpointing two aging-related GC genes: PAK4 (p-SMR = 0.036, p-HEIDI = 0.409) and
CKAP2 (p-SMR = 0.027, p-HEIDI = 0.316) (Figure 1A). Specifically, elevated expression
of PAK4 was associated with a raised GC risk, whereas increased expression of CKAP2
correlated with a decreased risk of GC (Figure 1B,C). To further verify these findings, we
analyzed the expression of PAK4 and CKAP2 in datasets from TCGA, GEO cohort, and
immunohistochemical results of GC patients compared to normal controls. The results
consistently demonstrated that both PAK4 and CKAP2 were significantly upregulated in
GC tissues in comparison with normal tissues (Figure 1D–H).
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Figure 1. Identifying aging-related genes in GC. (A) A Venn diagram illustrating the overlap be-
tween causally related GC genes and aging-associated genes. (B,C) Causal association between 
PAK4, CKAP4, and GC. (D,F) PAK4 and CKAP2 expression in tumor and normal tissues from the 
TCGA dataset. (*** p < 0.001,  **** p < 0.0001) (E,G) PAK4 and CKAP2 expression in tumor and nor-
mal tissues from the GEO dataset. (H) Expression of CKAP2 protein in normal and GC tissues. 

2.2. Prognostic Value of CKAP2 and PAK4 Expression 

Firstly, we examined the correlation between CKAP2 expression and the prognosis 
of GC patients. Our findings revealed that GC patients with high CKAP2 expression ex-
hibited a longer survival duration (Figure 2A). To further substantiate this association, we 
confirmed the correlation between CKAP2 expression and survival rates of GC patients 
using an external cohort obtained from the GEO database, as depicted in Figure 2B. Fur-
thermore, we examined the association between PAK4 expression and the prognosis of 
GC patients, with the results further corroborated by the GEO database. However, the 
results demonstrated that PAK4 expression was not significantly related to survival in GC 
patients (Figure 2C,D). Subsequently, we employed Multivariate Cox regression to inves-
tigate the association of CKAP2 expression, along with clinical characteristics such as age, 
gender, and clinical stage, with the prognosis of GC patients. Our analysis demonstrated 
that CKAP2 expression, age, and clinical stage were significantly linked to GC prognosis 
(Figure 2E). 

To provide a clinical tool for prognosis, we constructed a nomogram incorporating 
these factors. Utilizing this nomogram, we were able to forecast the 1-year, 3-year, and 5-
year overall survival rates for GC patients, taking into account factors such as age, clinical 
stage, and CKAP2 expression, as illustrated in Figure 2F. To evaluate the effectiveness and 
efficiency of this nomogram, we employed a time-varying ROC curve, revealing an area 
under the curve (AUC) for each of the 1-year, 3-year, and 5-year predictions that sur-
passed 0.6, as shown in Figure 2G. To further validate our model, we utilized calibration 
curves to assess its predictive accuracy. Notably, the 1-year and 3-year calibration curves 
demonstrated a close alignment with the 45-degree diagonal, indicating a strong agree-
ment between the predicted and actual survival probabilities (Figure 2H). Additionally, 
we explored the relationship between CKAP2 expression and various clinical stages of 
GC, as presented in Figure S1. 

Figure 1. Identifying aging-related genes in GC. (A) A Venn diagram illustrating the overlap between
causally related GC genes and aging-associated genes. (B,C) Causal association between PAK4,
CKAP4, and GC. (D,F) PAK4 and CKAP2 expression in tumor and normal tissues from the TCGA
dataset. (*** p < 0.001, **** p < 0.0001) (E,G) PAK4 and CKAP2 expression in tumor and normal tissues
from the GEO dataset. (H) Expression of CKAP2 protein in normal and GC tissues.

2.2. Prognostic Value of CKAP2 and PAK4 Expression

Firstly, we examined the correlation between CKAP2 expression and the prognosis
of GC patients. Our findings revealed that GC patients with high CKAP2 expression
exhibited a longer survival duration (Figure 2A). To further substantiate this association,
we confirmed the correlation between CKAP2 expression and survival rates of GC patients
using an external cohort obtained from the GEO database, as depicted in Figure 2B. Fur-
thermore, we examined the association between PAK4 expression and the prognosis of GC
patients, with the results further corroborated by the GEO database. However, the results
demonstrated that PAK4 expression was not significantly related to survival in GC patients
(Figure 2C,D). Subsequently, we employed Multivariate Cox regression to investigate the
association of CKAP2 expression, along with clinical characteristics such as age, gender, and
clinical stage, with the prognosis of GC patients. Our analysis demonstrated that CKAP2
expression, age, and clinical stage were significantly linked to GC prognosis (Figure 2E).

To provide a clinical tool for prognosis, we constructed a nomogram incorporating
these factors. Utilizing this nomogram, we were able to forecast the 1-year, 3-year, and
5-year overall survival rates for GC patients, taking into account factors such as age, clinical
stage, and CKAP2 expression, as illustrated in Figure 2F. To evaluate the effectiveness
and efficiency of this nomogram, we employed a time-varying ROC curve, revealing an
area under the curve (AUC) for each of the 1-year, 3-year, and 5-year predictions that
surpassed 0.6, as shown in Figure 2G. To further validate our model, we utilized calibration
curves to assess its predictive accuracy. Notably, the 1-year and 3-year calibration curves
demonstrated a close alignment with the 45-degree diagonal, indicating a strong agreement
between the predicted and actual survival probabilities (Figure 2H). Additionally, we
explored the relationship between CKAP2 expression and various clinical stages of GC, as
presented in Figure S1.
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Figure 2. Prognostic Significance of CKAP2 and PAK4. (A,C) Survival Analysis in TCGA Cohort: 
Kaplan–Meier analysis revealed distinct survival outcomes for patients with high versus low ex-
pression levels of CKAP2 and PAK4, respectively, in the TCGA dataset. (B,D) Survival Analysis in 
GEO Dataset: Similarly, Kaplan–Meier analysis demonstrated differential survival rates based on 
high and low expression levels of CKAP2 and PAK4 in the GEO dataset. (E) Multivariate Cox Re-
gression Analysis in TCGA Dataset: This analysis assessed the prognostic impact of CKAP2 expres-
sion levels (high vs. low) along with related clinical characteristics in patients from the TCGA da-
taset. (F) Nomogram of Prognostic Factors: A nomogram was constructed to visualize the combined 

Figure 2. Prognostic Significance of CKAP2 and PAK4. (A,C) Survival Analysis in TCGA Cohort:
Kaplan–Meier analysis revealed distinct survival outcomes for patients with high versus low expres-
sion levels of CKAP2 and PAK4, respectively, in the TCGA dataset. (B,D) Survival Analysis in GEO
Dataset: Similarly, Kaplan–Meier analysis demonstrated differential survival rates based on high
and low expression levels of CKAP2 and PAK4 in the GEO dataset. (E) Multivariate Cox Regression
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Analysis in TCGA Dataset: This analysis assessed the prognostic impact of CKAP2 expression
levels (high vs. low) along with related clinical characteristics in patients from the TCGA dataset.
(F) Nomogram of Prognostic Factors: A nomogram was constructed to visualize the combined effect
of prognostic factors. (** p < 0.01, *** p < 0.001) (G) ROC Curve for Survival Prediction: The ROC
curve was employed to evaluate the predictive accuracy for 1-, 3-, and 5-year survival rates in the
TCGA dataset. (H) Calibration Curve for Survival Prediction: A calibration curve was utilized to
assess the precision of 1-year and 3-year survival predictions.

2.3. Correlation Analysis and Functional Enrichment

We calculated the top 100 genes co-expressed with CKAP2 by Pearson correlation
(Figure 3A). Based on these co-expressed genes, we conducted KEGG and GO function
enrichment analyses (Figure 3B,C). These genes were primarily enriched in the cell cycle,
motor proteins, oocyte meiosis, p53 signaling pathway, cellular senescence, positive regu-
lation of the cell cycle, organelle fission, nuclear division, and chromosome segregation,
according to KEGG and GO enrichment analysis.
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2.4. Biological Functions Related to CKAP2

Based on the observed correlation between CKAP2 expression and GC prognosis, we
divided patients into high and low-expression groups using the median CKAP2 expression
level as the cutoff. Subsequent differential expression analyses were performed to identify
genes with significant up- or down-regulation (Figure 4A). A heatmap illustrating the
top 200 differentially expressed genes is provided in Figure 4B. GO enrichment analysis
revealed that these genes were enriched in processes such as chromosome segregation,
organelle fission, mitotic cell cycle phase transition, nuclear division, and nuclear chro-
mosome segregation (Figure 4C). Additionally, KEGG enrichment analysis showed that
these genes were enriched in pathways such as the cell cycle, cytoskeleton in muscle cells,
DNA replication, and the Fanconi anemia pathway (Figure 4D). GSEA enrichment analysis
further demonstrated that activities related to cell cycle checkpoints, the cell cycle, mitosis,
DNA replication, the G1/S transition, the mitotic G1 phase, and the G1/S transition and
synthesis of DNA were upregulated in the high CKAP2 expression group (Figure 4E).
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2.5. The Association Between CKAP2 Expression and Immunity

The development of GC is intricately linked to its tumor microenvironment. Therefore,
we delved into the relationship between CKAP2 expression and immune responses. Firstly,
we examined the correlation between CKAP2 expression and immune and stromal scores,
discovering that patients with elevated CKAP2 expression had lower scores in both cate-
gories (Figure 5A). Secondly, we applied ssGSEA to compare the immune cell abundances
between the high and low CKAP2 expression groups, revealing significant differences in
the populations of 23 immune cell types between these two cohorts (Figure 5B). Thirdly, we
examined the correlation between CKAP2 and 28 immune cell types, finding that CKAP2
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was linked to various immune cell subpopulations (Figure 5C). Lastly, we utilized the TIDE
tool to delve into the mechanisms underlying tumor immune escape and to predict the
responsiveness to immune checkpoint inhibitors (ICIs). Our results found that the low
CKAP2 expression group displayed higher levels of immune dysfunction, whereas no
significant changes were observed in terms of Exclusion, microsatellite instability (MSI),
and TIDE scores (Figure 5D).
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Figure 1. CKAP2 Expression and Its Association with Immunity. (A) Immune and Stromal Scores vs.
CKAP2 Expression: This plot explores the relationship between CKAP2 expression and both immune
and stromal scores. (B) Immune Cell Abundance and CKAP2 Expression: This section analyzes
the correlation between CKAP2 expression and the abundance of various immune cell types. (* p <
0.05, ** p < 0.01, *** p < 0.001, and “ns” p > 0.05). (C) Pearson Correlation Analysis of CKAP2 and
Immune Cells: A Pearson correlation analysis is conducted to quantify the relationship between
CKAP2 expression and specific immune cell populations. (D) CKAP2 and Immune Checkpoints: This
plot investigates the potential link between CKAP2 expression and immune checkpoint molecules.

2.6. Annotation of Cell Type and Immune Infiltration Analysis

We delved into the role and prognostic significance of CKAP2 in GC using bulk RNA-
seq data. To further substantiate the role of CKAP2 in GC, we conducted an analysis of
single-cell data. Using a standardized protocol, we segmented all cells into 20 distinct
clusters. Subsequent annotation categorized these cells into 10 types: T cells, natural killer
(NK) cells, natural killer T (NKT) cells, plasma cells, B cells, macrophages, neutrophils,
dendritic cells, epithelial cells, and plasmacytoid dendritic cells (Figure 2A,B). Figure 2C
presents the marker gene information for these cell types. Additionally, we annotated eight
cell clusters within the TCGA dataset and observed variations in immune cell abundance

Figure 5. CKAP2 Expression and Its Association with Immunity. (A) Immune and Stromal Scores
vs. CKAP2 Expression: This plot explores the relationship between CKAP2 expression and both
immune and stromal scores. (B) Immune Cell Abundance and CKAP2 Expression: This section
analyzes the correlation between CKAP2 expression and the abundance of various immune cell types.
(* p < 0.05, ** p < 0.01, *** p < 0.001, and “ns” p > 0.05). (C) Pearson Correlation Analysis of CKAP2
and Immune Cells: A Pearson correlation analysis is conducted to quantify the relationship between
CKAP2 expression and specific immune cell populations. (D) CKAP2 and Immune Checkpoints: This
plot investigates the potential link between CKAP2 expression and immune checkpoint molecules.
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2.6. Annotation of Cell Type and Immune Infiltration Analysis

We delved into the role and prognostic significance of CKAP2 in GC using bulk RNA-
seq data. To further substantiate the role of CKAP2 in GC, we conducted an analysis of
single-cell data. Using a standardized protocol, we segmented all cells into 20 distinct
clusters. Subsequent annotation categorized these cells into 10 types: T cells, natural killer
(NK) cells, natural killer T (NKT) cells, plasma cells, B cells, macrophages, neutrophils,
dendritic cells, epithelial cells, and plasmacytoid dendritic cells (Figure 6A,B). Figure 6C
presents the marker gene information for these cell types. Additionally, we annotated eight
cell clusters within the TCGA dataset and observed variations in immune cell abundance
between healthy individuals and GC patients. Notably, the abundance of NK cells was
significantly decreased in GC patients compared to healthy patients, whereas the abundance
of neutrophils was significantly increased (Figure 6D). Finally, our analysis revealed that
CKAP2 was expressed in both NK cells and neutrophils (Figure 6E).
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ten distinct cell types were identified. (C) Marker Gene Bubble Map for Cell Types: A bubble map
visually represents the marker genes associated with the ten identified cell types. (D) TCGA Cohort
Annotation Using CIBERSORT: Eight cell types were annotated within the TCGA cohort utilizing the
CIBERSORT algorithm. (“ns” p > 0.05, *** p < 0.001, and **** p < 0.0001). (E) CKAP2 Expression Across
Immune Cell Types: This analysis examines the expression of CKAP2 in ten types of immune cells.

2.7. Different Differentiation Features of NK Cells

CIBERSORT analysis revealed a significant disparity in the abundance of NK cells between
normal individuals and those with GC. To further investigate, we utilized Monocle to analyze
the pseudotime trajectory of NK cell subsets. The results indicated that NK cell subsets can exist
in seven distinct states of differentiation (Figure 7A,B). A heatmap illustrating the changes in the
expression of NK cell marker genes along the pseudotime trajectory is presented in Figure 7C.
Subsequently, we carried out GSEA on these NK cells with different differentiation states. The
results showed that state 1 was downregulated in coronavirus disease (COVID-19) and ribosome
and upregulated in salmonella infection and estrogen signaling pathway (Figure 7D). State 3
is upregulated in coronavirus disease (COVID-19) and ribosomes and downregulated in the
regulation of the actin cytoskeleton and cytokine–cytokine receptor interactions (Figure 7E).
State 4 is downregulated in coronavirus disease (COVID-19) and ribosomes (Figure 7F). State 5 is
upregulated in metabolic pathways, oxidative phosphorylation, and thermogenesis (Figure 7G).
State 6 is upregulated in coronavirus disease (COVID-19) and ribosome (Figure 7H). State
7 is downregulated in metabolic pathways, oxidative phosphorylation, and thermogenesis
(Figure 7I). These results show that NK cells in States 1 and 7 are in an immune suppression
state, NK cells in States 3, 4, and 6 are in an immune activation state, and NK cells in State 5 are
in an activation state. In addition, NK cells differentiated from immune suppression to immune
activation and then differentiated into activated NK cells. In general, we identified seven kinds
of NK cells with different differentiation states, and NK cells in different states have different
regulatory functions in disease and related signal pathways.
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2.8. Potential Drug Therapy

We conducted a screening of small molecule compounds capable of enhancing CKAP2
expression and employed Autodock for molecular docking analysis. A particular small molecule
compound was found to dock with CKAP2, thereby promoting its expression. The docking
results of this small molecule compound with CKAP2 are depicted in Figure 8. The dock-
ing binding free energy was determined to be −10.74 kcal/mol, suggesting a stable binding
interaction between the small molecule compound and the biological macromolecule.
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3. Discussion
GC ranks among the most prevalent malignancies contributing to mortality [2]. While

traditional clinicopathological parameters, like the TNM staging system, can provide
some indication of the overall survival time for GC patients, their predictive accuracy
is limited due to the inherent heterogeneity of tumors [19]. Adjuvant therapy is often
recommended for patients with advanced GC. Nevertheless, significant variability exists
in survival outcomes even among patients sharing the same TNM stage or undergoing
comparable treatment protocols [20]. Consequently, the identification of biomarkers for
early GC detection represents an urgent and pressing issue.

CKAP2 is a cytoskeleton-associated protein primarily implicated in the function of
the cell cycle and mitosis, playing a pivotal role in the formation of intracellular micro-
tubules and spindle bodies [21–23]. Studies have reported that CKAP2 shows low protein
expression during the G1 phase, begins to escalate at the G1/S transition phase, and peaks
during the G2/M phase [24]. Prior research has highlighted the predominant role of CKAP2
in multiple cancer types [25–28]. However, its specific function in GC remains elusive.
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In this study, we meticulously analyzed the expression profile of CKAP2 in GC, delv-
ing deeper into its prognostic implications, functional enrichment analysis, and immune
microenvironment, with the aim of elucidating the essence of CKAP2 in GC.

Our study demonstrated that an increase in CKAP2 expression is associated with a
decreased risk of GC. Furthermore, our analysis of CKAP2 expression in normal tissues and
GC tissues revealed that CKAP2 is upregulated in GC compared to normal tissues, aligning
with previous research findings [26]. Therefore, CKAP2 holds potential as a diagnostic
biomarker for GC. Kaplan–Meier analysis further revealed that GC patients with higher
CKAP2 expression exhibited a more favorable prognosis. These observations allow us
to infer the function of CKAP2 in the initiation and development of GC, as well as its
correlation with patient survival.

Cell proliferation stands as one crucial biological mechanism underlying tumorigene-
sis, rendering cell proliferation activity as a promising prognostic candidate marker [29].
The prognostic importance of cell proliferation activity has been established across vari-
ous cancer types, including breast cancer [30], meningioma [31], gastrointestinal stromal
tumor [32], and head and neck cancer [33]. However, its role in other cancer types re-
mains less clear. Specifically, in the context of GC, certain studies have indicated a positive
association between increased proliferative activity and lower survival rates [34], while
others have failed to substantiate this relationship [35,36]. Functional enrichment analyses
provided insights into the molecular mechanisms through which CKAP2 exerts its func-
tions. Notably, the results indicated that CKAP2 and its associated genes are predominantly
enriched in pathways related to the cell cycle, cellular senescence, DNA damage repair,
organelle fission, nuclear division, chromosome segregation, and the p53 signaling pathway.
These findings reveal that CKAP2 may play a pivotal role in GC by regulating cell cycle
progression, cell proliferation, and cellular senescence.

The tumor immune microenvironment (TME) constitutes a vital aspect of tumor bi-
ology [37], comprising an intricate network of endothelial cells, fibroblasts, immune cells,
and other components [38]. The interplay between cancer cells and TME constituents
facilitates tumor immune escape, ultimately leading to the activation, multiplication, and
infiltration of cancer cells—processes that are closely linked to tumor relapse and patient
prognosis [39,40]. Our research showed that those patients with high CKAP2 expression
have lower immune and stromal scores and an abundance of immune cells. These results
suggest that high CKAP2 expression may reduce the need for inflammatory response and
stromal remodeling by promoting self-renewal and orderly proliferation of tumor cells,
leading to a decrease in the infiltration of immune cells and stromal cells. This is an impor-
tant reason why high CKAP2 expression is linked with a better prognosis in GC patients. In
addition, our study found that the low-expression group of CKAP2 has higher dysfunction,
which indicated that the CKAP2 low-expression group had immune dysfunction. This
is an important reason why high expression of CKAP2 in GC patients is related to better
prognosis. The expression of CKAP2 is related to the infiltration level of various immune
cells, which increases the possibility of using CKAP2 for the immunotherapy of GC.

NK cells constitute a pivotal subset of innate lymphocytes, serving as a pivotal compo-
nent in the body’s immune defense against infections and cancer progression [41]. Prior
research has demonstrated that diminished activity levels of NK cells in the peripheral
blood are indicative of an increased risk of cancer development [42]. NK cell-based therapy
has demonstrated its effectiveness in augmenting the effectiveness of tumor treatment strate-
gies, thereby offering a promising avenue for tumor immunotherapy [43,44]. Although
the molecular attributes of NK cells in various solid tumors have been well-documented,
their role in the diagnosis and prognosis of GC remains largely unknown [45–47]. Our
study reveals a notable discrepancy in the abundance of NK cells between GC patients
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and healthy individuals. Notably, CKAP2 is expressed in NK cells and is involved in their
differentiation, thus heightening the potential for utilizing CKAP2 in GC immunotherapy.

Our research revealed a notable association between elevated CKAP2 expression
and a more favorable prognosis in GC patients. Consequently, we conducted a screen of
several small molecular compounds capable of upregulating CKAP2 expression, utilizing
Autodock for docking analysis. The results revealed that FR900359, also known as UBO-
QIC, could stably bind to CKAP2 and enhance its expression. This natural compound
originates from the Ardisia crenata (vermillion root) plant and was first discovered by
Japanese researchers [48]. FR900359 primarily serves as a selective antagonist, targeting
the G protein alpha subunit to inhibit the G protein signaling pathways [49]. The G
protein signaling cascade occupies a central position in a multitude of physiological and
pathological occurrences. In recent years, the research advancements of FR900359 in the
fields of cancer [49], cardiovascular diseases [50], and G protein-related diseases [51] have
garnered considerable attention. Our study shows that FR900359 can stably bind to and
promote the expression of the CKAP2 gene, providing insights into targeted therapy for
GC. Nonetheless, developing targeted cancer treatments remains a formidable challenge.
Previous studies have shown that nanomaterials [52], aptamer systems [53], and colloidal
drug delivery systems [54] can effectively deliver drugs to specific target cells or organs,
thereby minimizing toxicity.

This study does possess certain limitations. Primarily, our research has been conducted
predominantly within the European population to mitigate population stratification bias.
However, given the diversity of ethnic backgrounds, the applicability of our findings
to other ancestral populations may be constrained. As we acquire additional genome-
wide association study (GWAS) data on GC from diverse ancestral backgrounds, we
intend to conduct supplementary research to address this issue. Furthermore, our study
lacks corresponding experiments to delve into the specific mechanisms by which CKAP2
functions in GC. Consequently, the role of CKAP2 in GC necessitates further exploration
through animal experiments and clinical studies. These endeavors will provide a deeper
understanding of CKAP2’s involvement in GC and potentially open the door to innovative
therapeutic approaches.

4. Materials and Methods
4.1. Data Collection and Analysis

We obtained genome-wide association summary statistics for 456,348 Europeans with
GC, comprising 192 cases and 456,156 controls, from the GWAS Catalog (https://www.ebi.
ac.uk/gwas/, accessed on 9 August 2024) [55]. We used the Version 8 release of the eQTL
summarized data from the Genotype-Tissue Expression (GTEx) project [56], encompassing
cis-eQTL summary data across 49 human tissues. For this study, we employed the cis-eQTL
data from stomach tissue as instrumental variables for conducting SMR analysis. The
aging-associated gene set, consisting of 601 genes, was derived from the CellAge database
(https://genomics.senescence.info/cells/, accessed on 12 August 2024). Additionally, we
downloaded GC single-cell RNA sequencing (scRNA-seq) data (GSE228598) from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, accessed
on 15 August 2024). The GSE228598 dataset comprises data from 28 GC patients. Bulk
RNA-seq datasets, including TCGA-STAD, GSE66229, and GSE84437, were gained from
the University of California Santa Cruz (UCSC) (https://xenabrowser.net/, accessed on
17 August 2024) and the GEO database. The research workflow is illustrated in Figure 9.

https://www.ebi.ac.uk/gwas/
https://www.ebi.ac.uk/gwas/
https://genomics.senescence.info/cells/
https://www.ncbi.nlm.nih.gov/geo/
https://xenabrowser.net/
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4.2. SMR Study

SMR represents an innovative method that integrates aggregate-level data from
Genome-wide association studies (GWAS) with those from expression quantitative trait
loci (eQTL) studies, with the aim of identifying genes whose expression levels exhibit a
correlation with complex traits, due to pleiotropic effects [57]. In our research endeavor, we
employed cis-eQTL as instrumental variables, gene expression as the exposure factor, and
GC as the outcome variable. The MR analysis was conducted utilizing the methodology
embedded within the SMR package (https://cnsgenomics.com/software/smr, accessed
on 29 August 2024). Following this, we delved into the potential linkage of the observed
associations by employing the Heterogeneity In Dependent Instruments (HEIDI) test.

4.3. Identification of Aging-Related Genes in GC

Initially, we procured a list of 601 genes associated with aging from the CellAge
database. Subsequently, utilizing SMR analysis, we identified genes that demonstrate a
causal link with GC. To further refine our results, an intersection analysis was performed
between the genes linked to aging and those related to GC, thereby isolating genes that are
pertinent to both aging and GC. Ultimately, our analysis pinpointed two genes, CKAP2
and PAK4, as being associated with both GC and aging.

4.4. Differential Expression of CKAP2 and PAK4 in GC

Initially, we accessed the UCSC database for bulk RNA-seq data and clinical infor-
mation pertinent to GC. Next, we examined the differential expression of CKAP2 and
PAK4 between GC patients and healthy individuals. To further substantiate our find-
ings, we validated the differential expressions CKAP2 and PAK4 in GC using an external
GEO cohort. Lastly, we sourced immunohistochemical results from the HPA database
(http://www.proteinatlas.org/, accessed on 1 September 2024).

4.5. Survival Prognosis Analysis

Using the optimal cut-off values for CKAP2 and PAK4 expression, GC patients were
stratified into high and low-expression groups. Initially, we employed the Kaplan–Meier
(KM) tool to compare survival differences between these two groups within the TCGA

https://cnsgenomics.com/software/smr
http://www.proteinatlas.org/
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cohort. To further verify our findings, we utilized an external GEO-derived cohort to assess
the correlation between CKAP2 and PAK4 expression levels and survival outcomes in GC.
Additionally, we conducted a multivariate Cox regression analysis to assess the relationship
between CKAP2 expression, clinical characteristics, and prognosis in GC patients. Further-
more, we delved into the association between CKAP2 expression and various clinical stages
of GC. Lastly, we utilized ROC curves and a nomogram to investigate the relationship
between CKAP2 expression and the survival probability, providing comprehensive insights
into the prognostic value of CKAP2 in GC.

4.6. Analysis of Co-Expression

We utilized the Pearson correlation coefficient to reveal genes that are co-expressed
with CKAP2. From the TCGA cohort, we pinpointed the top 100 genes that demonstrated
the highest correlation with CKAP2. Subsequently, utilizing the “clusterProfiler” package
(version 3.9.2, Taoyuan City, Taiwan, China), we performed gene ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analyses to gain deeper insights
into the functional pathways and biological processes linked to these co-expressed genes.

4.7. Screening of Differential Genes and Functional Analysis

Based on the median expression level of CKAP2, GC patients were stratified into
high and low-expression groups. Differentially expressed genes (DEGs) analysis was then
conducted using the “limma” package (version 3.54.2). The screening criteria for DEGs
were set as follows: I. p-value < 0.05; II. absolute log2 fold change (FC) > 1. A heatmap
of the DEGs was subsequently illustrated using the “pheatmap” package (version 1.0.12,
Estonia). To further explore the functional roles of these DEGs, KEGG, Gene Set Enrichment
Analysis (GSEA), and GO enrichment analyses were performed using the “clusterProfiler”
and “ggplot2” packages (version 3.4.2, Boston, Massachusetts, USA), respectively.

4.8. Immune Infiltration Analysis

Firstly, GC patients were stratified into high and low-expression groups based on
the CKAP2 median expression level. The immune and stromal scores for both groups
were calculated using the “estimate” package (version 1.0.13, San Diego, California, USA).
Subsequently, the “ssGSEA” algorithm was employed to assess the link between CKAP2
expression and the abundance of 28 types of immune cells. Following this, Pearson
correlation analysis was done to quantify the relationship between CKAP2 and these 28
immune cells. Lastly, the TIDE tool (accessible at http://tide.dfci.harvard.edu/, accessed
on 30 September 2024) was applied to investigate the link between CKAP2 expression and
immune escape mechanisms, as well as for response prediction on immune checkpoint
inhibitor (ICI) treatment.

4.9. Quality Control of Single Cell and Annotation of Cell Type

We employed the “Seurat” package (version 4.4.0, New York City, New York, USA)
to analyze scRNA-seq data. Specifically, the “IntegrateData” function was utilized to inte-
grate and correct data from 28 GC patients, addressing batch effects. Cell quality control
was rigorously conducted based on the following criteria: I. the number of expressed
genes (nFeature_RNA) ranged between 500 and 5000; II. the total number of RNA counts
(nCount_RNA) was between 200 and 35,000; III. the percentage of mitochondrial genes
(percentage.mt) was less than 10%. Ultimately, 63,610 cells met these criteria and were se-
lected for further analysis. Subsequently, cell type annotation was done using the “singleR”
package (version 2.6.0, Cambridge, UK) in conjunction with the CellMarker2.0 databases.

http://tide.dfci.harvard.edu/
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4.10. Annotating Cell Types in Bulk-RNA Seq Data

CIBERSORT is an algorithm designed to compute a non-negative matrix of gene
expression. Leveraging the expression levels of marker genes that are unique to different cell
types, we were able to ascertain the relative proportions of various cell subpopulations [58].
In this study, we employed marker genes derived from eight-cell subsets as the basis for
comparing variations in cell type composition between normal individuals and GC patients.

4.11. Identification of NK Cell Subsets and Functional Analysis

Cells were categorized into distinct subtypes using the “singleR” package in con-
junction with the CellMarker 2.0 database. Following this classification, we examined the
expression of CKAP2 across these various cell types. Subsequently, we constructed the
pseudotime trajectory of natural killer (NK) cells using the “Monocle” package (version
2.32.0, Cambridge, Massachusetts, USA). Pseudotime trajectory analysis, which arranges
cells into trajectories featuring branching points according to a predetermined set of input
genes, unveiled that distinct branches represent cell populations at unique stages of differ-
entiation. Ultimately, we utilized GSEA to delve into the functional contributions of NK
cells across their various states.

4.12. Drug Screened and Molecular Docking

To explore the interactions between small molecular compounds and CKAP2, we
employed Autodock (Linux version 4.2, La Jolla, California, USA) for molecular dock-
ing. Initially, we curated a list of small molecules known to interact with CKAP2 from
the Comparative Toxicogenomics Database available at http://ctdbase.org/, accessed on
2 October 2024. Next, we retrieved the structural data for these small molecules from
the PubChem database, accessible at https://pubchem.ncbi.nlm.nih.gov/, accessed on
5 October 2024. Subsequently, we sourced the translated biomolecular structure of CKAP2
from the UniProt database, located at https://www.uniprot.org/, accessed on 8 October
2024. We then proceeded with the standard docking procedure to dock these biomolecules
with the small molecular compounds. A docking-free energy of less than −5 kcal/mol was
considered indicative of stable binding between the small molecular compounds and the
biomacromolecules. Finally, we employed PyMol (version 2.6, New York City, USA) to
visualize and interpret the docking results.

4.13. Statistical Analysis

Statistical analyses were conducted using R software (version 4.3.2, Auckland, New
Zealand). To compare differences between various groups, a non-parametric test was
employed. Additionally, the log-rank test was employed to evaluate disparities in survival
probabilities across samples, with statistical significance determined by a p-value less than
0.05. Additionally, Pearson correlation analysis was conducted to measure correlations,
with significance thresholds indicated as follows: * p < 0.05, ** p < 0.01, *** p < 0.001, and
**** p < 0.0001.

5. Conclusions
In this study, we have, for the first time, comprehensively elucidated the intricate

relationship between CKAP2 expression, clinical prognosis, and immune cell infiltration
in GC. This discovery may enhance our understanding of CKAP2’s role in gastric carcino-
genesis and offer fresh insights into potential therapeutic avenues for GC treatment. Our
findings specifically highlight that CKAP2 is highly expressed in GC, and notably, this
elevated expression is associated with a more favorable prognosis. Furthermore, CKAP2
may exert its influence on GC by modulating the cell cycle, cell proliferation, and cellu-

http://ctdbase.org/
https://pubchem.ncbi.nlm.nih.gov/
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lar senescence. Additionally, we noted a notable correlation between CKAP2 expression
and the infiltration of diverse immune cell types, suggesting a potentially pivotal role
for CKAP2 in the differentiation process of NK cells. Lastly, we conducted a screen for
drugs targeting CKAP2, providing fresh perspectives on targeted therapy for GC. These
discoveries not only enhance our comprehension of CKAP2’s role in GC but also may open
up new avenues for potential therapeutic interventions for this devastating disease.
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com/article/10.3390/ijms26041557/s1.

Author Contributions: X.L.: Conceptualization and Methodology; H.W.: Project administration
and Methodology; W.Z.: Data curation; H.W. and X.L.: Formal analysis; W.Y.: Funding acquisi-
tion, Writing—review and editing. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets generated and analyzed during the current study are
available in the GWAS Catalog, GTEx, CellAge, UCSC repository, and GEO database, including
TCGA-STAD, GSE66229, GSE84437, and GSE228598.

Acknowledgments: Thanks to public databases such as GWAS Catalog, GTEx, CellAge, UCSC
repository, and GEO database for sharing their datasets for analysis.

Conflicts of Interest: The authors declare that they have no competing interest in this section.

References
1. Hou, W.; Zhao, Y.; Zhu, H. Predictive Biomarkers for Immunotherapy in Gastric Cancer: Current Status and Emerging Prospects.

Int. J. Mol. Sci. 2023, 24, 15321. [CrossRef] [PubMed]
2. Sung, H.; Ferlay, J.; Siegel, R.L.; 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 J. Clin. 2021, 71, 209–249. [CrossRef]
[PubMed]

3. Orditura, M.; Galizia, G.; Sforza, V.; Gambardella, V.; Fabozzi, A.; Laterza, M.M.; Andreozzi, F.; Ventriglia, J.; Savastano, B.;
Mabilia, A.; et al. Treatment of gastric cancer. World J. Gastroenterol. 2014, 20, 1635–1649. [CrossRef]

4. Joshi, S.S.; Badgwell, B.D. Current treatment and recent progress in gastric cancer. CA A Cancer J. Clin. 2021, 71, 264–279.
[CrossRef]

5. Balachandran, V.P.; Gonen, M.; Smith, J.J.; DeMatteo, R.P. Nomograms in oncology: More than meets the eye. Lancet Oncol. 2015,
16, e173–e180. [CrossRef]

6. Shah, M.A.; Ajani, J.A. Gastric cancer--an enigmatic and heterogeneous disease. JAMA 2010, 303, 1753–1754. [CrossRef] [PubMed]
7. Noh, S.H.; Park, S.R.; Yang, H.-K.; Chung, H.C.; Chung, I.-J.; Kim, S.-W.; Kim, H.-H.; Choi, J.-H.; Kim, H.-K.; Yu, W.; et al.

Adjuvant capecitabine plus oxaliplatin for gastric cancer after D2 gastrectomy (CLASSIC): 5-year follow-up of an open-label,
randomised phase 3 trial. Lancet Oncol. 2014, 15, 1389–1396. [CrossRef] [PubMed]

8. Wang, J.; Shao, X.; Liu, Y.; Shi, R.; Yang, B.; Xiao, J.; Liu, Y.; Qu, X.; Li, Z. Mutations of key driver genes in gastric cancer metastasis
risk: A systematic review and meta-analysis. Expert Rev. Mol. Diagn. 2021, 21, 963–972. [CrossRef]

9. Ooki, A.; Osumi, H.; Yoshino, K.; Yamaguchi, K. Potent therapeutic strategy in gastric cancer with microsatellite instability-high
and/or deficient mismatch repair. Gastric Cancer Off. J. Int. Gastric Cancer Assoc. Jpn. Gastric Cancer Assoc. 2024, 27, 907–931.
[CrossRef]

10. Zhang, S.; Shen, Y.; Liu, H.; Zhu, D.; Fang, J.; Pan, H.; Liu, W. Inflammatory microenvironment in gastric premalignant lesions:
Implication and application. Front. Immunol. 2023, 14, 1297101. [CrossRef]

11. Song, X.; Zhang, W.; Jia, T.; Ma, Y. Phospholysine Phosphohistidine Inorganic Pyrophosphate Phosphatase Regulates Oxidative
Stress Response to Affect the Progression of Gastric Cancer. Altern. Ther. Health Med. 2024, 30, 450. [PubMed]

12. Wang, X.; Dong, Y.; Zhang, H.; Zhao, Y.; Miao, T.; Mohseni, G.; Du, L.; Wang, C. DNA methylation drives a new path in gastric
cancer early detection: Current impact and prospects. Genes Dis. 2024, 11, 847–860. [CrossRef]

https://www.mdpi.com/article/10.3390/ijms26041557/s1
https://www.mdpi.com/article/10.3390/ijms26041557/s1
https://doi.org/10.3390/ijms242015321
https://www.ncbi.nlm.nih.gov/pubmed/37895000
https://doi.org/10.3322/caac.21660
https://www.ncbi.nlm.nih.gov/pubmed/33538338
https://doi.org/10.3748/wjg.v20.i7.1635
https://doi.org/10.3322/caac.21657
https://doi.org/10.1016/S1470-2045(14)71116-7
https://doi.org/10.1001/jama.2010.553
https://www.ncbi.nlm.nih.gov/pubmed/20442394
https://doi.org/10.1016/S1470-2045(14)70473-5
https://www.ncbi.nlm.nih.gov/pubmed/25439693
https://doi.org/10.1080/14737159.2021.1946394
https://doi.org/10.1007/s10120-024-01523-4
https://doi.org/10.3389/fimmu.2023.1297101
https://www.ncbi.nlm.nih.gov/pubmed/38551428
https://doi.org/10.1016/j.gendis.2023.02.038


Int. J. Mol. Sci. 2025, 26, 1557 18 of 19

13. Lou, J.; Geng, S.; He, W.; Liu, S.; Shi, X.; Chang, Y.; Han, S.; Qian, P.; Amin, H.M.; Song, Y.; et al. Zyxin inhibits the epithelial-
mesenchymal transition process in gastric cancer by upregulating SIRT1. MedComm 2023, 4, e357. [CrossRef] [PubMed]

14. Cai, Y.; Song, W.; Li, J.; Jing, Y.; Liang, C.; Zhang, L.; Zhang, X.; Zhang, W.; Liu, B.; An, Y.; et al. The landscape of aging. Sci. China
Life Sci. 2022, 65, 2354–2454. [PubMed]

15. Childs, B.G.; Durik, M.; Baker, D.J.; van Deursen, J.M. Cellular senescence in aging and age-related disease: From mechanisms to
therapy. Nat. Med. 2015, 21, 1424–1435. [CrossRef] [PubMed]

16. Rossiello, F.; Jurk, D.; Passos, J.F.; d’Adda di Fagagna, F. Telomere dysfunction in ageing and age-related diseases. Nat. Cell Biol.
2022, 24, 135–147. [CrossRef]

17. Li, G.; Yan, K.; Zhang, W.; Pan, H.; Guo, P. ARDS and aging: TYMS emerges as a promising biomarker and therapeutic target.
Front. Immunol. 2024, 15, 1365206. [CrossRef] [PubMed]

18. Schumacher, B.; Pothof, J.; Vijg, J.; Hoeijmakers, J.H.J. The central role of DNA damage in the ageing process. Nature 2021, 592,
695–703. [CrossRef] [PubMed]

19. Wang, Z.; Chen, C.; Ai, J.; Shu, J.; Ding, Y.; Wang, W.; Gao, Y.; Jia, Y.; Qin, Y. Identifying mitophagy-related genes as prognostic
biomarkers and therapeutic targets of gastric carcinoma by integrated analysis of single-cell and bulk-RNA sequencing data.
Comput. Biol. Med. 2023, 163, 107227. [CrossRef] [PubMed]

20. Jiang, Y.; Li, T.; Liang, X.; Hu, Y.; Huang, L.; Liao, Z.; Zhao, L.; Han, Z.; Zhu, S.; Wang, M.; et al. Association of Adjuvant
Chemotherapy With Survival in Patients With Stage II or III Gastric Cancer. JAMA Surg. 2017, 152, e171087. [CrossRef]

21. Maouche-Chrétien, L.; Deleu, N.; Badoual, C.; Fraissignes, P.; Berger, R.; Gaulard, P.; Roméo, P.H.; Leroy-Viard, K. Identification
of a novel cDNA, encoding a cytoskeletal associated protein, differentially expressed in diffuse large B cell lymphomas. Oncogene
1998, 17, 1245–1251. [CrossRef]

22. Jin, Y.; Murakumo, Y.; Ueno, K.; Hashimoto, M.; Watanabe, T.; Shimoyama, Y.; Ichihara, M.; Takahashi, M. Identification of a
mouse cytoskeleton-associated protein, CKAP2, with microtubule-stabilizing properties. Cancer Sci. 2004, 95, 815–821. [CrossRef]
[PubMed]

23. Hong, K.U.; Choi, Y.B.; Lee, J.H.; Kim, H.J.; Kwon, H.R.; Seong, Y.S.; Kim, H.T.; Park, J.; Bae, C.D.; Hong, K.M. Transient
phosphorylation of tumor associated microtubule associated protein (TMAP)/cytoskeleton associated protein 2 (CKAP2) at
Thr-596 during early phases of mitosis. Exp. Mol. Med. 2008, 40, 377–386. [CrossRef] [PubMed]

24. Kitada, T.; Asakawa, S.; Hattori, N.; Matsumine, H.; Yamamura, Y.; Minoshima, S.; Yokochi, M.; Mizuno, Y.; Shimizu, N. Mutations
in the parkin gene cause autosomal recessive juvenile parkinsonism. Nature 1998, 392, 605–608. [CrossRef] [PubMed]

25. Sim, S.H.; Bae, C.-D.; Kwon, Y.; Hwang, H.-L.; Poojan, S.; Hong, H.-I.; Kim, K.; Kang, S.-H.; Kim, H.-S.; Um, T.-H.; et al. CKAP2
(cytoskeleton-associated protein2) is a new prognostic marker in HER2-negative luminal type breast cancer. PLoS ONE 2017, 12,
e0182107. [CrossRef]

26. Kim, Y.-W.; Eom, B.W.; Kook, M.-C.; Kim, H.-S.; Kim, M.-K.; Hwang, H.-L.; Chandra, V.; Poojan, S.; Song, Y.; Koh, J.-S.; et al.
Clinical implications of proliferation activity in T1 or T2 male gastric cancer patients. Exp. Mol. Med. 2015, 47, e193. [CrossRef]
[PubMed]

27. Kim, H.S.; Koh, J.S.; Choi, Y.B.; Ro, J.; Kim, H.K.; Kim, M.K.; Nam, B.H.; Kim, K.T.; Chandra, V.; Seol, H.S.; et al. Chromatin
CKAP2, a new proliferation marker, as independent prognostic indicator in breast cancer. PLoS ONE 2014, 9, e98160. [CrossRef]

28. Gao, Y.; Liu, X.; Li, T.; Wei, L.; Yang, A.; Lu, Y.; Zhang, J.; Li, L.; Wang, S.; Yin, F. Cross-validation of genes potentially associated
with overall survival and drug resistance in ovarian cancer. Oncol. Rep. 2017, 37, 3084–3092. [CrossRef]

29. van Diest, P.J.; Brugal, G.; Baak, J.P. Proliferation markers in tumours: Interpretation and clinical value. J. Clin. Pathol. 1998,
51, 716–724. [CrossRef]

30. van Diest, P.J.; van der Wall, E.; Baak, J.P. Prognostic value of proliferation in invasive breast cancer: A review. J. Clin. Pathol. 2004,
57, 675–681. [CrossRef]

31. Prayson, R.A. Malignant meningioma: A clinicopathologic study of 23 patients including MIB1 and p53 immunohistochemistry.
Am. J. Clin. Pathol. 1996, 105, 719–726. [CrossRef] [PubMed]

32. Lee, J.R.; Joshi, V.; Griffin, J.W., Jr.; Lasota, J.; Miettinen, M. Gastrointestinal autonomic nerve tumor: Immunohistochemical and
molecular identity with gastrointestinal stromal tumor. Am. J. Surg. Pathol. 2001, 25, 979–987. [CrossRef] [PubMed]

33. Pich, A.; Chiusa, L.; Navone, R. Prognostic relevance of cell proliferation in head and neck tumors. Ann. Oncol. Off. J. Eur. Soc.
Med. Oncol. 2004, 15, 1319–1329. [CrossRef]

34. Tsamandas, A.C.; Kardamakis, D.; Tsiamalos, P.; Liava, A.; Tzelepi, V.; Vassiliou, V.; Petsas, T.; Vagenas, K.; Zolota, V.; Scopa,
C.D. The potential role of Bcl-2 expression, apoptosis and cell proliferation (Ki-67 expression) in cases of gastric carcinoma and
correlation with classic prognostic factors and patient outcome. Anticancer Res. 2009, 29, 703–709. [PubMed]

35. Lazăr, D.; Tăban, S.; Sporea, I.; Dema, A.; Cornianu, M.; Lazăr, E.; Goldiş, A.; Vernic, C. Ki-67 expression in gastric cancer. Results
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